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ABSTRACT ARTICLE HISTORY
Floods represent the natural hazards that generate the most damage at the inter- Received 2 April 2025
national level. A very important stage in the flood risk management activity is the Accepted 10 August 2025
mapping of areas susceptible to these hazards. In this context, in the present study,
the following 3 hybrid models were applied to determine flood susceptibility in Putna
river basin, Romania: Randon Committee-Weights of Evidence (RC-WOE), Random river basin: machine
SubSpace-Weights of Evidence (RSS-WOE) and Randomizable Filtered Classifier - learning; b,ivariate statistics;
Weights of Evidence (RFC — WOE). 14 flood predictors and 192 flood locations (divided hybrid models

into 70% training sample and 30% validating sample) were used as input data in the

3 models. The applied models confirmed the fact that the most important flood pre-

dictors are: slope angle, distance from rivers and elevation. At the same time, around

24% of the study area shows a high and very high susceptibility to floods. The ROC

Curve method along with other statistical metrics, used to validate the applied mod-

els, showed that the accuracy of the models generally exceeded 80%, which repre-

sents a very good performance. The obtained results provide useful information for

the authorities responsible for reducing the flood risk. Also, the future planning of the

territory can obviously take into account the zoning of flood susceptibility.
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1. Introduction

Floods are among the most destructive natural hazards worldwide, causing extensive damage to infra-
structure, ecosystems, and human life (Duwal et al. 2023; Liao et al. 2024). The global vulnerability to
flooding has increased by more than 40% over the past 2 decades (Wahba et al. 2024). These events
account for significant economic losses annually, with global figures exceeding $20 billion and affecting
millions of people (Abbass et al. 2022). Romania is one of the European countries most affected by
floods. The year 2024 was marked by massive floods that affected Romania in September. According to
the General Inspectorate for Emergency Situations from Romania, the floods affected 15,000 people,
dozens of localities in 2 counties and caused a number of six deaths. The frequency and intensity of
floods are projected to increase in the coming decades due to the combined effects of climate change
(Roohi et al. 2024), urbanization, and socio-economic developments (Sesana et al. 2021). This situation
shows how important it is to identify flood-prone areas and how great the need is to mitigate risks,
reduce damage and increase resilience (Bhattarai et al. 2024).

Traditional methods for assessing flood susceptibility, such as hydrological and hydraulic modeling,
have provided valuable insights but face limitations when addressing the multifactorial and dynamic
nature of flood occurrences (Karim et al. 2023). In recent years, there has been a significant increase in
advances in technologies associated with geographic information systems and remote sensing that allow
rapid assessment and mapping of flood susceptibility (Bentivoglio et al. 2022; Zhu et al. 2024). It is
now possible to integrate and analyze different data sets, such as topographic, hydrological, and land
use factors, in geographic information systems (GIS) and remote sensing, which are crucial to
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predicting flood-prone areas (Pourzangbar et al. 2025). The integrated use of these methods with new
artificial intelligence techniques (Support Vector Machines (SVM), Artificial Neural Networks (ANN),
Adaptive Neuro-Fuzzy Inference Systems (ANFIS), Decision Trees (DT), etc.) has rapidly increased the
accuracy of flood susceptibility estimates (Hinge et al. 2024; Al-Sheriadeh and Daqdouq 2024). Thus,
these methods generally require as input a set of flood predictors as independent variables along with a
dependent variable represented by flood historical locations.

The effectiveness of machine learning models is also increased by using them together with bivariate
statistical techniques such as frequency ratio (FR), index of entropy (IOE) (Kader et al. 2024). Also,
Multicriteria Decision Making Analysis (MCDM) is another category of models that are used very suc-
cessfully together with artificial intelligence models for estimating flood susceptibility (Hasan et al.
2023). These approaches help quantify the influence of each factor, such as slope, elevation, precipita-
tion and proximity to water bodies, on flood risk.

According to the Floods Directive 2007/60/EC, mapping of flood-prone areas is a crucial step in
order to improve the management of these risks and to support the authorities in charge of this task
(Santos et al. 2024). These maps can provide emergency management teams with critical information
for the development of early warning systems, evacuation plans and community preparedness plans
(Arosio et al. 2024). In this way, material and human losses can be significantly reduced (Dyca et al.
2024).

A very important step in this process of creating flood maps is the selection of the factors condition-
ing the floods of this phenomenon (Varra et al. 2024). This is a key point in the entire procedure
because flood predictors help to understand the characteristics of the land surface that can favor the
formation of these hazards (Hoang and Liou 2024). In general, in this type of studies, the main predic-
tors are the slope of the relief, the altitude, the hydrological factors, such as the proximity to rivers and
the intensity of precipitation and the way of using the lands that influence the retention and runoff of
water (Qasimi et al. 2024). For this reason, it is very important that the spatial data sets from which
these factors are extracted have a high precision.

Taking into account all the exposed elements, the present research work aims to evaluate the flood
susceptibility on Putna river basin from Romania using a number of 14 flood predictors that will repre-
sent input data for the hybrid models: Randon Committee-Weights of Evidence (RC-WOE), Random
SubSpace-Weights of Evidence (RSS-WOE) and Randomizable Filtered Classifier - Weights of Evidence
(RFC - WOE). Certainly, these models will have as input data the locations of historical floods that
occurred in the Putna River basin. To validate the results, the ROC Curve method and several statistical
metrics will be used. The three combinations of the three randomizable models with WOE were chosen
over other ensemble models because they have a better generalization capacity given the following char-
acteristics: (i) Random Committee creates a set of classifiers of the same type, but with different param-
eters, thus reducing overfitting; (ii) Random Subspace operates on subsets of features, increasing the
diversity of classifiers and the stability of the prediction; iii) Randomizable Filtered Classifier (RFC)
applies preprocessing to the data before learning, reducing the influence of noisy data. Other examples
of ensemble models for assessing flood susceptibility are: Bagging (Saikh and Mondal 2023); Rotation
Forest — Deep Learning (Li and Hong 2023); XGBoost-Boruta (Habibi et al. 2023); Bagging-Best First
Decision Tree (Pham et al. 2021); CatBoost; Stacking ensemble (Ilia et al. 2022).

2, Study area

Putna River Basin, is situated in the central-eastern part of Romania. The surface of the study area has
approximately 2,499 square kilometers. From the global location point of view, this is framed by the
following coordinates: latitudes 45°31’N and 46°2’N, and longitudes 26°22"'E and 27°29’E (Figure 1).
The study zone covers three major geographical regions of Romania: the Eastern Carpathians, the
Subcarpathians, and the Romanian Plain (Costache and Bui 2019). The high variability in terms of alti-
tude (from 14 to 1786 meters) significantly influences the hydrological processes in the area. From a
climatic point of view, an average of 800 mm of precipitation per year is noted. Of major concern for
floods and flash floods are the intense precipitation events that occur mainly during spring and early
summer (Grecu et al. 2017). These can cause rapid runoff on slopes and further potential flooding in
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Figure 1. Study area location.
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areas where the slope of the relief allows stagnation and accumulation of water. From a land use per-

spective, the river basin is covered in a proportion of 53.3% by forest. Agricultural areas account for
about 18.1%, while pastures represent 10.2%.

Over time, the study area was seriously affected by floods. From this point of view, the year 2005

remains a reference because very large economic losses were recorded (Costache et al. 2022). According
to the National Inspectorate for Emergency Situation from Romania, in that year (2005) there were

material losses of about eight million euros. Approximately 14 localities were flooded, with a total
population of about 21,000 people. Citizens from 41 communes and 3 cities felt the effects of the disas-
ter. About 3,700 people were evacuated. Another 20,000 were isolated due to destroyed roads, bridges

and access roads. Approximately 170 km of main roads were affected, while 26,000 hectares of agricul-
ture areas were devastated (Figure 2).

Such events show how important preliminary hazard assessments are so that appropriate measures
can be taken to reduce the risk and vulnerability to these disasters.
3. Data

3.1. Flood inventory

The flood inventory for the Putna River Basin was based on the locations collected from various sour-
ces, most of them being taken from the General Inspectorate for Emergency Situations of Romania.
Therefore, a number of 132 locations were identified that were affected by the floods. These locations
are randomly distributed on the study area taking into account a uniform location on the three major
relief units. In order to ensure the objectivity of the study, but also to increase the accuracy of the
results, a second set of data was additionally generated, numbering 132 locations that were not affected
by floods (non-floods). The entire data set was further divided into two distinct sub-sets. Thus, 70% of

the total locations were included in the training dataset, while 30% of them were assigned to the
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Figure 2. (a) Effects of flood occurred on Putna river in Nereju locality in July 2005; (b) Effects of flood occurred on
Putna river in Vadu Rosca locality in July 2005 (Source: National Inspectorate for Emergency Situation from Romania).

validation dataset. In training, 70% of the data samples are used for learning patterns, while 30% is
used for validation to test performance on unknown data. This minimizes overfitting and ensures the
model generalizes to other areas or periods (Tehrany et al. 2014).

3.2. Flood conditioning factors

The identification of the most suitable environmental factors for flood susceptibility assessment is a
critical step in the modeling process (Al-Kindi and Alabri 2024). These geographical factors can be clas-
sified into several categories such as: topographical factors, hydrological factors, climatic factors and
factors related to land use. Each of these factors has a determining role regarding the characteristics of
floods (Al-Juaidi et al. 2018). The topographic or morphometric factors were obtained by derivation
from the Digital Terrain Model taken from the SRTM database at 30 m.

3.2.1. Morphometric predictors
Morphometric features strongly influence runoff, water retention, and flow pathways.

3.2.1.1. Slope angle. The slope angle significantly influences, through the action of gravity, both the
volume of water that drains to the surface and the retention capacity of the various areas (Liu et al.
2025). In the present case study, the values of slope are classified into the next classes: <3°, 3°-7°, 7°-
15°, 15°-25°, and >25° (Figure 3f). Surfaces with slopes below 3° are very frequently prone to flooding
due to poor drainage.

3.2.1.2. Elevation. Lower elevation areas are generally more prone to flooding, as they are closer to river
systems and accumulate surface water. Elevation is typically divided into altitude classes, such as <200 m,
200-400 m, 400-600 m, 600-800 m, 800-1000m, 1000-1200 m, 1200-1400m, and >1400m (Figure 3e).
These categories allow for precise mapping of flood-prone lowland regions (Al-Juaidi et al. 2018).

3.2.1.3. Aspect. The aspect of slopes generates a huge influence on some parameters like soil moisture
and surfaces temperature which can further influence the snow melting process. Aspect values are catego-
rized into directional classes, including north, northeast, east, southeast, south, southwest, west, northwest,
and flat zones (Figure 4e), each influencing water retention differently (Nachappa et al. 2020).

3.2.1.4. Topographic position index (TPI). By comparing the altitude of a cell with the altitude of the
other cells in the surroundings, TPI can very precisely identify the areas corresponding to the river val-
leys. Common TPI classes include ranges such as (-35.39)-(-4.79), (-4.79)-(-1.57), (-1.57)-1.32, 1.32-
4.86, and 4.86-46.73 (Figure 4b). Depressions indicated by lower values are more likely to accumulate
water (Costache and Bui 2019).
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Aspect; e. SPI; f. TPI) (source: Costache and Bui (2019)).

3.2.1.5. Stream power index (SPI). SPI measures the erosive power of flowing water and is calculated
from slope and upstream area. It is divided into classes such as 0-50, 50-200, 200-500, 500-1000, and
>1000 (Figure 4d). Higher SPI values suggest stronger water flow and increased susceptibility to ero-
sion and flooding.

3.2.1.6. Topographic wetness index (TWI). TWI highlights areas where water is likely to accumulate,
combining slope and catchment area. It is classified into ranges such as (-9.07) — 4.36, 4.36-8.29, 8.29-
11.69, 11.69-14.81, and 14.81-25.54 (Figure 3h). Higher TWI values indicate regions with greater water
retention potential.

3.2.1.7. Profile curvature. The speed of water flow is decisively influenced by the direction of the vertical
slope. This direction of the slope is captured by the Curvature values in the profile. The positive values of
the curvature in the profile show the areas with decelerated leakage, while the negative values highlight
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the surfaces on which the leakage manifests itself in an accelerated manner. In our case study, the values
of profile curvature were grouped into three classes: (-5.65)-(-0.1), (-0.1)-0.1, and 0.1-3.97 (Figure 4f).

3.2.1.8. Plan curvature. The contour line formed by the intersection of a horizontal plane with the ter-
rain surface defines plan curvature, a morphometric quantity. Plan curvature values highlight locations
with divergent and convergent runoff. Using expert judgment, three classes were established: (-3.07) -
(-0.1), (-0.1)-0.1, and 0.1-2.89 (Figure 3c). Convergent zones are exposed to water accumulation.

3.2.1.9. Convergence index. Many research employed the convergence index, which is obtained from
DEM, to measure flood or flash-flood risk. The positive values highlight the presence of interfluvial surfa-
ces, whilst the negative values demonstrate a notable degree of hydrographic convergence. The next five
classes were established for this index: (-96) to (-3) - highlighting convergent zones, exposed to water
accumulation and high flood risk; (-3) to (-2) - highlighting some medium convergent areas; (-2) to
(-1) - highlighting the slightly convergent zones; (-1) to 0 — showing the Near-neutral zones from the
convergence point of view; 0 to 95 (Figure 3g), representing minimal convergence or divergence.

3.2.2. Hydrological predictors
Hydrological attributes are fundamental to flood susceptibility, shaping water movement and accumula-
tion patterns.

3.2.2.1. Distance to rivers. Proximity to rivers is a critical factor, as areas closer to watercourses are
more vulnerable. The Euclidean distance to rivers is divided into classes such as 0-50m, 50-100 m,
100-150 m, 150-200 m, 200-400 m, 400-700 m, 700-1000 m, and >1000m (Figure 4c). Regions within
50 m of rivers exhibit the highest flood risks (Nachappa et al. 2020).

3.2.2.2. Hydrological soil groups (HSG). HSG categorizes soils based on their infiltration capacity, influ-
encing runoff. Soils are classified into four groups: A, B, C, and D. Group A soils have high infiltration
rates and low runoff potential, while Group D (Figure 3a) soils exhibit low infiltration and high runoff.

3.2.2. 3. Climatic predictors
Climatic factors, especially precipitation, play a significant role in flooding events.

3.2.2.4. Rainfall. Rainfall intensity and distribution drive surface water flow. The spatial variation of
annual average rainfall is often interpolated using methods like spline. Typical classes include 502-
600 mm/year, 600-700 mm/year, 700-800mm/year, 800-900 mm/year, 900-1000mm/year, 1000-
1100 mm/year, and 1100-1214 mm/year (Figure 4a). Higher rainfall values correspond to higher flood
susceptibility (Bannari et al. 2017).

3.2.2.5. Land use and geological predictors
Human activities and geological properties play significant roles in shaping flood dynamics.

3.2.2.6. Land use/Land cover. Land use impacts runoff and water retention. Categories include built-
up areas, agricultural zones, forests, pastures, fruit orchards, shrubs, rivers, and vineyards (Figure 3b).
Urban areas with impervious surfaces are particularly flood-prone.

3.2.2.7. Lithology. Geological characteristics influence water infiltration. Impermeable rocks like clay
promote surface runoff, while permeable rocks like sand facilitate infiltration. Lithological units include
loess deposits, sandstone and schists, clay and marls, conglomerates, and others (Figure 3d).

The percentage of flood pixels within classes/categories can be seen in Figures 5 and 6.

The data source and scale/resolution for each predictor are included in Table 1.

The percentage distribution of flood pixels over the classes/categories of flood predictors are repre-
sented in Figure 4(a-h) and Figure 5(a-f).
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Figure 5. Percentage of flood pixels within classes/categories (a. Lithology; b. Slope angle; c. Plan curvature; d.
Hydrological Soil Groups; e. TWI; f. Land use; g. Convergence Index; h. Elevation) (source: Costache and Bui (2019)).

4, Methods
4.1. OneR attribute Evaluation for feature selection

OneR (One Rule) is a simple yet effective attribute evaluation method used for feature selection in
machine learning tasks (Parsania et al. 2014), including flood susceptibility mapping. The method is
based on the idea of selecting the most predictive single feature (attribute) that can classify the target
variable with the lowest error rate. In the context of flood susceptibility mapping, OneR helps identify
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Figure 6. Percentage of flood pixels within classes/categories (a. Distance from river; b. Profile curvature; c. Rainfall; d.
Aspect; e. SPI; f. TPI) (source: Costache and Bui (2019)).

Table 1. Flood predictors, scale/resolution, and the source of data.

Flood predictor Scale Resolution Source

Lithology 1:200,000 Digital Geological Map of Romania

Slope angle - 30 m Shuttle Radar Topographic Mission (SRTM), 30 m
Plan curvature - 30 m Shuttle Radar Topographic Mission (SRTM), 30 m
HSG 1:200,000 Digital Soil Map of Romania

TWI 30 m Shuttle Radar Topographic Mission (SRTM), 30 m
Land use - 100 m Corine Land Cover, 2018 database

Convergence index - 30m Shuttle Radar Topographic Mission (SRTM), 30 m
Elevation - 30 m Shuttle Radar Topographic Mission (SRTM), 30 m
Distance from river - 30 m

Rainfall - 30 m

Profile curvature - 30 m Shuttle Radar Topographic Mission (SRTM), 30 m
Aspect - 30 m Shuttle Radar Topographic Mission (SRTM), 30 m
SPI - 30 m Shuttle Radar Topographic Mission (SRTM), 30 m
TPI - 30 m Shuttle Radar Topographic Mission (SRTM), 30 m

the most influential predictors (e.g. rainfall, slope, elevation, soil type, etc.) that are strongly associated
with the occurrence of floods. The OneR method evaluates the predictive power of each feature (attri-
bute) by constructing a single rule based on that feature and calculating its error rate. The general pro-
cess can be summarized mathematically as follows:

For a given feature X, OneR constructs a rule that maps each value or range of values of X to the
most frequent class C in the target variable Y (Muda et al. 2011).
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Let X be a feature with m distinct values/ranges: X = {x1, x2, ..., x,}.

Let Y be the target variable with 2 classes: Y={y;, ¥,} (flood and non-flood).

For each value x; of X, the rule assigns the class C; that appears most frequently in the dataset for
that value:

C; = argmax Count (Y = y;|X = y;) (1)
Yi

The OneR method was chosen for feature selection because, compared to other methods such as
Information Gain Ratio, it directly tests the classification ability and prioritizes the practical effective-
ness and not just the theoretical one of the predictors. Also, OneR does not combine variables, but
evaluates them individually. Also, OneR can automatically eliminate redundant or collinear variables
(Bagherzadeh-Khiabani et al. 2016).

4.2. Weights of Evidence

The Weights of Evidence (WoE) method is a model related to bivariate statistical techniques. This
method is based on Bayes’ conditional probability theorem and quantifies the spatial relationship
between floods and their predictors. For this reason, this method is a widely used tool in studies of sus-
ceptibility to natural hazards. It assigns positive weights (W™) for factors favoring flood occurrence and
negative weights (W") for those linked to the absence of floods. These weights are then used to create
susceptibility maps by integrating spatial relationships across multiple factors. The negative and positive
weights are calculated as follows (Costache 2019a):
Npixy
Wt =In 7NP”;‘,;ZP”‘2 (1)
Npix3+Npixy
Npix,
W™ =1In Nif”’;;ij"’“ )
Npixs-+Npixy
where Npix; is the number of pixels with torrentiality in the class; Npix, is the number of pixels with
torrentiality from outside the class; Npix; is the number of pixels in the class without torrentiality;
Npix, is the number of pixels without torrentiality from outside of the class; W is the positive weight
and W™ is the negative weight.
The final coefficients values determined through WoE model, can be computed with the above for-
mula (Costache 2019a):

Wf = Wplus + Wmin total — Wmin (3)

where Wplus is the positive weight of a class factor, Wmin is the negative weight of a class factor,
Wmin total is the total of all negative weights in a multiclass map.

4.3. Random Committee (RC) model

Random Committee is an ensemble machine learning algorithm that builds multiple instances of a base
learning model (often decision trees or other classifiers) on the same dataset with different random
seeds. The final output is produced by averaging the predictions (for regression tasks) or voting (for
classification tasks) of all the individual models in the ensemble (Niranjan et al. 2018). This algorithm
is part of the ensemble learning family, where the primary objective is to improve model performance
by combining the predictions of several individual models. The strength of the RC model lies in its
ability to reduce variance and enhance predictive accuracy, particularly in datasets with high complexity
or noise. This method is particularly effective for flood susceptibility assessments as it reduces predic-
tion variance and improves generalization.

In the following rows the training and prediction phases are described (Lira et al. 2007).

Training phase: let D = {X,Y} represent the dataset, where X = {xy, X, ..., x,,} is a set of flood pre-
dictors (e.g. slope, rainfall, TWI), and Y={y;, y»..., y,} is the corresponding flood susceptibility
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classification or index. Then, RC trains k base models {M;, M,, ..., M, }, each initialized with a unique
random seed r;:

M; = Train(D,r;), i=12,...,k (4)

Here r; introduces diversity in the models by affecting how they learn relationships between flood
predictors and flood susceptibility.

Prediction phase: For a new input x (e.g. a location with predictor values like slope and rainfall),
each base model M; generates a prediction y;(x). Thus, the outputs y;(x) are categorical flood suscepti-
bility classes (e.g. very low, low, medium, high, very high). The final prediction y* is determined by
majority voting:

y* = Mode (yl(x),yz(x), ...,yk(x)) (5)

where Mode(e) identifies the most frequently predicted class.

Flood susceptibility models often assign weights to predictors (w;) to determine their influence on
the final susceptibility index. The formula for the flood susceptibility index (FSI) using the Random
Committee ensemble can be expressed as:

k m
1
FSI(x) = E; (; wjxj> (6)
Where: k is the number of base models in the ensemble; m is the number of flood predictors; w; is

the weight assigned to the j-th predictor by the base models; x; is the value of j-th predictor for the
location x.

4.4. Random SubSpace (RSS)

The Random SubSpace (RSS) algorithm is an ensemble learning method that builds robust predictive
models by training multiple classifiers on randomly selected subsets of features (subspaces) (Talukdar
et al. 2021). This approach enhances the diversity of the ensemble and reduces the risk of overfitting,
making it particularly suitable for flood susceptibility assessment, where feature-rich spatial and hydro-
logical datasets are common. In the following rows are presented the main algorithm principles and
equations (Swarna et al. 2022).

RSS first step is represented by the Random Feature Subsampling. Given a dataset with N observa-
tions and M features (X = {x;, x5 ..., xp}), the RSS algorithm generates T base classifiers. For each
base classifier, a subset of m features (m < M) is selected randomly without replacement. The selected
feature set for the t-th classifier is:

Xi = {x1, X2, ..., Xim}, where j; € {1, 2, ..,M}, and |Xt| = m.
The value of m is often a hyperparameter, typically chosen as:
m= VM or = log,(M) + 1,

depending on the dataset’s dimensionality and the chosen base classifier.

RSS second step resides in the training base classifiers. Thus, each base classifier h;, is trained on the
dataset using only the selected feature subset X;. For an observation x; (a vector of features), the output
of the t-th classifier is:

hi(x;) = ClassLabel or h:(x;) = p(ck|xi),

where ¢ is the probability of class k (e.g. flood-prone or non-flood-prone) for observation x;.
The predictions of all T base classifiers are combined to produce the final prediction. For classifica-
tion tasks like flood susceptibility, majority voting is commonly used:

T
H(x;) = arg maxz (A (x;) = cx) )
% =
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where II is an indicator function:

() = ) = { Lo if hulxi) = c ®)

0, otherwise.

For probabilistic outputs, the predictions are averaged:
1T
H(x;) = arg max - ;p(ck|xi) )

After training, the model predicts flood susceptibility for all spatial units (e.g. pixels in a GIS grid).
Each location is classified into susceptibility classes (e.g. low, moderate, high) based on the aggregated
output H(x;).

Input Data: A flood susceptibility dataset with M features, such as: x; — Elevation; x, — Slope; x3 -
Rainfall; x, - Distance to rivers; x5 — Soil type, etc. The target variable (y) represents flood susceptibility
as a binary classification (e.g. 1: flood-prone, 0: not flood-prone) or multi-class (e.g. low, moderate,
high).

4.5. Randomizable filtered classifier (RFC)

The Randomizable Filtered Classifier is a machine learning model based on feature preprocessing and
classification by using some filters. By means of this approach, the framework necessary for the applica-
tion of data conversion or filtering techniques is created (Alam et al. 2021). Thus, this model becomes
very useful in terms of improving the performance of flood susceptibility assessment (Shahdad and
Saber 2022).

Let X = {x}, x5 ..., xn} represent the input dataset with n samples, where each sample x; has m fea-
tures x; = {Xi;, Xiz ..., Xim}>» and ¥ = {y5, ¥2 ..., yn} represent the corresponding class labels.

The Randomizable Filtered Classifier combines four main components:

4.5.1. Filter (preprocessing step)
A filter is applied to transform the input data before training. Common preprocessing filters in flood
susceptibility assessments include attribute selection (e.g. Principal Component Analysis or ReliefF),
normalization (scaling data to a consistent range), and noise removal (e.g. smoothing spatial data).

The filtering process applies a transformation ¢(-) to the dataset:

X = o(X) (10)

Here, ¢(-) could represent normalization, principal component analysis, or attribute selection. For
example:

e Normalization:

o — o = min(x))) (11)
'~ (max(x) — min(x))
e Principal Component Analysis (PCA):
X = XW (12)

where, W is a matrix of eigenvectors corresponding to the top k principal components.

4.5.2. Base classifier

The filtered data is then passed to a base classifier, which could be any machine learning algorithm
such as Decision Trees, Random Forest, Support Vector Machines, or Naive Bayes. The classifier learns
the relationship between flood-related features and flood susceptibility.
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The transformed dataset X’ is used to train the base classifier f(-), which maps the features to the tar-
get class:

Ji=f(; 0) (13)

where 0 represents the parameters of the base classifier (e.g. decision thresholds in decision trees or
weights in logistic regression).

4.5.3. Randomization
Randomization is introduced at various stages, such as random sampling of features or instances,
randomized parameter selection for the filter or the classifier, and random initialization of model
weights or parameters.

Random Feature Subset Selection: A random subset of features x';, subset is used for training, ensur-
ing diversity:

x;, subset C x! (14)

Parameter Randomization: Parameters of the base classifier 0 are initialized or sampled randomly

from a predefined distribution:

0 ~Du o) (15)

Random Instance Sampling (Bootstrapping): The dataset X’ is bootstrapped to train each iteration of
the classifier:

X/sample ~X (16)

4.5.4. Prediction
The final output of the model is a prediction of flood susceptibility classes for each location, which
could be binary (flood-prone or non-flood-prone) or multi-class (e.g. low, moderate, high
susceptibility).

For a classification task, the final prediction y is determined by the trained classifier. In some cases,
ensemble methods may aggregate predictions:

9, = MajorityVote(fi (x)), 5 (x), ..r fi(x})) (17)

It should be noted that all the three randomization ensembles were configured, run and evaluated
using Weka 3.9 software.

4.6. Results validation methods

4.6.1. ROC curve

The Receiver Operating Characteristic (ROC) curve is a graph used to quantify the accuracy of a classi-
fication model (Mangkhaseum et al. 2024). It shows the ability of the model to distinguish the different
classes. The 2 elements are represented on the curve - the true positive rate (sensitivity) on the y-axis
and the false positive rate (specificity 1) on the x-axis (Al-Juaidi et al. 2018). The measurable element
resulting from the application of the ROC Curve is the area under the curve (AUC), depending on
which a general performance of the model can be established. An AUC value closer to 1 indicates a
highly effective model, whereas a value around 0.5 suggests performance equivalent to random chance.

The AUC can be derived using the next equation (Costache 2019b):

(S TP + S0 TN)

AUC =
(P+N)

(18)

where TP (true positive), TN (true negative) are the sums of flood and non-flood locations correctly
classified.
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4.6.2. Statistical metrics

Statistical measures have an extremely important role in order to estimate the accuracy of the predic-
tion power of the calculation models of the susceptibility to natural hazards. These methods produce
quantitative results regarding the performance of a model by comparing the predicted results with the
observed data (Costache et al. 2022). Below are presented the indices that will be used in this study,
along with their equations:

Sensitivi 1P (19)
n =
ensitivity TP + FN
TN
Specificity = ———— 20
pecificity P4 TN (20)
TP+ TN
A = 21
Y T TP L FP T TN + FN @)
k=Lo"Pe (22)
1 —pe

where P is the sum of flood locations, N is the sum of non-flood locations, FP (false positive) and FN
(false negative) are the number of flood and non-flood locations erroneously classified, k is kappa coef-
ficient, p, is the observed flood locations, and p, is the estimated flood susceptibility locations.

The flowchart of the methodological steps applied in the present research is showed in Figure 7.

5. Results
5.1. Feature selection

The first stage of the processing was represented by the evaluation of the ability to predict the geo-
graphical factors regarding the flood hazard using OneR Attribute Evaluation model. The highest pre-
dictive ability was achieved by the distance to river (0.198), followed by slope angle (0.16), elevation
(0.14), SPI (0.123), convergence index (0.113), profile curvature (0.112), land use (0.09), TPI (0.085),
TWI (0.082), lithology (0.067), aspect (0.053), hydrological soil group (0.04), rainfall (0.034) and plan
curvature (0.023) (Figure 8).

Start
m Flood and Non-Flood locations inventory
(132 flash-flood locations, 132 non-flash-flood locations)
m Selection of 14 flood predictors
(OneR Attribute Evaluation feature selection)

Selection of flood susceptibility models (WOE, RC-WOE, RSS-WOE, RFC-
m WOE)

m Configure and run and evaluate the models performance through Weka
software

—.m—{ Compute Flood Susceptibility Index maps with the 3 selected models ‘

m Validate the FSI results using ROC Curve, Kappa Index, Specificity,
Accuracy, K-index

Figure 7. Flowchart of the methodological steps applied in the present research.




GEOMATICS, NATURAL HAZARDS AND RISK 15

Distance from river
Slope

Elevation

SPI

Convergence index
Profile curvature
Land use

TPI

TWI

Lithology

Aspect

HSG

Rainfall

Plan curvature

=]

0.05 0.1 0.15
OneR coefficient

=
to
=
[

=]

Figure 8. Prediction ability of flood conditioning factors.

5.2. Weights of evidence (WOE) coefficient

Following the derivation of the WOE coefficients, it was found that the highest value resulted for the
category of lands represented by Rivers (WOE = 3.56). In second place is the class below 200 m of the
factor represented by Elevation (WOE = 3.1). Next, the value of 2.9 attributed to the class under 50 m
of the factor represented by Distance to river is noteworthy (Table 2). The calculation of the normal-
ized values of the Weights of Evidence (WOE) coefficients was necessary to bring within the same
range the values of all the geographical factors involved in the procedure for determining the suscepti-
bility to floods. The normalized values of the WOE were assigned to the grids associated with the 14
factors and then brought to each point of the flood and non-flood locations. These values assigned to
flood and non-flood locations constituted input data (independent variable) within the three machine
learning models used in the present study.

5.3. RC-WOE

A ten-fold cross-validation procedure was involved in the training process of RC-WOE combined
model. It should be noted that the Base Classifier was represented by Random Forest algorithm, while
the Discretize method was employed as filter. Also, the number of iterations was set at 100. The per-
formances of this training process were revealed by the following statistics scores: k-statistic=1; Mean
absolute error =0.0161; Root mean squared error =0.0505; Relative absolute error =3.2204%; Root rela-
tive squared error=10.097%. After evaluating the performance of the model training process, it was
used to determine the importance values of the 14 factors regarding the flood hazard. Thus, the hier-
archy was established for the flood predictors importance: Slope (0.132), Distance to rivers (0.098),
Elevation (0.093), Land use (0.090), SPI (0.079), Convergence index (0.073), Profile curvature (0.070),
Rainfall (0.066), Lithology (0.06), TPI (0.056), Plan curvature (0.053), HSG (0.05), TWI (0.042) and
Aspect (0.038) (Figure 9).

The importance values were further used to calculate flood susceptibility by means of Map Algebra
from ArcGIS 10.8. Thus, each importance value was multiplied by the raster related to each predictor
so that the products resulting from the multiplication could then be integrated in a mathematical add-
ition operation. The FSI RC-WOE values were thus derived and were divided into five classes by means
of the Natural Breaks classification (Figure 10a). As can be seen in the central and western part of the
study area, the Very low and Low values of FSI RC-WOE predominate. This is explained by the fact
that the respective area is dominated by high altitudes and very steep slopes of the relief that do not
allow the accumulation and stagnation of water on the surface.
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Table 2. Weights of evidence coefficients.

Factor Class Class pixels Flood pixels wt W~ wf Wiy
Lithology 1 651309 14 -0.43 0.10 -0.40 0.48
2 19032 0 0.00 0.01 -2.50 0.10

3 19510 0 0.00 0.01 -2.50 0.10

4 32990 1 -0.08 0.00 0.05 0.55

5 72392 1 -0.87 0.02 -0.75 0.41

6 17319 0 0.00 0.01 -2.50 0.10

7 318729 2 -1.66 0.10 -1.63 0.26

8 274930 1 -2.21 0.09 -2.17 0.16

9 312505 4 -0.95 0.07 -0.89 0.39

10 264690 5 -0.56 0.04 -0.47 0.46

1 65548 0 0.00 0.02 -2.50 0.10

12 739634 64 0.96 -0.88 1.98 0.90

Slope angle <3° 684268 83 1.30 -2.04 2.08 0.90
3-7° 310480 9 -0.13 0.02 -1.41 0.12

7-15° 1011262 0 0.00 0.45 -1.50 0.10

15-25° 643813 0 0.00 0.26 -1.50 0.10

> 25° 138765 0 0.00 0.05 -1.50 0.10

Plan -3.07 to -0.1 460577 7 -0.78 0.10 -1.77 0.34
curvature -0.1to 0.1 1822918 82 0.31 -1.16 0.58 0.90
0.1-2.89 505093 3 -1.71 0.17 -2.77 0.10

HSG A 419321 15 0.08 -0.02 -0.04 0.63
B 1261176 56 0.30 -0.34 0.49 0.90

C 790380 12 -0.78 0.19 -1.11 0.10

D 317711 9 -0.15 0.02 -0.31 0.50

TWI -9.07 to 4.36 560674 15 -0.21 0.05 -0.24 0.19
4.36-8.29 704169 17 -0.31 0.09 -0.39 0.15

8.29-11.69 816550 21 -0.25 0.09 -0.32 0.17

11.69-14.81 590353 12 -0.48 0.10 -0.57 0.10

14.81-25.54 116006 27 1.95 -0.30 227 0.90

Land use Agriculture zone 507087 30 0.58 -0.19 0.99 0.59
Built-up areas 172094 14 0.90 -0.10 1.21 0.61

Forests 1486366 6 -2.10 0.69 -2.59 0.15

Fruit trees 40743 0 0.00 0.01 -3.00 0.10

Pastures 283144 4 -0.85 0.06 -0.70 0.38

Rivers 44150 29 2.99 -0.36 3.56 0.90

Shrubs 84452 2 -0.33 0.01 -0.13 0.45

Vineyards 170552 7 0.22 -0.02 0.44 0.52

cl -96 to -3 669022 50 0.82 -0.51 1.25 0.90
-3to -2 174471 6 0.04 0.00 -0.04 0.48

-2 to -1 226342 5 -0.40 0.03 -0.51 0.32

-1t0 0 1225291 19 -0.76 0.35 -1.18 0.10

0-95 493462 12 -0.31 0.05 -0.44 0.34

Elevation <200 634620 60 2.87 -0.80 3.10 0.90
(m) 200-400 458363 23 1.52 -0.11 1.07 0.47
400-600 577977 5 0.26 0.18 -0.47 0.14

600-800 332487 4 0.36 0.08 -0.28 0.18

800-1000 231078 0 0.00 0.09 -0.65 0.10

1000-1200 272860 0 0.00 0.10 -0.66 0.10

1200-1400 193243 0 0.00 0.07 -0.63 0.11

>1400 87960 0 0.00 0.03 -0.59 0.12

Distance from river (m) 0-50 128055 68 2.78 -1.30 2.90 0.90
50-100 117809 4 0.03 0.00 -1.14 0.49

100-150 115397 1 -1.34 0.03 -2.54 0.35

150-200 85907 0 0.00 0.03 -5.00 0.10

200-400 394637 8 -0.49 0.06 -1.72 0.43

400-700 528655 4 -1.47 0.17 -2.81 0.32

700-1000 437196 5 -1.06 0.11 -2.35 0.37

> 1000 980932 2 -2.78 0.41 -4.37 0.16

Rainfall (mm/year) 502-600 475654 44 1.03 -0.46 1.16 0.90
600-700 582608 22 0.14 -0.04 -0.16 0.61

700-800 407731 13 -0.03 0.01 -0.37 0.56

800-900 243309 6 -0.29 0.02 -0.65 0.50

900-1000 500904 5 -1.20 0.14 -1.67 0.28

1000-1100 343781 2 -1.74 0.11 -2.18 0.17

1100-1214 234601 0 0.00 0.09 -2.50 0.10

Profile curvature -5.65 to 0.1 415130 1 -2.62 0.15 -3.17 0.10
-0.1to 0.1 1900510 75 0.18 -0.54 0.32 0.90

0.1-3.97 472948 16 0.03 -0.01 -0.37 0.74

Aspect Flat zones 17844 2 1.22 -0.02 1.16 0.90
North 305682 13 0.25 -0.04 0.21 0.31

North—East 462325 13 -0.16 0.03 -0.27 0.19

East 534831 17 -0.04 0.01 -0.12 0.22

(continued)
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Table 2. Continued.

Factor Class Class pixels Flood pixels wt W~ Wf Wiy
South-East 401355 18 0.31 -0.06 0.29 0.33
South 312528 9 -0.14 0.02 -0.23 0.19
South-West 281582 5 -0.62 0.05 -0.75 0.10
West 236970 6 -0.26 0.02 -0.36 0.16
North-West 235471 9 0.15 -0.01 0.09 0.27
SPI 0-50 297174 29 1.08 -0.27 1.48 0.90
50-200 199799 9 0.31 -0.03 0.47 0.50
200-500 232501 6 -0.25 0.02 -0.13 0.26
500-1000 361552 7 -0.53 0.06 -0.46 0.13
>1000 1697562 41 -0.31 0.35 -0.53 0.10
TPI -35.39 to -4.79 158589 1 -1.65 0.05 -2.14 0.19
-4.79 to -1.57 545984 21 0.15 -0.04 -0.24 0.68
-.157 to 1.32 1467093 70 0.37 -0.68 0.61 0.90
1.32-4.86 477919 0 0.00 0.19 -2.50 0.10
4.86-46.73 139003 0 0.00 0.05 -2.50 0.10
Slope
Distance to rivers
Elevation
Land use
SPI

Convergence index
Profile curvature
Rainfall

Lithology

TPI

Plan curvature
HSG

TWI

Aspect

0.

=

0 0.02 0.04 0.06 0.08 0.10 0.12 0.14
mRFC-WOE mRSS-WOE mRC-WOE

Figure 9. Flood predictors importance in 3 ensemble models.

A transition zone can then be observed in which the average FSI RC-WOE values predominate,
while the low zone of the studied region is dominated by High and Very high values. This fact is pri-
marily due to the angle of the slope, which is almost equal to 0, allowing an intense accumulation of
water and favoring the occurrence of floods. From the point of view of the weights of the five classes
within the study area, we can observe the following situation: Very low (19%), Low (28%), Medium
(29%), High (12%) and Very high (12%) (Figure 11).

5.4. Rss-WOE

Also, in this case a ten-fold cross-validation procedure was involved in the training process of RSS-
WOE combined model, having as Classifier the REPTRee algorithm. Further, the number of execution
slots or threads that were used for constructing the ensemble was established to five. The next param-
eter represented by the number of iterations was set at 10, while the value of 1 was assigned to the ran-
dom number seed to be executed. The size of each SubSpace involved in the training procedure is set
to 0.5. Like in the above case, the training performance was highlighted by the next statistics scores: k-
statistic=1; Mean absolute error=0.0487; Root mean squared error=0.0852; Relative absolute
error =9.7405%; Root relative squared error =17.047%. The training process was followed by the deter-
mination of importance values for all the 14 flood predictors in the next order: Slope (0.127), Distance
to rivers (0.104), Elevation (0.092), SPI (0.089), Land use (0.086), Convergence index (0.073), Profile
curvature (0.068), Lithology (0.068), Rainfall (0.066), TPI (0.063), Plan curvature (0.049), HSG (0.042),
TWI (0.038) and Aspect (0.034) (Figure 9). These values were used, according to the steps described at
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Figure 10. Flood susceptibility index (a. RC-WOE; b. RSS-WOE; c. RFC-WOE).

5.3, in the GIS environment for the derivation of the FSI RSS-WOE. As in the previous case presented,
the FSI RSS-WOE (Figure 10b) values were divided into the five classes by using the Natural Breaks
classification method. A similar pattern of the distribution of values can be observed on the surface of
the study area, with the lowest susceptibility in its western part and the most prone surfaces to the
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Figure 11. Percentage of FSI classes for each model applied.

phenomenon of flooding in the eastern part. If we analyze the weights occupied by the 5 classes of val-
ues, we can observe the following situation: Very low (18%), Low (38%), Medium (21%), High (10%)
and Very high (13%) (Figure 11).

5.5. Rfc-WOE

Again, the ten-fold cross-validation process was involved to train RFC-WOE ensemble. In our case
study the RandomProjection was used as filter and IBk as classifier. The base learner was selected the
BatchPredictor, while the Batch size was set to 100. The performance statistical metrics revealed the
next values: k-statistic=0.9674; Mean absolute error=0.0221; Root mean squared error=0.1271;
Relative absolute error =4.4148%; Root relative squared error =25.409%. In the case of this 3™ ensemble
used to derive the flood susceptibility the next 14 importances for flood predictors were determined:
Slope (0.13), Distance to rivers (0.1), Land use (0.095), Elevation (0.092), SPI (0.089), Profile curvature
(0.079), Rainfall (0.079), Convergence index (0.075), Lithology (0.057), TPI (0.053), HSG (0.046), Plan
curvature (0.039), Aspect (0.038), TWI (0.029). It should be mentioned that in the case of FSI RFC-
WOE, the derivation of the final values was possible by following the steps described in section 5.3.
Also, as in the case of the two previous derived indices the values were grouped with Natural Breaks
method. Also, we can remark the presence of low and very low values in the western area (high and
with steep slopes) and high and very high values in the eastern area (low and with reduced slopes) can
be observed. The weights achieved by each class value within the study area revealed the next situation:
Very low (18%), Low (38%), Medium (20%), High (8%) and Very high (16%) (Figure 11).

5.6. Results validation

5.6.1. ROC curve

In the case of verification and validation of the results offered by the three models, both Success Rate
and Prediction Rate were used. Success Rate was graphically represented by considering flood suscepti-
bility values and flood and non-flood points from the training sample (Figure 12a). From this point of
view, the REC-WOE model (AUC = 0.938) exceeded the performances of the other two models that
reached an AUC = 0.926 (RC-WOE), respectively AUC = 0.916 (RSS-WOE). To build the graph repre-
sented by Prediction Rate, flood and non-flood locations from the validation sample were used. In this
case, the best performances were achieved by the RFC-WOE model (AUC = 0.917), followed by RC-
WOE (AUC = 0.877) and RSS-WOE (AUC = 0.872) (Figure 12b).
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Figure 12. ROC curve (a. Success Rate; b. Prediction Rate).

5.6.2. Statistical metrics

The second stage in the validation and verification of the obtained results was represented by the calcu-
lation of metric statistics. Thus, in the case of the training sample, from the Accuracy perspective, the
highest value was attributed to the RFC-WOE model (0.957). It was followed by RC-WOE (0.951) and
RSS-WOE (0.946). For the same training sample, the k-index values were also composed which high-
light the same hierarchy as follows: RFC-WOE (0.913), RC-WOE (0.902) and RSS-WOE (0.891). In the
case of the validating sample, from the Accuracy perspective, the highest value was attributed to the
RFC-WOE model (0.938). It was followed by RC-WOE (0.925) and RSS-WOE (0.913). For the same
training sample, the k-index values were also composed which highlight the same hierarchy as follows:

RFC-WOE (0.875), RC-WOE (0.85) and RSS-WOE (0.825) (Table 3).
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Table 3. Statistical metrics for the applied flood susceptibility models.

Training sample Validating sample
Metrics RC-WOE RSS-WOE RFC-WOE RC-WOE RSS-WOE RFC-WOE
TP 87 86 89 37 38 39
N 88 88 87 37 35 36
FP 5 6 3 3 2 1
FN 4 4 5 3 5 4
Sensitivity 0.956 0.956 0.947 0.925 0.884 0.907
Specificity 0.946 0.936 0.967 0.925 0.946 0.973
Accuracy 0.951 0.946 0.957 0.925 0913 0.938
k-index 0.902 0.891 0.913 0.850 0.825 0.875

6. Discussions

In the present period, the entire globe is talking more and more about the climate changes that are tak-
ing place and which are expected to be irreversible. Thus, together with these climate changes, more
and more severe manifestations of meteorological phenomena appear, among which we also find
intense precipitation in a very short period of time (Soria et al. 2025). This pattern of precipitation con-
sequently determines the occurrence of severe flooding phenomena. One such highly publicized episode
was represented by the floods produced in the area of the city of Valencia on 29 October 2024, causing
the death of over 220 people. A similar event also occurred in Romania in an area very close to the
region studied in this article on the night of 13-14 September 2024. In this case were also recorded a
number of six casualties. Therefore, the quick and precise assessment of areas with high potential for
flash floods and floods is very important in the current context.

In this study, results were obtained regarding flood susceptibility using three hybrid models formed
by combining three machine learning techniques with the Weights of Evidence (WOE) method. Thus,
the three models involved in the workflow (RC-WOE, RSS-WOE and RFC-WOE) managed to obtain
very good performances in the flood susceptibility modelling process. Their predictive capacity is con-
firmed by the accuracy of over 0.9 both in the case of the validation station and in the case of the
training station. This performance confirms once again the predictive power of machine learning mod-
els in terms of flood susceptibility mapping, this fact being confirmed in previous works that used
machine learning algorithms (Tehrany et al. 2015; Chapi et al. 2017; Khosravi et al. 2019).

Another result worthy of consideration for the scientific works related to flood hazard is represented
by the ranking of geographical factors according to their influence on the floodability process. Thus, in
the present study it was established that the greatest influences are exerted by factors such as slope
angle, distance to rivers and elevation. These results are similar to those published in the specialized lit-
erature by several authors (Fang et al. 2021; Islam et al. 2021; Demissie et al. 2024). Also, the areas and
those covered by agricultural crops are noted as having a high influence, a fact confirmed by the results
of Pradhan et al. (2023). The way in which the flood susceptibility values are spatially distributed within
the study area can also be discussed. Thus, low areas with very low slopes can be noted, which are very
exposed to the formation of floods. Areas with similar characteristics were classified as the most suscep-
tible to such phenomena in other works that addressed the subject of susceptibility to floods (Tehrany
et al. 2015; Seydi et al. 2022).

Overall, the current study offers some results that clearly show the effectiveness of machine learning
models in terms of the potential of mapping areas exposed to floods, being in agreement with most of
the studies carried out in the specialized literature that address the same subject.

Also, it is worth to note that this flood susceptibility study is useful for planners, policymakers, the
scientific community, and other stakeholders. Thus, the planners from the study area can be helped by
the present results in order to avoid the new developments in high flood-prone area. Also, by taking
into account the present study, they can have a guide regarding the infrastructure reinforcement. The
policymakers can use the present results in order to develop the flood risk legislation and for the
improvement of flood risk management plan. The local authorities can use the present research in
order to define the most efficient evacuation routes. From the scientific point of view, the present study
establishes new three benchmark hybrid models that can be successful used in other study areas.
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Insurance companies, local people and companies from the study area represent other important stake-
holders that can be interested by the present research outputs.

7. Conclusions

The present study presents a successful application of a number of three hybrid machine learning mod-
els, integrating the Weights of Evidence (WOE) method with ensemble classifiers, in order to estimate
flood susceptibility. The study area of the present research was the hydrographic basin of the Putna
river located in the central-eastern area of Romania. It should be noted that the best performances
among the three applied models were obtained by the RFC-WOE ensemble. Overall, all the models
have achieved very high performance, so it can be concluded that the hybrid use of machine learning
with bivariate statistics has a very high efficiency in this kind of studies. A number of 14 flood predic-
tors were used to derive the three flood susceptibility maps. The most important ones turned out to be
distance to rivers, slope and altitude. Since there is no reference system at the level of specialized litera-
ture, the flood susceptibility values were classified into 5 classes by means of the Natural Breaks
method. The classes with high and very high flood potential are noteworthy, with weights between 23%
and 24% of the entire area under research. The validation of the results was possible by applying ROC
Curve and statistical metrics. A conclusion of the application of the 2 methods is that in all cases the
scores exceeded 0.8, showing a good and very good performance of the applied models. In the current
global context, future studies on this subject should also incorporate climate projections of rainfall
amounts so that there is also a temporal and not just spatial prediction of the evolution of flood sus-
ceptibility values.
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Abstract

Among the various natural disasters that take place around the world, flood is considered to be the most extensive. There have
been several floods in Buzdu river basin, and as a result of this, the area has been chosen as the study area. For the purpose
of this research, we applied deep learning and machine learning benchmarks in order to prepare flood potential maps at the
basin scale. In this regard 12 flood predictors, 205 flood and 205 non-flood locations were used as input data into the follow-
ing 3 complex models: Deep Learning Neural Network-Harris Hawk Optimization-Index of Entropy (DLNN-HHO-IOE),
Multilayer Perceptron-Harris Hawk Optimization-Index of Entropy (MLP-HHO-IOE) and Stacking ensemble-Harris Hawk
Optimization-Index of Entropy (Stacking-HHO-IOE). The flood sample was divided into training (70%) and validating (30%)
sample, meanwhile the prediction ability of flood conditioning factors was tested through the Correlation-based Feature
Selection method. ROC Curve and statistical metrics were involved in the results validation. The modeling process through
the stated algorithms showed that the most important flood predictors are represented by: slope (importance ~ 20%), distance
from river (importance =~ 17.5%), land use (importance ~ 12%) and TPI (importance =~ 10%). The importance values were
used to compute the flood susceptibility, while Natural Breaks method was used to classify the results. The high and very high
flood susceptibility is spread on approximately 35—40% of the study zone. The ROC Curve, in terms of Success, Rate shows
that the highest performance was achieved FPIp; yy_gro-108 (AUC=0.97), followed by FPIg,king-rno-108 (AUC=0.966)
and FPIyy p ypo-108 (AUC=0.953), while the Prediction Rate indicates the FPIg, yins-nno-1or s being the most performant
model with an AUC of 0.977, followed by FPI; \n.ano-1og (AUC =0.97) and FPLy; p yno-1og (AUC =0.924).

Keywords Artificial intelligence - Optimization algorithm - Flood potential - Buziu river basin - Romania

Introduction

The effects of natural disasters such as floods on the envi-
ronment and human lives are severe, which impedes the
growth of the economy in many regions across the world.
There has been an increase in major flood events in recent
years, which indicates that the frequency of major floods
will continue to rise over the next couple of years (Abdo
HG 2020; Tarasova et al. 2023). There is a direct correla-
tion between this fact and the changes in the climate around
the world (Qazi et al. 2023; Rizwan et al. 2023). Therefore,
there will inevitably come a time when flood events will
occur more frequently and with greater severity, which will

Extended author information available on the last page of the article

lead to exponential growth in terms of economic damage as
well as loss of human life (Endendijk et al. 2023). There are
more than 3000 casualties caused by floods across the globe
each year, and their economic losses amount to more than
$20 billion (Dai et al. 2023; Lan et al. 2022). By the year
2050, flood damage is expected to increase by five times in
Europe, and by the year 2080, it is expected to increase by 17
times (Costache et al. 2020c). There are many countries in
Europe that are affected by floods, but Romania is one of the
worst affected ones. It has been documented those numerous
areas across Romania were affected by floods throughout the
course of the 20th and early twenty-first centuries. Examples
of the floods that occurred during these times include those
that occurred in 1912, 1932, 1969, 1970, 2005, 2006 and
2010 (Costache et al. 2022b). Over a hundred-million-euro
worth of material losses are caused by floods in Romania
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every year. Since Romania became a member of the Euro-
pean Union in 2007, Romania was compelled to align its
legislative system with the directives of the European Parlia-
ment, such as Directive 2007/60/EC. In accordance with this
directive, flood risk management activities are included in
the list of activities. Generally speaking, floods have a hard
time being prevented, and their devastating effects are often
amplified by a wide range of human activities and also by
climate changes, which make it harder to prevent flooding
(Wei et al. 2023; Kanani-Sadat et al. 2019). Although it is
possible to greatly reduce the amount of damage caused by
floods through the implementation of certain measures by
the responsible authorities, it is also possible to reduce the
loss of human life as well. Identifying the areas that have
a high risk of flooding is the first step to reducing flood
vulnerability, and the key to all measures that are meant
to reduce flood vulnerability. An element that can increase
the flood vulnerability is the groundwater characteristics
(Paneerselvam et al. 2023; Sankar et al. 2023). This issue
was approached in several studies during the last years
(Balamurugan et al. 2020a; Panneerselvam et al. 2023b).
The hydraulic modeling method is one of the most effective
means of quantifying the extent of floodplains that are at
risk from severe flooding. Through hydraulic modeling, the
extent of floodplains is directly related to certain discharge
values with various probability of exceeding them. While
hydraulic modeling is time-consuming, it is also expensive
to obtain the necessary data, like high-resolution Digital
Elevation Model data, which is required for the hydraulic
modeling (Popescu and Bérbulescu 2023). There has been
an increasing number of studies in the last few years focus-
ing on flood susceptibility assessment that have been using
state-of-the-art methods that are capable of integrating flood
predictors into geographical information systems (Xie et al.
2021; Hategekimana et al. 2018). In addition, it has been
possible to quantify the influence certain flood predictors
have on the amount of water accumulated at the soil sur-
face. As a result, there are a number of different models
that are used in the category of bivariate statistics, including
the Certainty Factor, the Statistical Index, Index of Entropy,
Weights of Evidence and Frequency Ratio (Costache et al.
2022a). Among the machines learning algorithms are: the
Artificial Neural Network, the K-Nearest Neighbor, the
Logistic Regression, the Adaptive Neuro-Fuzzy Inference
System, the Support Vector Machine and the Decision Tree
(Zhang 2024; Li et al. 2023; Arora et al. 2021; Shafizadeh-
Moghadam et al. 2018). In the last years, there is also an
important increase in the use of Deep Learning techniques
like: Convolutional Neural Networks, Recurrent Neural
Networks or Deep Learning Neural Networks (Guan et al.
2023; Wang et al. 2020; Bui et al. 2020). An ensemble of
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two or more stand-alone models combines into a hybrid
model, which is sometimes considered to be more advanced,
providing much more accurate results when compared to
two or more stand-alone models (Costache et al. 2020b). A
key component of machine learning and statistical models
that are utilized in flood prediction is the use of input data
from areas where flood phenomena have already occurred.
Although there have been numerous hybrid or ensemble
methods applied to determine flood susceptibility (Fenglin
et al. 2023; Li and Hong 2023), there is no international
consensus on a model or combination of models that gives
the best results. For this reason, in order to fill the research
gaps, the need is felt for the combined application of the
most advanced Deep Learning and optimization techniques
in order to carry out case studies for flood susceptibility.

Considering the elements exposed above, the present
research work proposes a complex and state-of-the-art
methodological workflow to derive the flood susceptibility
mapping across a highly affected area from Romania. Thus,
the Deep Learning, Multilayer Perceptron and a Stacking
ensemble, all three models improved through Harris Hawk
Optimization (HHO) technique, will be involved in the pro-
cedure of deriving the flood susceptibility maps. The stack-
ing ensemble will be derived by the combination of the
following machine learning models: Logistic Regression,
Classification and Regression Tree, Naive Bayes and Sup-
port Vector Machine. There were five statistical indicators
used for the validation of results, including the ROC Curve,
as well as several statistical indices.

Study area

This study area covers 5350 km? of land in the region of
south-east Romania, which is located in the center of the
country. A significant relief energy exists in the study
area, which is evident at altitudes that range between 1 and
1925 m, reflecting a relatively high range of elevation, which
facilitates the propagation of floods from high altitudes to
areas at low altitudes (Fig. 1). Moreover, the presence of
a slope that exceeds 25° in the upper area of the basin, as
well as a flat surface in the lower area of the basin, thereby
verifying the possibility of flood propagation and flow accu-
mulation in the upper area of the basin. In accordance with
the geological classification of the study area, deposits of
internal Cretaceous flysch can be encountered in the moun-
tain region of the area, whereas in the hilly area there is more
predominance of Miocene and Sarmato-Pliocene deposits.
Clays, gravels, and sands are some of the sedimentary rocks
that are common in the plain region. Several geomorpho-
logical phenomena, such as gully erosion and landslides,
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Fig. 1 Study area location

have emerged because of the geological structure of the area
and the influence of exogenous factors, which are closely
related to flash floods because of the influence of geological
factors. There was an average annual precipitation of about
750 mm/year within the study area, but for a 24 h period, the
maximum precipitation of 115.4 mm occurred at the mete-
orological station of Lacduti on 12 July 1969 (Minea 2013).
From a hydrological perspective, the most important event
to remember in 1975 was the increase in discharge of the
Buzdu river, the main collector in the hydrographic basin,
following a heavy rainfall when, at the Magura hydrometric
station, the discharge reached to 2100 m¥/s after a heavy
rainfall. It should be noted that one of the most important
flood events that occurred on all the main tributary rivers
occurred in 2005 when the maximum discharge values for
the Calndu and Slinic rivers reached 56.2 m*/s and 54 m’/s,
respectively (Costache et al. 2021). Another environmental
variable that heavily affects flood potential across the study
area is the land use of the area, whether it be forest (40.7%),
arable land (30.9%), or built-up areas (4.6%).

]
27°20'0°E

Data
Flood inventory

It is common knowledge that in order to predict accu-
rately what areas will be affected by a phenomenon in
the future, factors that have favored the production of that
phenomenon in the past need to be considered in determin-
ing the characteristics of the factors that will drive that
phenomenon in the future. In order to perform this study,
the location of the locations affected by floods within the
time period 1990-2020 have been surveyed and a list of
the floods affected has been generated, taking into account
only those events that have caused damage within the
socio-economic segment (Fig. 1). The flood locations over
the research zone were quantified to a total of 205 loca-
tions. The National Administration of Romanian Waters,
General Inspectorate for Emergency Situations, as well as
the Archives of the General Inspectorate for Emergency
Situations were consulted in order to create the flood
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inventory in the study area. We generated another set of
data that represents 205 non-flood locations as a means
of improving the performance of the applied models. We
divided the two data sets into two groups according to
how they would be used for training (70%) and validating
(30%).

Flood conditioning factors

During the process of estimating flood susceptibility, the
flood locations will be the dependent variable; as explana-
tory variables, 12 flood predictors will be distributed spa-
tially according to flood exposure values. Based on a very
careful review of the literature, the next conditioning factors
were involved in the analysis (Ozturk et al. 2018): altitude,
slope, TPI, aspect, convergence index, TWI, hydrological
soil groups, land use, plan curvature, lithology, distance
from rivers and rainfall. The first seven flood predictors
from the above, which represents morphometric indices,
were found to be obtained from the processing of Digital
Elevation Model (DEM). The DEM was achieved from the
dataset represented by world Shuttle Radar Topographic
Mission (SRTM) 30 m. It has also been shown that by using
the DEM extracted from the SRTM 30 m database, previous
studies focusing upon the same research topic have been
able to achieve a high-quality solution in their results (Zhao
et al. 2022).

It is very important to recognize that the gradient of the
slope is one of the most important characteristics of the
ground surface that contributes significantly to surface run-
off and flow accumulation (Senanayake et al. 2022). This
slope factor was obtained by the DEM processing, and its
values are located between the range 0-55.9° (Fig. 2a). As
a matter of fact, the Hydrological Soil Group (HSG) has an
important influence on the velocity of water infiltration over
the soil profile and thus the accumulation potential (Liu et al.
2023). Within the study area there is a presence of all four
HSGs, with HSG B (55%) covering most of the surface area
(Fig. 2b). According to the plan curvature measurement,
hillslopes are subdivided into concave, convex, and planar
regions based on the plan curvature measurement of 0 (Xu
et al. 2022). A range of —4.032 to 4.48 surface curvature
values can be found in our study area (Fig. 2c). Using the
convergence index, one can determine the perimeters of
valleys with negative values and the interfluvial areas with
positive values from a morphometric perspective (Fig. 2d).
In terms of environmental factors, rainfall is a key factor in
determining the genesis of floods (Lu et al. 2024; Yin et al.
2023; Lin et al. 2023). The average rainfall over a multian-
nual period ranged from 469 to 716 mm in the study area
(Fig. 2e). Defining exposure to floods also involves defining
the elevation of the land as another very important factor, as
it reveals the different levels of water runoff in high and low
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areas, and thus the differences in exposure to flooding. There
are a range of altitudes in the study area, ranging from 1 to
1925 m (Fig. 2f). Aspect is another factor that can have a
significant influence on the occurrence of floods. The Eastern
and South—Eastern slopes of the study area cover a total area
of 30%, and the Eastern slopes cover a total area of 30%,
according to (Costache et al. 2020c) (Fig. 3a). Furthermore,
along with having a direct effect on the amount of water that
is able to infiltrate into valleys, lithology also has a consider-
able impact on the shape of river valleys (Du & Wang, 2013).
Among the twelve lithological categories in the Buziu river
basin, the flysch accounts for the largest proportion (25% of
the total lithology) (Fig. 3b). There are many flood predictors
which use land use information as one of the most important
factors because it influences the velocity of surface runoff by
changing the Manning roughness coefficients that are used in
the model (Singh and Pandey 2021). Nearly seventy-five per-
cent of the study area is covered by arable lands and forests
(Fig. 3¢). Two other important morphometric factors are TWI
(Fig. 3d) and TPI (Fig. 3e). In the Buzau River catchment, the
maximum distance between the river and the highest point
of the catchment is 10,648 m. As a result, the areas in the
catchment are increasingly at risk of flooding due to their
proximity to rivers (Fig. 3f).

There is a morphometric variable called Topographic
Position Index (TPI) that measures the difference in eleva-
tion between the cells of a particular raster with those of its
neighbors. The maximum value of the TPI as it pertains to
the present research area is equivalent to 153.8, whereas the
minimum value is equal to— 122.8 (Fig. 3e). It should be
noted that TWI values indicate morphometrically that the
flow accumulation is favored above the ground surface in
these areas. We found a range of TWI values between 0 and
19.89 in the current study (Fig. 3d).

Methods
Correlation-based feature selection (CFS)

In addition to its fast ability to identify redundant, noisy
and irrelevant information, Correlation-based Feature
Selection (CFS) has many other important properties (Hall
1999). There can be a high degree of redundancy in a vari-
able when it is correlated with other variables, resulting in
a high degree of redundancy. This is due to the fact that the
predictors with the highest CES coefficient values are uncor-
related with each other and have a high degree of correla-
tion to flood locations, which is a result of the fact that they
are uncorrelated with other predictors. In order to calculate
the CFS, we will use the formula below (Ozcift and Gulten
2011):
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where CF'S represents the Correlation between the condition-
ing factors and flood points, k represents the amount of condi-
tioning factors, r represents the average value of Correlation
among the predictors and zones with torrentiality, and r is the
mean intercorrelation among the flood conditioning factors.

CFS = o

In order to derive the CFS, Weka software was used.
Index of entropy
The entropy of a system is a measure of the degree of disor-
der and instability, the amount of imbalance and uncertainty

within it (Pourghasemi et al. 2012). The Boltzmann principle
has been used to describe how the thermodynamic status of
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a system is determined by the quantity of entropy in the sys-
tem that demonstrates a one-to-one relationship between the
degree of disorder and the quantity of entropy. The Boltz-
mann principle was improved and the entropy model was
introduced to the information theory in Shannon's time.
It has been widely accepted that the information entropy
method can be used to determine hazard weight indices and
to assess natural hazards, such as sand storms, droughts, and

@ Springer

debris flows, within an integrated environmental assessment.
The degree of entropy of a flood can be defined as the extent
to which various factors influence how the flood develops
over time (Chen et al. 2015). As a result of a number of
important factors, the index system provides an additional
degree of entropy. As a result, an objective weight can be
determined for the index system by using the entropy value
as a basis for the calculation. The next equations will be
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used to derive the index of entropy coefficients that will be
involved as input data in the machine learning models:

) FRij
TS R, @

where FR; is the Frequency Ratio coefficient for each class
or category, S; is the number of classes and (P) is the prob-
ability density.

S
Hy==Y\(Pplogy(Py). j = 1,2, ....n 3)
i=1
H; o = 10g,(S)) )
jmax — 11 .
,I=0,1),j=1,...,n 5
J H/max ( )
1 <
Pi=< 2P (6)
Ji=1
where H; and H,,,,, represent the entropy values, /; is the

information coefficient and Pj is the IOE coefficient for each
class.

Deep learning neural network (DLNN)

As a machine learning (ML) algorithm, the deep learning
neural network (DLNN) has been shown to be efficient
at working with large unstructured data sets of all sizes.
As part of the studies which are related to the assessment
of susceptibility to natural hazards in social communi-
ties, the DLNN is a version of the multilayer perceptron
neural network. It has a higher number of hidden neurons,
which has made it very popular in studies related to the
assessment of susceptibility to natural hazards (Yang et al.
2022; Bui et al. 2019a). There are several layers in DLNN
when it comes to the input layers which consist of inde-
pendent variables, and several layers in the hidden layer
which transfer the information from the input layer to the
output layer (Zhou et al. 2022). It was decided to use the
DLNN model to estimate an individual's susceptibility to
floods in the current research. It follows that, according to
the input layer in the model, the flood conditioning factors
simulate the input data, whereas the flood and non-flood
data sets simulates the output data in the output layer (Cos-
tache et al. 2020b). It was determined that the following
sigmoid estimation function E(Y = 1/x) could be used to
classify the input data set into torrential pixels (1) and
non-torrential pixels (0). In the output layer, there is one

neuron per class i. This information provides an approxi-
mation of the equation E(Y =i/x) that can be derived from
the output layer (Costache et al. 2020b). After summing all
the values up, there will be a value equal to one as a result.
The following function has been used for the purpose of
the present case study:

softmax (a;) = exp ()

- 24 €Xp (ai)

where a; is softmax function layer.

The next mathematical relationships are associated to a
deep learning neural network having multiple hidden layers
(h):

For h =1, ...., H (hidden layers),

)

a(h)(x) =pM 4 W(h)p(h_])(x) (8)

PP (x) = @(a®(x)) ©)

where, @ and is the activation function.

DLNN was applied using a dedicated script in Python
language which was written with the help of Keras and Ten-
sorflow packages.

Multilayer perceptron

In the field of artificial neural networks, Multilayer Percep-
tron (MLP) is one of the most widely used ANNs and it
is a multilayer feed-forward network with one-way error
propagation. This algorithm is capable of solving a wide
range of problems, such as pattern recognition, time series
prediction, and so on (Huang 2023; Li et al. 2019). Besides
the fact that a flood is a physically complex process, it is also
a nonlinear system that is affected by a number of natural
factors as well as man-made elements. It thus follows that
the MLP model has an excellent nonlinear mapping capabil-
ity when compared with other techniques for mapping flood
susceptibility, such as deterministic models or general linear
statistical methods (Kia et al. 2012).

In order for the MLP model to work, it consists of three
layers, or input, hidden, and output, which are all com-
posed of the same types of neurons. A weight value is a
calculation that determines how the connections are made
between the hidden and input layers, as well as between the
hidden and output layers. In order to form an orderly and
stable structure, neural networks must be trained and tested
with these weight values in order for them to be capable of
making decisions. In this paper, we mainly examined the
MLP model with a single hidden layer, since the MLP with
a single hidden layer is able to approximate any nonlinear
system with arbitrary accuracy. Specifically, two neurons
will be positioned in the output layer representing flood and
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non-flood points. Input neurons in the input layer will be
equal to flood predictor neurons, but output neurons will be
equal to flood predictor neurons. The number of hidden neu-
rons will be established according to the lowest RMSE value
which will be obtained after the MLP optimization with the
help of Harris Hawk Optimization (HHO) algorithm. The
RMSE values can be determined using the next equation:

RMSE = (10)

where, n is the number of the flood sample, c; and ¢; are the
observed flood data and the computed flood susceptibility
values, respectively.

Logistic regression

The logistic regression method is one of the most commonly
used methods for forming multidimensional regression rela-
tionships involving a dependent variable and a number of
independent variables (Bai et al. 2010). There is an advantage
to logistic regression that is that it can be applied to both con-
tinuous and discrete data, and may be a combination of both.
The variables are not required to have normal distributions
either, due to the addition of a link function to the usual linear
regression model. As a result of taking the logit function of
the dependent variable (a natural logarithm of the odds of the
dependent occurring or not) into consideration, the algorithm
of logistic regression utilizes maximum likelihood estima-
tion of the dependent variable (Ali et al. 2020). Using logistic
regression, you can estimate the probability of an event occur-
ring on a given day in this way. In logistic regressions, the
dependent variables are binary, with their two classes being
defined as the presence (1) or absence (0) of the phenomenon
being analyzed. The logistic regression model makes a spatial
prediction of the susceptibility to this phenomenon based on
the spatial relationship between the phenomenon and the fac-
tors classes/categories that are considered. According to this
study, areas affected by flood locations have been assigned a
value of 1 and non-flood locations have been assigned a value
of 0. It is possible to calculate the generalized linear regression
model using the following equation, which is based on the
logistic regression method:

_ 1
1+e

p an

where p represents the likelihood (probability) of an event.
Z represents a ranging from — oo to + oo, which are defined
using the next equation:

Z=b0+b1x1 +b2X2+"'+bn.xn (12)
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where b, is the intercept of the model, the b; (i=0,1, 2, ...,
n) are the slope coefficients of the logistic regression model,
and the x; (i=0, 1, 2, ..., n) are the independent variables.

Classification and regression tree (CART)

Using a recursive partitioning method, Classification and
Regression Tree (CART) can be used to predict categorical
predictor variables (classification) and continuous dependent
variables (regression) by creating a classification tree. Using
a CART method, you can present information intuitively and
easily to yourself in a visual format that helps you under-
stand what the information means. It is possible to use three
types of independent variables to analyze the data (number,
binary, and categorical), which makes this technique one of
the most powerful and versatile tools available today. For the
process of creating trees, each predictor must be selected in
such a way that the data errors can be reduced in the process.
An entropy value is a measure of how much a particular pre-
dictor is preferred over another when compared with other
predictors. If a particular predictor's value is missing, the
optimal ramification of a tree cannot be determined based
on the value of that predictor. Using CART to predict new
data, missing values will be handled in a way that is similar
to substituting (surrogates) for those values (Breiman et al.
1984). There is an average of the response values within a
terminal node when we calculate a predicted value for that
node. A sampling rule known as modified towing is part of
the CART algorithm, and it is based on comparing the target
attribute between two child nodes to determine the optimal
sampling rule. Following is the equation that describes how
this process is carried out (Costache et al. 2020a):

2
I(Split) = [0.25(g(1 — ¢))" Z |PL(k) — PR(k)| (13)
k

where: k represents the classes that are targeted, PL(k) and
PR(k) are equal to the distribution of probability regarding
the target in the left and right child nodes, respectively. The
power term represented by u means a user-trollable penalty
on splits generating unequal-sized child nodes.

Support vector machine

There are several supervised learning methods based on sta-
tistical theory that have been developed in conjunction with
structural risk minimization theory. Support vector machine
(SVM) is one of them (Ashrafzadeh et al. 2020). There is a
decision surface that separates the classes based on the mar-
gin between the classes, which is maximized by the decision
surface. As a result, the data points closest to the optimal
hyperplane are called the support vectors, while the closest
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points to the ideal hyperplane are called the optimal hyper-
plane. There are several critical elements of a training set
which are the support vectors (Wei et al. 2022). As a rule of
thumb however, SVMs are usually used for two-class clas-
sification purposes, where one aims to maximize the margin
between the two classes; however, they may also be used for
one-class classification purposes, where one tries to identify
one of the classes and reject the rest. After that, in order
to derive the optimal hyper plane for the feature space, a
maximization of the margins of the class boundaries is per-
formed. A support vector is the representation of the training
points closest to the optimal hyperplane that are extracted
from the training data. In order to classify new data, it is
required that the decision surface is generated (Fig. 4a and
b).

In the present research work, the support vector machine
will contribute to the stacking ensemble along with another
3 models.

Naive Bayes

Naive Bayes (NB) is the last model that will be involved
in the creation of the stacking ensemble algorithm. Naive
Bayes classifiers are regarded as a classifier based on the
Bayes' theorem, which is a highly accurate classification sys-
tem. The conditional independence assumption is made by

the NB classifier when determining the output class (Zhou
& Liu, 2022). This is called the assumption that all attrib-
utes are totally independent of the output class (Dai et al.
2024; Jiang et al. 2016). Among the many advantages asso-
ciated with this method, the main one is that it is easy to
construct, and complicate iterative parameter estimation
schemes are not required as a result of the method (Tien
Bui et al. 2012). There is also a high degree of robustness
with regards to noise and irrelevant attributes in the NB clas-
sifier. In addition to the research field of flood susceptibility
mapping, this method has also been applied to the areas of
other natural hazards. NB simplifies the learning process
significantly due to the assumption that features may be
applied to any type of class (Jiang et al. 2016). This is done
by using the following relation P(x, ¢) = [T, P(x;lc), where
c is the class while x is the feature vector x;=(x;, x;....x,).
The variables x; typically correspond to the predictors of
floods, whereas the variables y referred to as the responses to
flood points. It is therefore necessary to use Bayes's theorem
in order to find the simplest equation which makes the best
prediction in order to locate the class with the highest log-
posterior probability (Costache et al. 2022c):

)

n

fi
argmax P(ti) HP(Z

t;€[torrential, no—torrential] j=1

INB = (14)
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Fig.5 Stacking ensemble
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in which, P(t;) represents the value of ¢, prior probability that
can be calculated using the proportion of the observed cases
with output class.

Stacking ensemble

One of the most popular methods of heterogeneous ensem-
ble learning is the stacking technique, in which metamodels
are used that can combine multiple subclassifies in order
to produce a prediction that is more accurate based on the
combinations of those subclassifies (Fang et al. 2021). It
is necessary to point out that in the present case, there are
three stages involved in the creation and application of the
stacking ensemble (Fig. 5). They are (Costache et al. 2022c¢):
(i) the training of the base classifier models, CART, CART,
and SVM; (ii) the collection of the features in the outputs
of the base classifiers for generating one new set of training
data; (iii) the training of the meta-classifier model, with the
help of the Logistic Regression. It is possible to estimate the
calculated errors of all the base classifiers simultaneously
using stacking ensembles, using the basic learning steps, and
then to reduce these residual errors again using the meta-
learning steps.

Harris Hawk optimization

Among the swarm-based algorithms, Harris Hawk Optimi-
zation was one of the algorithms that was discovered by
Heidari et al. (2019). In an effort to satisfy its objectives, the
HHO algorithm implements strategies to optimize its goals,
which can be compared to the predatory behavior of hawks.
It includes two main steps: exploration and exploitation. A
Harris Hawk explores its prey from a perch at the feet of
another hawk at a random place on the ground. They can
then apply a soft or a hard besiegement in order to capture
the prey (exploitation step). Accordingly, the HHO algo-
rithm is a procedure inspired by the predatory behavior of
hawks and is comprised of two main phases: exploration
and exploitation. These two phases are important for opti-
mizing the algorithm's objectives. In the exploration phase
a mathematical algorithm determines what it is going to
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Meta learning
step

wait for, search for, and discover in order to find the desired
hunt. Thus, the iter + / (representing the Harris Hawk posi-
tion) can be determined using the next expression (Cao et al.
2021a; Bui et al. 2019b):

X ana(iter) — ri| X, q(iter) — 2r, X(iter) if g > 0.5
(Xapie(iter) — X, (rabit)) — r3 (LB + ry(UB - LB)) if ¢ 2 0.5

s)

where X, is the position of rabbit, iter represent the itera-
tion, X,,4 is the hawk which was selected randomly from
the entire population, r;, =1, 2, 3, 4, g represent the num-
bers randomly created in the range [0, 1], while X, revealed
the mean position for all hawks and can be generated as
following:

X(iter + 1) =

N
X, (iter) = % Y Xiten) (16)
i=1

where X; highlights the place where the hawks are located,
while N is the size of hawk.

In the phase of transition between exploration and
exploitation, 7 will be considered as maximum size
regarding the repetitions, while E, will belong the interval
(=1, 1) and is the initial energy consumed along with each
step. In this case HHO will calculate the energy associated
to the escape of rabbit (E) using the next equation:

E=2E0(1— “%) 17)

Then, if |EI> 1, the exploration stage will be started.
If not, the solution neighborhood will be intended to be
exploited.

In the exploitation phase, a certain parameter “r” is
considered as being a measure of the chance that the prey
to escape. A value of “r” lower than 0.5 is a successful
escape situation. However, if |EI> 0.5, then then HHO
takes soft surround, while is it lower than 0.5 a hard sur-
round is applied (Bui et al. 2019b). In terms of the attack
mechanism, the evasion and pursuit strategies of the prey
animals, as well as the hawks, play an important role. The
Fig. 6 highlights the different stages of HHO.
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Fig. 6 Different phases of Harris Hawks optimization

Results validation

ROC curve

Two distinct methods were utilized to evaluate the perfor-
mance of the applied models, namely the ROC Curve in
conjunction with the density of flood pixels within each
of the flood maps classes. An ROC curve is a graphic that
depicts the specificity of a diagnostic test while the sensi-
tivity of the test is represented by the other axis (Cao et al.
2021b). Based on the total number of predicted non-flood
locations, specificity refers to the number of flood loca-
tions that have been classified incorrectly as flood loca-
tions, whereas sensitivity refers to the number of flood
locations that have been classified correctly as flood loca-
tions as compared to all flood locations. The next equation
will be implied for AUC-ROC Curve values calculation:

(ZTP+ ZTN)

(P+N)

AUC = (18)
where TP (true positive) is the flood points number that were
correctly classified as being floods, TN (true negative) rep-
resents the non-flood locations that were classified as being
non-floods in a correct manner, P represents number flood
locations within the entire study area, while N represents all
non-flood locations within the study zone.

Statistical metrics

To validate the results obtained through the four applied mod-
els, the 2nd approach that has been taken is to calculate several
statistical measures to provide insight into the results obtained
through the 3 models. It was already described in the previous
subsection about the Sensitivity and Specificity of the test. As
part of the current study, a mathematical inference was made
about the overall accuracy of the flood susceptibility analysis,
in order to determine its relative effectiveness (Panneerselvam
et al. 2023a). The Kappa Index is an indicator of the degree of
agreement between two raters who create two exclusive cat-
egories for both floods and non-floods based on their catego-
rization of the total number of flood and non-flood locations.
Below are represented the equations for the statistical metrics:

o TN
Specificity = ————
pecificity = (19)
Sensitivity = — b 20
YT TP+ FEN 20)
TP + TN

Al =
Uy = TP T FP+ TN + EN @D

Po — Pe

= Lo Pe
1=, 22)

where FP (false positive) and FN (false negative) are the
floods and non-floods pixels not correctly classified, k is
kappa coefficient, p, is the observed flood pixels and p, is
the estimated flood pixels.

Figure 7 contains the schematically representation of the
methodological steps followed in this research.

Results
Feature selection

The results of CFS method revealed that the highest average
merit was achieved by slope angle (0.667), followed by Land
use (0.632), Plan curvature (0.576), TWI (0.521), Hydrologi-
cal Soil Group (0.452), Distance to rivers (0.421), TPI (0.394),
Elevation (0.377), Lithology (0.332), Convergence index
(0.314), Rainfall (0.212) and Aspect (0.182) (Fig. 8).

Taking into account these results, all flood predictors will
be considered for the further analysis.

I0E coefficients

In order to encode the classes and categories of flood
predictors the Index of Entropy (P;) coefficients were
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Fig.8 Average merit of flood predictors calculated using CFS method

calculated. The highest IOE coefficient of 0.7, was
achieved by TWI class between 10.68 and 19.89, followed
by: slope class between 3.1 and 7° ((P;) =0.57), TPI class
between — 122.8 and — 34.2 ((P;) =0.53), distance from
river class between 0 and 50 m ((P;;) =0.53), land use cat-
egory of water bodies ((P;)=0.5) and plan curvature class
between —0.09 and 0.1 ((P;) =0.49) (Table 1). The lowest
values of this bivariate statistic were equal to 0 and was
obtained by 11 flood predictor class/categories in which
the flood points are missing. These IOE coefficients were
further inserted as input data in the machine learning mod-
els in order to derive the flood susceptibility.

@ Springer

DLNN-IOE-HHO

The HHO algorithm was able to optimize the performances
of DLNN model determining the loss and accuracy to reach
very good values after the application of 100 epochs. Thus,
the minimum loss, in terms of training sample was equal
to 0.168 and was reached after 82 epochs, while in terms
of validating data sample the minimum loss was 0.155 and
was obtained after 91 epochs (Fig. 9a). If we discuss about
the accuracy, it can be observed that the maximum value
in terms of training sample was obtained after 63 epochs,
while for validating dataset the optimum accuracy of 0.97
was achieved after 38 epochs (Fig. 9b). The architecture
established based on a batch size of 100, a validation rate of
0.3 and a dropout rate of 0.3, is characterized by a number
of 3 hidden layers, each of them with 89 hidden neurons.
Obviously, the input layer contains 12 neurons and the out-
put layer a number of 2 neurons (Fig. 9c).

In the last step, before the flood susceptibility compu-
tation for each of the flood predictors the importance was
determined as following: Slope (19.35), Distance from river
(17.63), Land use (12.1), TPI (10.3), Lithology (9.54), Plan
curvature (8.32), Rainfall (6.53), Aspect (6.42), Elevation
(5.32), Convergence Index (3.98), HSG (3.55) and TWI
(1.96) (Fig. 10).

All the importance values were used in Map Algebra from
ArcGIS software in order to create the flood susceptibility
map through DLNN-HHO-IOE model. The FPIy; nv_nHO-10E
values were classified into 5 classes using Natural Breaks
(Fig. 11a). According to the results provided, the very low
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Table 1 Frequency ratio and index of entropy coefficients value distribution within flood conditioning factors classes/category

Factor Class Flood pixels Class pixels FR, P; Py H; Hjpax I P;
Plan curvature (—=4.03)~(=0.1) 22 813760 1.12 0.47 0.36 1.58 0.77 0.79
(=0.09)-0.1 120 4229391 1.17 0.49
0.11-4.48 2 902090 0.09 0.04
Slope (°) 0-3 98 2096422 1.93 0.40 0.34 2.32 0.85 0.96
3.1-7 40 606526 2.72 0.57
7.1-15 6 1946782 0.13 0.03
15.1-25 0 1093638 0.00 0.00
25-55 0 201873 0.00 0.00
TPI (—122.8)~(—34.2) 32 389408 3.39 0.53 0.41 2.32 0.82 1.29
(=34.1)—~(-11.5) 59 1025382 2.38 0.37
(=11.4)-10.1 53 3214449 0.68 0.11
10.2-37.1 0 935266 0.00 0.00
37.2-153.8 0 380736 0.00 0.00
Cl (—=100)-(-3) 78 1721674 1.87 0.46 0.61 2.32 0.74 0.81
(=2.9-(-2) 3 247790 0.50 0.12
(=1.9)-(-1) 2 336023 0.25 0.06
(-0.9-0 12 644210 0.77 0.19
0.1-100 49 2995542 0.68 0.17
Hydrological soil group A 7 341746 0.85 0.22 0.60 2.00 0.70 0.95
B 83 3242969 1.06 0.28
C 26 1071383 1.00 0.26
D 28 1289141 0.90 0.24
Aspect Flat surfaces 1 72784 0.57 0.08 0.99 3.17 0.69 0.93
North 6 524887 0.47 0.06
North-East 20 694741 1.19 0.16
East 26 903945 1.19 0.16
South—East 24 899875 1.10 0.15
South 21 793016 1.09 0.15
South—West 18 737885 1.01 0.13
West 16 742253 0.89 0.12
North-West 12 575855 0.86 0.11
Land use Built-up areas 30 273759 4.52 0.26 0.46 3.17 0.86 1.97
Agriculture areas 46 1840323 1.03 0.06
Vineyards 1 53415 0.77 0.04
Fruit trees 0 90234 0.00 0.00
Pastures 34 983962 1.43 0.08
Forests 11 2421852 0.19 0.01
Shrub 4 186818 0.88 0.05
Inland marshes 0 11138 0.00 0.00
Water bodies 18 83580 8.89 0.50
Distance from river (m) 0-50 81 526369 6.35 0.53 0.55 3.00 0.82 1.49
50-100 25 416254 2.48 0.21
100-150 16 454203 1.45 0.12
150-200 12 367919 1.35 0.11
200-400 9 1285190 0.29 0.02
400-700 1 1185694 0.03 0.00
700-1000 0 593507 0.00 0.00
> 1000 0 1115667 0.00 0.00
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Table 1 (continued)

Factor Class Flood pixels Class pixels FR, P; Py H; Hipax I; P;
Elevation (m) 2-200 48 1951514 1.02 0.16 0.72 3.00 0.76 0.79
200-400 46 884762 2.15 0.34
400-600 17 803057 0.87 0.14
600-800 20 602552 1.37 0.22
800-1000 2 647751 0.13 0.02
1000-1200 10 611209 0.68 0.11
1200-1400 1 332459 0.12 0.02
> 1400 0 111937 0.00 0.00
Rainfall (mm/year) 460-500 16 985015 0.67 0.09 0.72 3.00 0.76 0.88
500-600 12 695309 0.71 0.10
600-700 43 909395 1.95 0.28
700-800 24 818862 1.21 0.17
800-900 32 832149 1.59 0.22
900-1000 12 801234 0.62 0.09
1000-1100 5 668968 0.31 0.04
1100-1160 233051 0.00 0.00
Lithology 1 17 1517652 0.46 0.05 1.00 3.58 0.72 0.77
2 5 404793 0.51 0.06
3 14 484363 1.19 0.13
4 1 57639 0.72 0.08
5 5 302091 0.68 0.07
6 3 194118 0.64 0.07
7 71 1218,884 2.40 0.26
8 2 260019 0.32 0.03
9 1 98442 0.42 0.05
10 2 178269 0.46 0.05
11 2 141858 0.58 0.06
12 21 1087113 0.80 0.09
TWI —0.37-3.05 6 2013896 0.12 0.01 0.41 2.32 0.82 3.05
3.064.8 46 2421166 0.78 0.05
4.81-7.02 51 1023282 2.06 0.13
7.03-10.67 15 386558 1.60 0.10
10.68-19.89 26 100339 10.7 0.70

flood potential values appear on around 17.44% of the study
area, while the low flood potential is present on 19.43% of
the entire territory. Medium class of flood potential has a
percentage equivalent with 27.56%, while, together, the high
and very high flood susceptibility is spread on 35.57% Buzéu
river basin (Fig. 12).

MLP-I0E-HHO
By the optimization procedure of MLP model, using

HHO algorithm, the final results proved to be very per-
formant This situation is highlighted by the metrics like

@ Springer

pseudo-probability (Fig. 13a) which confirm the perfor-
mance of classification the flood and non-flood points. Also,
the Lift chart (Fig. 13b), ROC Curve (Fig. 13c) and Gain
chart (Fig. 13d) emphasize the very good quality of flood
and non-flood pixels classification. Additionally, very low
value of RMSE (0.019) is corresponding with an architecture
containing 35 hidden neurons (Fig. 13e). The importance
assigned to the flood predictors revealed the next situation:
Distance from river (18.3), Slope (17.93), Land use (14.32),
TPI (13.24), Lithology (11.23), Rainfall (7.72), Convergence
Index (6.04), HSG (5.67), Plan curvature (5.21), TWI (4.37),
Aspect (4.2) and Elevation (3.21) (Fig. 10).
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Fig. 10 Importance of flood predictors in terms of flood susceptibility

Like in the previous case, the FPlyy; p yno.1op Was calcu-
lated by including the importance of each flood predictor
into Map Algebra capabilities. Also, its values were split
into 5 classes using the Natural Breaks method. The very
low flood potential accounts 22.41% of Buzau river basin,
while the low flood potential spans on 21.77% of the same

area. Further, it can be seen that medium values of flood
potential appears on around 19.72%, while the high and
very high flood potential appear on 36.2% (Fig. 11b).

Stacking-HHO-IOE

In a first stage, the Stacking ensemble was created by the
combination of of CART, NB and SVM models, having as
meta-classifier the Logistic Regression (LR) model. The
Stacking ensemble performances were further improved
with the help of HHO algorithm. In terms of Stacking-
HHO-IOE hybrid combination the highest importance was
assigned to Slope angle (18.64), followed by Distance from
river (17.965), Land use (13.21), TPI (11.77), Lithology
(10.385), Rainfall (7.125), Plan curvature (6.765), Aspect
(5.31), Convergence Index (5.01), Hydrological Soil Group
(4.61), Elevation (4.265) and TWI (3.165) (Fig. 10).

The obtaining process of FPIg, iine-nno-10e values
assumes the involvement of flood predictors importance
into the Map Algebra application (Fig. 11c¢). Its values, split
into 5 class with the Natural Breaks method, revealed that
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Fig. 12 Weights of FPI classes

very low potential is spread on 21.47% of Buzau river basin.
The same index shows that low flood potential appears on
22.88% of the study zone, while the medium values are
located on a percentage of 14.57%. Taken together the high
and very high flood potential cover 41.08% of the study area.

Results validation

ROC Curve method implied the construction of both
Success and Prediction Rate. According to the Suc-
cess Rate AUC values, the highest performance was
achieved FPIp; nn.nno-iog (AUC =0.97), followed by
FPIgicking io-10 (AUC=0.966) and FPIyyp pyo 10k
(AUC =0.953) (Fig. 14a). Figure 14b highlights the
FPIgacking-nuo-10E @8 being the most performant model with
an AUC of 0.977, followed by FPI; yn.pmo-1os (AUC=0.97)
and FPLy; p_pno.oe (AUC =0.924).

The second stage of results validation procedure was
accomplished with the help of several statistical metrics.
Thus, in terms of training sample, the highest accuracy of
0.941 was achieved by DLNN-HHO-IOE, followed by Stack-
ing-HHO-IOE (0.934) and MLP-HHO-IOE (0.927). The use
of the same sample revealed a K-index equal to 0.882 for
DLNN-HHO-IOE model, 0.868 for Stacking-HHO-IOE and
0.854 for MLP-HHO-IOE. In terms of validating data set,
the best value of accuracy was attributed to DLNN-HHO-
IOE (0.926), followed by Stacking-HHO-IOE (0.918) and
MLP-HHO-IOE (0.91). The highest K-index was assigned to
DLNN-HHO-IOE (0.852), followed by Stacking-HHO-IOE
(0.836) and MLP-HHO-IOE (0.82) (Table 2).

Discussions

In today's society, floods are considered to be one of the
most dangerous and complex natural disasters due to their
short occurrence time, high-speed water runoff, as well as

great sediment transportation, which can lead to severe dam-
age to property and the loss of human life in a matter of
seconds (Ruidas et al. 2022). Also, if there are some spe-
cific characteristics like groundwater level very close to the
terrain altitude, the damages will be higher due to the fact
that the amount of water will last more time at the ground
surface (Balamurugan et al. 2020b; Panneerselvam et al.
2020). There is, however, no method that can completely
prevent its occurrence. Due to this need, the development
of flood prediction and mitigation strategies is crucial to
reducing the risk of human deaths from floods and reducing
the socioeconomic impacts of these events, which present
several challenges for local authorities. Researchers have
attempted to develop a proper mitigation strategy for floods
in several different ways (Huang et al. 2022); among them is
the Flood Susceptibility Mapping, which is one of the most
crucial flood mitigation strategies available to help identify
flood prone areas and to implement appropriate structural
and nonstructural procedures that will minimize the impact
of flooding in these areas (Mehryar and Surminski 2022). It
has been discovered that there are several methods and mod-
eling approaches that can be utilized to determine flood areas
(Zhang et al. 2022). However, it is also very important to
identify those methods that have more predictability and lia-
bility so that flooding can be prevented in the future. In the
recent era, the field of Artificial Intelligence and Machine
Learning algorithms has attracted considerable attention,
particularly for the purpose of predicting environmental
hazards (Pande et al. 2021); this is due to the accuracy of
their predictions and the ability to work with very large data-
sets which are less costly. The results produced by each of
these methods have been optimal on the basis of appropriate
flood affecting factors in the region concerned. The Flood
Susceptibility Mapping (FSM) has undergone substantial
improvements over the last decade; however, improvements
are still needed to improve the capability of the system to
map flash floods. Machine Learning algorithms have been
found to achieve similar accuracy compared to a number
of existing methods of modeling flood probability, as well
as differentiating the relationship between the environment
effect and flooding incidence (Zhao et al. 2022). In a flood,
geological conditions, hydrological conditions, morphologi-
cal conditions, and topographical features play an impor-
tant part in the entire phenomenon. Although, it is widely
accepted that only a small number of factors contribute sig-
nificantly to causing flood events in a particular area, thus
choosing the right factors is an essential step in the Flood
Susceptibility Mapping. In this study a number of 12 flood
predictors were selected to be involved in the modeling
procedure. From them, the most important factors revealed
to be the Slope angle, Distance from river, Land use and
Lithology (Chowdhuri et al. 2020). These factors achieved
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the highest importance values in terms of all the three com- ~ work, the application of Support Vector Machine (SVM)—

plex models that were applied in this research work. The = IOE ensemble showed that distance from river obtained the
results is in a partially agreement with those achieved by ~ highest importance, followed by slope angle, land use and
Costache et al. (2020b). In the aforementioned research  lithology. The use of Harris Hawk Optimization algorithm

@ Springer



Applied Water Science (2024) 14:78

Page 190f23 78

j[ (a)
o3 [f
JJ.“
0.6 |
B |
B
=
=
-
w
0.4
0.2— FPI Stacking- HHO-IOE (AUC = 0.966)
— FPI MLP-HHO-IOE (AUC = 0.953)
—— FPI DLNN-HHO-IOE (AUC =0.97)
Reference Line (AUC = 0.5)
0.0 T T T |
0.0 0.2 0.4 0.6 0.8 1.0
1 - Specificity
10 or
LE
[ (b)
0.8—
£ 0.6-
B
w
g
o
0.4—
0.2 FPI Stacking HHO-IOE (AUC = 0.977)
FPI MLP-HHO-IOE (AUC = 0.924)
— FPI DLNN-HHO-IOE (AUC = 0.97)
Reference Line (AUC = 0.5)
0.0 T T T T
0.0 02 04 0.6 08 1.0

1 - Specificity
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in the present study played a crucial role in the improve-
ment of model’s prediction accuracy. The same optimization
algorithm was also successfully used by Paryani et al. (2021)
that estimated the landslide susceptibility in Middle Zagros
Mountain Range. The results of flood potential estimated

over the Buzdu river basin from Romania, shows that the
most prone regions to flood occurence are located along the
main river valleys and also within the main hilly and moun-
tain depressions from the study zone.

There is always a possibility of uncertainty in any scientific
model, which may induce some limitations to the results of
a specific analysis. Input data or model parameters may be
the source of limitation. The spatial representation of flood
conditioning factors can lead to inherent errors in the present
study, as well as in similar studies. Although the models used
for flood susceptibility prediction performed very well, these
results make it clear that any errors in input data or model
parameters are minimal.

Conclusions

The present research aimed to propose three new opti-
mized ensembles to evaluate the flood susceptibility within
Buziu river basin from Romania. The study area repre-
sents a complex region that equally covers the mountain
hilly and plain zones. In a first phase of the study, a num-
ber of 205 locations were collected where floods occurred
in the past within the study area. At the same time, 12
flood predictors were selected as input data in the artifi-
cial intelligence models, whose ability to predict floods
was tested by the Correlation-based Feature Selection
method. By applying the prediction capacity evaluation
method, all factors proposed were found to be important
to some extent for the occurrence of flooding. Following
the calculation of the index of entropy coefficients, the
flood potential calculation models were developed based
on their values. The highest performances, in terms of
modeling procedure, was achieved by DLNN-HHO-IOE
and Stacking-HHO-IOE models with values of AUC equal
to 0.97 and 0.977, respectively. It should be noted also the
coverage of high and very high flood potential that range
from 35.57%, in the case of DLNN-HHO-IOE, to 41.09%
in the case of Stacking-HHO-IOE.

The main novelty of the present research is represented
by the combination of artificial intelligence models like
DLNN, MLP and Stacking ensemble with Harris Hawk
Optimization algorithm. The very high quality of the
results makes this research a benchmark for the future
studies related to the natural hazards susceptibility. Moreo-
ver, the results of this study can be very useful to the local
and central authorities which are in charge with the flood
mitigation measures.
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Table 2 Statistical metrics

. . . Training sample
involved in the evaluation of g P

Validating sample

models’ performance DLNN- MLP-HHO-IOE  Stacking- DLNN- MLP-HHO-IOE  Stacking-
HHO-IOE HHO-IOE  HHO-IOE HHO-
IOE

TP 135 133 135 57 55 56

TN 136 134 134 56 56 56

FP 9 11 9 4 6 5

FN 8 10 10 5 5 5

Sensitivity ~ 0.944 0.930 0.931 0.919 0.917 0.918

Specificity  0.938 0.924 0.937 0.933 0.903 0.918

Accuracy 0.941 0.927 0.934 0.926 0.910 0.918

K 0.882 0.854 0.868 0.852 0.820 0.836
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Abstract

Floods are among the most severe natural hazard phenomena that affect people around
the world. Due to this fact, the identification of zones highly susceptible to floods became
a very important activity in the researcher’s work. In this context, the present research
work aimed to propose the following 3 novel ensembles to estimate the flood suscepti-
bility in Putna river basin from Romania: UltraBoost-Weights of Evidence (U-WOE),
Stochastic Gradient Descending-Weights of Evidence (SGD-WOE) and Cost Sensitive
Forest-Weights of Evidence (CSForest-WOE). In this regard, a sample of 132 flood loca-
tions and 14 flood predictors was used as input datasets in the 3 aforementioned models.
The modeling procedure performed through a ten-fold cross-validation method revealed
that the SGD-WOE ensemble model achieved the highest performance in terms of ROC
Curve-AUC (0.953) and also in terms of Accuracy (0.94). The slope and distance from
river flood predictors achieved the highest importance in terms of flood susceptibility gen-
esis, while the aspect, TPI, hydrological soil groups, and plan curvature have the lowest
influence in terms of flood occurrence. The area with high and very high susceptibility
represents between 21% and 24% of the Putna river basin from Romania.

Keywords Flood susceptibility - Romania - Machine learning - Bivariate statistics -
Putna river basin

1 Introduction

As part of the hydrological cycle, flooding has always been a natural part of the system,
however, over the past decade, a gradual increase has been observed in the frequency and
magnitude of flooding (Vojtek and Vojtekova 2019; Zhang et al., 2022). In Romania, this
has been a challenging task because many countries have found it difficult to develop
effective flood prevention measures. As climate and land-use changes continue, flooding
is expected to increase. This can largely be attributed to an increase in the occurrence of
flood events (Pistrika et al. 2014; Afriyanie et al. 2020). As a result of these anthropogenic

Extended author information available on the last page of the article
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impacts, basins in which there has been substantial anthropogenic activity often experi-
ence increased runoff resulting in rapid erosion or increased evaporation processes (Chen
et al. 2009; Chakrabortty et al. 2021). The mapping of flooding susceptibility is essential
element of early warning systems intended to prevent and mitigate future flood risks since
they identify the most prone zones based on the physical factors determining how much
flooding will occur (Vojtek and Vojtekova 2019; Janizadeh et al. 2021). Therefore, vulner-
ability assessment may also incorporate the notion of susceptibility. There is a series of
conditions that have been recognized as necessary to construct flood susceptibility mapping
techniques as they reflect the physical characteristics of the area under investigation (Arnell
and Gosling 2016). These physical characteristics refer to several geographical components
like lithology, land use, slope angle, river density, and other morphometric variables and
hydrological soil groups. In selecting the appropriate conditioning factors for an assessment
of flood susceptibility, one has to take into consideration the spatial scale of that analysis.
For example, if the study zone is large (for example, the nation’s territory), then using fewer
variables would be reasonable. This is because it is more challenging to achieve the same
data (thought at the same resolution or scale) for the whole area (Dodangeh et al. 2020).
Some studies contend that fewer factors are possibly more likely to reduce the possibility
of your receiving some overrated factors if there is a limited number of them. Local- scale
(e.g., catchment) studies may integrate a variety of data and factors that are location-spe-
cific, allowing for an accurate description of flood predispositions because they utilize local
data and variables.

Geographical information systems (GIS) have emerged as powerful tools to facilitate
the synthesis of multiple input data sources (Zhao et al. 2020; Wang et al. 2021; Zhou et
al. 2021a, 2021b), variables (Gao et al. 2021; Liu et al. 2021a, 2021b; Quan et al., 2022),
and ensuing logical and mathematical relationships to generate flood susceptibility maps, as
flooding has both spatial and temporal aspects. There have been several methods developed
over the years which have been used to identify and assess flood-prone areas in different
geographic areas of the world. It should be noted the very strong development after 2010
of machine learning techniques (Chao et al. 2021; Zhang et al. 2020; Zhang et al. 2021;
Yin et al. 2022a; Zhan et al. 2022a, 2022b). Thus, they began to be used on a large scale
in almost all scientific fields (Jafari-Asl et al. 2021; Rad et al. 2022). One of the factors
that determined the accelerated increase in the degree of use of these modern techniques
is represented by the development of software and the implementation of machine learn-
ing algorithms with the help of programming languages (Mehta and Devarakonda 2018).
There were many advances in machine learning techniques used for mapping flood sus-
ceptibility in recent years, and several have revealed powerful features and demonstrated
favorable results (Zhang et al. 2019; Liu et al. 2020; Liu et al. 2022; Li et al. 2022). These
techniques include decision trees (Chen et al. 2020), artificial neural networks (Hong et al.
2018), random forest (Lee et al. 2017), Naive Bayes (Costache et al. 2019), logistic regres-
sion or support vector machine (Tehrany et al. 2015; Allahbakhshian-Farsani et al. 2020).
Several studies have recently attempted to build flood susceptibility models by using hybrid
strategies to determine their strengths and weaknesses. For example, machine learning was
used to combine bootstrapping and subsampling methods (Dodangeh et al. 2020). More-
over, there were attempts to estimate the flood susceptibility using some advanced hybrid
models that were generated by the combination of Dagging and Random Subspace algo-
rithms (Tian et al. 2021), on the one hand, with the random forest, support vector machine
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and artificial neural network, on the other hand (Islam et al. 2021). Other authors compute
the flood susceptibility using the functional trees hybridized with bagging and rotational
forest(Arabameri et al. 2020). A common practice in the assessment of flood-prone areas
is to combine the bivariate statistics methods, like frequency ratio or weights of evidence,
with models from the machine learning category like classification and regression tree, deep
learning neural network, random forest, or support vector machine (Costache and Bui 2019;
Bui et al. 2020). Hybrid machine learning algorithms provide excellent results for model-
ing natural hazards and many natural hazard models have been applied to hybrid machine
learning algorithms for implementation and creation. While there was an agreement among
the scientists that some tools would be useful to evaluate various hazards more effectively
(Chen et al. 2021), there was no universal agreement on which tools were best suited to
stimulate natural hazards such as floods. Flood susceptibility and other ways of stimulating
natural hazards are among the research topics being discussed by researchers.

Therefore, in the present research work, the main scope of the developed workflow was
to estimate the flood susceptibility across the Putna river basin from Romania, with the
help of novel ensemble algorithms which were generated by the combination of Weight of
Evidence bivariate statistics and the next three machine learning models: UltraBoost, Sto-
chastic Gradient Descending and Cost Sensitive Forest.

The accuracy of the results was demonstrated with the Receiver Operating Characteristic
(ROC) Curve method and by the computation of several statistical metrics. It should be also
mentioned that the following sections are structured as follows: Study area; Data; Methods;
Results; Discussions; Conclusions and future directions.

2 Study Area

The Putna river basin in Romania is the subject of this case study (Fig. 1). There are 2509
km? in this catchment, and its boundaries have the following coordinates: 26° 22° 13.08”
and 27° 29’ 57.84” E longitude, and 46° 2° 44.16” and 45° 31’ 23.16” N latitude (Costache
and Bui, 2019).

It is verified by government data in Romania that the worst flooding event which can
be attributed to the Putna river catchment took place in 2005, and this catastrophe caused
the death of a total of 15 people (Romanescu and Nistor 2011). A total of approximately
€150 million was also generated by flooding that year as a result of the floods (Tirnovan et
al. 2014). Supplementary aspects of the Study area are provided in Sect. 1 (S1) of Online
Supplementary Material.

3 Data

3.1 Flood Inventory

As part of this study, a map of flood risk was created using information collected from the
General Inspection for Emergency Situations of Romania. The study zone was subsequently

found to have 132 flood events, as a result of this investigation procedure. It was determined
that an additional sample with 132 non-flood locations should be created since flood suscep-
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tibility mapping is a process related to the binary classification topic. Furthermore, to ensure
that we have the opportunity to test the model’s performance and to verify the accuracy of
the prediction results, the flood and non-flood database samples were split into the training
data set of 70% and the validation data set of 30%. Supplementary aspects of flood inven-
tory are included in the Sect. 2 (S2) of the Online Supplementary File.

3.2 Flood Predictors

The flood predictors we chose to calculate the flood susceptibility for the entire region
under study were comprised of 14 flood prediction models after careful consultation of the
literature and taking into account the specific characteristics of the Putna River Basin. In
order to create the Digital Elevation Model (DEM) across the area on which the study is
focused, it was crucial to use the Shuttle Radar Topographic Mission at a resolution of 30 m.
As a result, the DEM was used to derive the following nine morphometrical flood predic-
tors, namely: slope angle (Fig. 2a), topographic position index (TPI) (Fig. 3a), elevation
(Fig. 2 h), convergence index (Fig. 2¢), plan curvature (Fig. 3b), stream power index (SPI)
(Fig. 3c), profile curvature (Fig. 2b), topographic wetness index (TWI) (Fig. 2 g) and aspect
(Fig. 3e). The rest of 5 conditioning factors (land use (Fig. 2d), lithological groups (Fig. 2e),
distance from river (Fig. 3f), hydrological soil groups (Fig. 2f) and rainfall (Fig. 3d)) were
derived using vectorial database such as: Corine Land Cover, 2018 used for land use; Geo-
logical Map of Romania 1:20000 used for lithology; National River Cadastre for Romania
that was used as database for distance to river factor; Soil Map of Romania, 1:200000 used
to extract hydrological soil groups; mean annual sum of precipitation for period 1980-2015
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Fig. 2 Flood conditioning factors (a. Slope angle; b. Profile curvature; c. Convergence Index; d. Land use; e.
Lithology; f. Hydrological Soil Groups; g. TWI; h. Elevation)

which was used to generate the rainfall map for the study area. A short description of the
predictors is provided in Sect. 3 (S3) and Table S1 of the Online Supplementary Material.
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4 Methods
4.1 ReliefF Method

By using the ReliefF method, we will be able to make a preliminary evaluation of the pre-
dictive potential of the variables used as inputs to estimate flood susceptibility (Costache
et al. 2021). Furthermore, it is important to emphasize that the ReliefF algorithm is capable
of operating with continuous and discrete data. It is considered that the attribute value is
assigned to the nearest instance of the same or a different class of the given attribute value
(Costache et al. 2021). ReliefF was used in the present study as an analysis tool using Weka
3.9 software. Additional aspects of ReliefF method are included in Sect. 4 (S4) of Online
Supplementary Material.
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4.2 Weights of Evidence

To provide information as to how the Weights of Evidence method can be implemented
in GIS environment, it is necessary to establish the following relationships (Armas 2012):

Npix Npizx:
W = In(| | T )
Npixy + Npixo | Npizs + Npixy
Npix Npix
W™ = In(| — ) @)
Npixy + Npixy| ' "Npivs + Npixy
where N;,; is the number of flood pixels within a class; N, is the number of flood pixels

outside the specific class; N ;5 is the number of pixels in a class without flood locations;
N,ixs is the number of non-flood pixels outside a class; W* is equal to the positive weight,
while W™ represents the negative weight.

The final values of WOE coefficients (Wf) will be calculated using the next relation
(Dahal et al. 2008):

W f = Wplus + Wmintotal — Wmin 3)

where Wplus is the positive weight of a class/category from a factor, Wmin is the negative
weight of a category belonging to a specific factor, Wmin total represents the sum of all the
negative weights in a multiclass map.

The weights of evidence values were used as input data in the data mining models used
in the present research. More aspects of Weights of Evidence can be found in Sect. 5 (S5) of
Online Supplementary Material.

4.3 UltraBoost (U)

UltraBoost classifier represents a method used to boost heterogeneous learners. In the pres-
ent research work, the UltraBoost algorithm is trained so as for each case to be assigned a
specific probability of flooding (Moustafa et al. 2020). The attribute class forecast with the
help of model is flood=1 for the areas highly exposed to flood and 0 for non-flood — so
the output probabilities of flood genesis is ranging between 0 and 1. Additional aspects of
UltraBoost model are inserted in Sect. 6 (S6) of Online Supplementary Material.

4.4 Stochastic Gradient Descending (SGD)

The stochastic gradient descent method is a stochastic approximation of the gradient descent
method, which is an iteration-based method for generating a derivative function (Hoang
2019). In addition to its high efficiency, and ease with which it can be implemented for
datasets with redundant samples, this algorithm is very popular. In the flood susceptibility
analyses, SGD is seldom applied, which is something that needs to be investigated more
in-depth. The application of SGD in the present research work was possible through Weka
3.9 software. Additional aspects of the Stochastic Gradient Descending (SGD) model are
presented in Sect. 7 (S7) of Online Supplementary Material.
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4.5 Cost Sensitive Forest (CSForest)

The CSForest can be applied through the mean of the Classification Cost Reduction (CCR)
function which replaces the Gain Ratio that was used as a splitting criterion (Siers and Islam
2015). The tree built by CSForest, before pruning, is deeper than that by CSTree. CSForest,
by contrast, builds an ensemble of trees and then uses CSVoting for classifying records/
modules whereas the CSTree builds a single tree. In the present case study, the CSForest,
for flood susceptibility modelling, was run in Weka 3.9 software. Additional aspects of Cost
Sensitive Forest (CSForest) algorithm are included in Sect. 8 (S8) of Online Supplementary
Material.

4.6 Results Validation
4.6.1 Receiver Operating Characteristic (ROC) Curve

ROC Curve suggests that a model can accurately predict flood susceptibility. Area Under
Curve (AUC) measures the value of a curve of ROCs which is helpful for the user in getting
the most important information (Xie et al., 2021a). The range of the AUC is between 0 and
1 (Xie et al., 2021b). Using the following mathematical relationship, we can estimate the
AUC:

>TP+> TN)

|
AUC= (P+N)

“)

where TP (true positive), TN (true negative) are the sums of flood and non-flood locations
correctly classified.

Additional aspects of ROC Curve are included in Sect. 9 (S9) of Online Supplementary
Material.

4.6.2 Statistical Metrics

The next 5 statistical indicators were involved also in the results validation procedure: Accu-
racy, Specificity, Sensitivity, Kappa Index, and Precision. In order to calculate the statistical
metrics, we will be using the following equations (Canbek et al. 2017):

TP

Sensitivity = TP+ FN )
Specificity = FPFEriNTN (6)
Precision = TPTiJrPFP @)
Accuracy = B (®)

TP +FP +TN+FN
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m Flood and Non-Flood locations inventory
(132 flash-flood locations, 132 non-flash-flood locations)
m Selection of 14 flood predictors
(ReliefF feature selection)
m Selection of flash-flood potential models (WOE, U-WOE, SGD-WOE,
CSForest-WOE)
m Configure and run and evaluate the models performance through Weka
software

—-m——{ Compute Flood Susceptibility Index maps with the 3 selected models ‘

m Validate the FSI results using ROC Curve, Kappa Index, Specificity,
Accuracy, k-index

Fig. 4 Flowchart of the methodological steps applied in the present research

Po = Pe
k= Do Pe 9
1—p, ©)

where P is the sum of flood locations, N is the sum of non-flood locations, FP (false positive)
and FN (false negative) are the numbers of flood and non-flood locations erroneously clas-
sified, & is the kappa coefficient, p, is the observed flood locations, and p, is the estimated
flood susceptibility locations.

A short description of the workflow followed in the present study is represented in Fig. 4.

5 Results
5.1 Feature Selection Using ReliefF Method

The application of ReliefF method provided the following outcomes: Slope (0.653), Land
use (0.390), Distance from river (0.354), Elevation (0.32), Plan curvature (0.318), Rain-
fall (0.246), SPI (0.22), HSG (0.207), TWI (0.161), Profile curvature (0.140), Lithology
(0.138), TPI (0.048), Convergence Index (0.021) and Aspect (0.01) (Fig. S1). According to
the obtained values, all the flood predictors have an influence on the flood triggering pro-
cess, and therefore, all of them were considered in the workflow analysis.
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5.2 Weights of Evidence Coefficients

The WOE value is also a positive value as well as a negative value, and consequently, this
procedure was necessary. The WOE of 3.56 assigned to the river land use class was the
highest value and was followed by elevation below 200 m (3.1) and the class of distance
from river lower than 50 m (2.9) (Table S2). The WOE was used as an input dataset in the
three machine learning models.

5.3 Ultraboost-Weights of Evidence (U-WOE)

The U-WOE ensemble model was trained through a ten-fold cross-validation method in
Weka software. Following the training process, the Mean Absolute Error (MAE) was equal
to 0.187, while the Root Mean Squared Erroe (RMSE) was 0.1991. The Precision revealed
after the training procedure was equal to 0.989. A very important output of the training pro-
cedure is represented by the flood predictors importance which have the next values: Slope
(0.162), SPI (0.115), Convergence index (0.105), Elevation (0.102), Rainfall (0.091), Dis-
tance from rivers (0.09), HSG (0.078), TPI (0.077), Plan curvature (0.072), Aspect (0.049),
Lithology (0.027), Profile curvature (0.02), Land use (0.007) and TWI (0.004) (Fig. S2).

The importance values were imported in ArcGIS Map Algebra and the Flood Susceptibil-
ity Index (FSI) was calculated by the multiplication with WOE coefficients. The results of
FSIy_wog, Were reclassified into 5 classes through the help of Natural Breaks method. The
first class, that indicates the very low flood susceptibility values, appears on around 21%
of the study area (Fig. 5a). Further, another 35.38% of the research area is covered by low
FSI;_wog values, while medium flood susceptibility has a total percentage of 19.41%. The
high and very high flood susceptibility zones account for approximately 16% of the Putna
river basin.

5.4 Stochastic Gradient Descending - Weights of Evidence (SGD-WOE)

The SGD-WOE model was also run in Weka software using the ten-fold cross-validation
procedure. The next parameters were established in order to train the SGD-WOE ensemble:
batch Size — 100; epochs — 100; epsilor — 0.01; lambda — 1.04E-4; learning rate — 0.01; seed
— 1. The training procedure revealed the achievement of a Mean Absolute Error (MAE)
of 0.131, while the Root Mean Squared Erroe (RMSE) was 0.145. The model Precision
reached 0.991. The final step in the training of SGD-WOE model was the determination of
the next values of flood predictors importance: Slope (0.305), Distance from rivers (0.127),
TWI (0.094), SPI (0.087), Convergence index (0.079), Lithology (0.078), Elevation (0.074),
Profile curvature (0.061), Land use (0.034), Rainfall (0.032), Aspect (0.012), TPI (0.007),
HSG (0.006), Plan curvature (0.002).

These values were used in the GIS environment through Map Algebra in order to esti-
mate the flood susceptibility index. The very low flood susceptibility is presented on 41.62%
of the Putna river catchment (Fig. 5b). The low flood susceptibility is spread on 33.04% of
the study zone, while the medium values of flood exposure have only 4.28% of the Putna
river basin. A total of 21% of the study area is characterized by high and very high flood
susceptibility values.
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5.5 Cost Sensitive Forest - Weights of Evidence (CSForest-WOE)

In order to train the CSForest-WOE model, a ten-fold cross-validation algorithm was
applied. The structure that provides the best performance for CSForest was formed by 5
trees (Fig. S3). The value of Mean Absolute Error (MAE) was 0.095, while the Root Mean
Squared Error (RMSE) was equal to 0.127. The very high performance of the CSForest-
WOE algorithm was revealed by the Precision of 0.993.

Further, the next hierarchy was revealed among the flood predictors: Slope (0.158),
Distance from river (0.119), Elevation (0.108), SPI (0.094), Rainfall (0.086), Convergence
index (0.082), Land use (0.068), Lithology (0.062), HSG (0.05), TWI (0.049), TPI (0.042),
Plan curvature (0.04), Aspect (0.026) and Profile curvature (0.016).

The flood susceptibility values were split into 5 classes through the mean of Natural
Breaks method. The very low values of FSIgr,est—wor 0ccupy around 26.51% of the Putna
river basin, while the low flood susceptibility characterizes 34.31% of the research zone
(Fig. 5¢). Medium flood susceptibility has a total percentage of 14.93%, while the high class
of FSIgrorest-wor covers 7.67% of the area on which the present study is focused. The very
high class reaches a total percentage of 16.57% of the study zone.

5.6 Results validation
5.6.1 ROC Curve

The Success Rate associated with flood susceptibility maps shows that FSIg;p_wor has
the highest performance with an AUC of 0.953, followed by FSI;;_yor (AUC=0.951) and
FSIcpgorest (AUC=0.95) (Fig. 6a). The results related to the Prediction Rate revealed that
the best flood susceptibility maps were associated to the FSIggp_wop and FSI_yor both
of them having an AUC of 0.947. The FSItgroesi-wor has the lowest performance being
characterized by an AUC of 0.945 (Fig. 6b).

5.6.2 Statistical Metrics

In terms of the training sample, the highest accuracy was achieved by SGD-WOE (0.94),
followed by U-WOE (0.935) and CSForest-WOE (0.929). Regarding the results for
k-index, it should be noted that the best value was obtained by SGD-WOE (0.88), followed
by U-WOE (0.87) and CSForest-WOE (0.859). In regards to the validating sample, it should
be seen that the maximum accuracy of 0.938 was attributed to SGD-WOE model, followed
by U-WOE (0.925) and CSForest (0.913). The k-index revealed the same hierarchy with
SGD-WOE in the first place with 0.875, followed by U-WOE (0.85) and CSForest-WOE
(0.825) (Table 1).

6 Discussions
There is no doubt that atmospheric emissions of greenhouse gases have been increasing in

the past few decades, and these emissions have become increasingly pronounced because
of the occurrence of weather-related and climate-related events such as flooding, droughts,

@ Springer



4776

R. Costache et al.

[evsmRetes

1577

o

4182

10
1196
az I

FSI SGI-WOE classes.

08

Verylow Low  Medisn  High  Verybigh

20 Km

e

.

rRTE
e

7 I tow [ High 0 5 10 20 Km

1657

Mediwm  High  Very high
! classes

woen

e

o

e,

| Medium [ Very high e

Fig.5 Flood Susceptibility Index (a. U-WOE; b. SGD-WOE; c. CSForest-WOE)

@ Springer

e



New Machine Learning Ensemble for Flood Susceptibility Estimation 4777

1.0 - e
0.8
(a)
P 0.6
2
I
& al
0.4+ |
FSI CSForest-WOE (AUC = 0.95)
—FSI SGD-WOE (AUC =0.953)
0.2 FSIU-WOE (AUC =0.951)
J Reference Line (AUC = 0.5)
0.0 T T T T
0.0 0.2 04 0.6 0.8 1.0
1 - Specificity
1.0
— T
|
0.8
(b)
'E' 0.6 |
p=! i
w
g
w
0.4-
FSI CSForest-WOE (AUC = 0.945)
—FSI SGD-WOE (AUC =0.947)
0.2 FSI U-WOE (AUC =0.947)
Reference Line (AUC = 0.5)
0.0 T T T T
0.0 0.2 04 0.6 0.8 1.0

1 - Specificity

Fig.6 ROC Curves (a. Success Rate; b. Prediction Rate)

@ Springer



4778 R. Costache et al.

Table 1 Statistical metrics for the applied flood susceptibility models

Training sample Validating sample
Metrics CSForest-WOE SGD-WOE U-WOE  CSForesttWOE SGD-WOE  U-WOE
TP 85 87 88 36 37 38
™N 86 86 84 37 38 36
FP 7 5 4 4 3 2
FN 6 6 8 3 2 4
Sensitivity (%)  0.934 0.935 0.917 0.923 0.949 0.905
Specificity (%)  0.925 0.945 0.955 0.902 0.927 0.947
Accuracy (%) 0.929 0.940 0.935 0.913 0.938 0.925
k-index 0.859 0.880 0.870 0.825 0.875 0.850

storm surges, and sea-level rises (Dimeyeva et al. 2015; Yin et al. 2022b). Natural risk evalu-
ation research works also include the flood susceptibility models, which are among the most
challenging. Flood susceptibility prediction accuracy is strongly influenced by the effects
of particular conditions relevant to the study area(s) and by the method used in making the
prediction (Islam et al. 2021). As in many other similar studies, in this paper, the authors
wanted to estimate the susceptibility to floods by comparative use of 3 machine learning
models. These were also combined with a bivariate statistical method, the latter allowing
uniform input data to be obtained for all flood predictors. The ensemble approach used in
flood susceptibility mapping between researchers has been quite useful in some cases. An
ensemble model was applied for bivariate and multivariate statistical analysis by Bui et al.
(2019), and they found the ensemble model to be better than the individual models. The 3
machine learning models are represented by UltraBoost, Stochastic Gradient Descending
and Cost Sensitive Forest, while the bivariate statistics method was represented by Weights
of Evidence. The performance of the 3 models of flood susceptibility was performed using
the ROC curves, the Area Under the Curve (AUC) and several statistical metrics (sensitiv-
ity, specificity, accuracy and k-index) results. All the results showed that the models were
able to perform reasonably well in assessing flood-prone areas. All 3 models had associ-
ated AUC values greater than 0.945, which indicates a very high performance and a high
accuracy of flood susceptibility maps. These performances far exceeded the performance
obtained by Nachappa et al. (2020), in which ensemble methods between machine learning
and bivariate statistics were also used and in which all AUC values were below 0.9. The
aforementioned study focused on the Salzburg province from Austria which has a multitude
of common climatic and relief characteristics as in the high and middle altitude regions of
the present study area. Another study whose central topic was the determination of flood
susceptibility using machine learning combined with bivariate statistics was conducted by
Liuzzo et al. (2019) in Devon County, in the United Kingdom. And in this case, the AUC
values obtained by the authors of the previously mentioned study were generally more than
0.91, being, therefore, lower than those obtained in the present study. This demonstrates
once again that the use of the 3 algorithms in the present study may be more efficient than
other machine learning models used in the literature. Another example of a study on flood
susceptibility calculated by state-of-the-art algorithms was conducted by Wang et al. (2020).
The authors of the study used a combination of Support Vector Machine (SVM) and Con-
volutional Neural Network (CNN) to estimate flood exposure in Shangyou County from
China. In this case, the highest AUC value was 0.937 and was associated with the 2D-CNN
algorithm. Even in this situation where very powerful computational algorithms were used
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in estimating flood susceptibility, the performance of the models applied in the present study
was not exceeded.

The findings of the present study are generally expected to have a significant impact on
refining flood risk management plans and activities as well as the principles in the region for
making certain that additional damages caused by flooding are avoided.

7 Conclusions and Future Directions

The central topic of this scientific article is the estimation of flood susceptibility through
3 advanced machine learning models in the hydrographic area of the Putna River Basin in
Romania. The combination of the bivariate statistical method represented by Weights of
Evidence with the following 3 machine learning models allowed the generation of ensemble
models that provided very good results: UltraBoost, Stochastic Gradient Descendent and
Cost Sensitive Forest. The application of ROC Curve and Area Under Curve showed that
the best performance was obtained by SGD-WOE ensemble whose AUC value was 0.953.
Also, statistical metrics showed that the same model obtained the highest Accuracy, equal
to 0.94. According to the flood susceptibility maps generated by the three ensemble models,
the surfaces with a high and very high degree of flood exposure are found on surfaces that
fall between 21.04% (FSIggp_wor) and 24.24% (FSIcgrorest—wor)- These areas with high and
very high exposure to floods are spread mainly in the plain area of the study area but also
along the main valleys in this region.

The main novelty of the present study is the application for the first time in the literature
of the three ensemble models in order to estimate the susceptibility to floods. Their very
high performance is a strong reason for these three ensemble models to be taken over in
other research papers and applied to other study areas. At the same time, the authors of
the study consider, as future research directions, the integration of the methodology for
estimating the susceptibility to floods within a wider methodology for estimating the risk of
these phenomena. Thus, in future works, the socio-economic objectives of the studied area
will also be taken into account. It is also considered to carry out detailed case studies on
floodplains through hydraulic modeling and the use of digital land models with high spatial
resolution.
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ABSTRACT

It is difficult to predict and model with an accurate model the floods, that are one of the most destructive risks
across the earth’s surface. The main objective of this research is to show the prediction power of three ensemble
algorithms with respect to flood susceptibility estimation. These algorithms are: Iterative Classifier Optimizer —
Alternating Decision Tree — Frequency Ratio (ICO-ADT-FR), Iterative Classifier Optimizer — Deep Learning Neural
Network — Frequency Ratio (ICO-DLNN-FR) and Iterative Classifier Optimizer — Multilayer Perceptron — Fre-
quency Ratio (ICO-MLP-FR). The first stage of the manuscript consisted of the collection and processing of the
geodatabase needed in the present study. The geodatabase comprises a number of 14 flood predictors and 132
known flood locations. The Correlation-based Feature Selection (CFS) method was used in order to assess the
prediction capacity of the 14 predictors in terms of flood susceptibility estimation. The training and validation of
the three ensemble models constitute the next stage of the scientific workflow. Several statistical metrics and
ROC curve method were involved in the evaluation of the model’s performance and accuracy. According to ROC
curves all the models achieved high performances since their AUC had values above 0.89. ICO-DLNN-FR proved
to be the most accurate model (AUC = 0.959). The outcomes of the study can be used to guide future flood risk

management and sustainable land-use planning in the designated area.

1. Introduction

Every year, many parts of the world are affected by natural disasters
related to excess water resources. Among all types of natural disasters,
floods are the risk phenomenon that causes the greatest economic loss
and death. It can be noted that on a global scale, these hazards affect
about 200 million people every year (Ali et al., 2020). Due to global
climate change, the number of such disasters recorded in the past few

decades has increased (Alfieri et al., 2018). The amount of damage
caused by floods is expected to increase substantially in the next few
years (Arabameri et al., 2019).

Taking into account the economic loss and loss of life caused by the
flood, Romania is one of the worst-hit European countries, along with
Italy, Germany, Spain, and France (Vinke-de Kruijf et al., 2015). Thus,
research work in the domain of vulnerability to flooding is mandatory in
order to develop preventive measures to reduce the effects of floods. In
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this respect, the identification of flood risk zones with high precision is
very important (Bui et al., 2019). Therefore, all measures intended to
mitigate the impact of floods should be based on previously identified
areas that are highly vulnerable to flood risk. Therefore, the
high-precision flood sensitivity map can be regarded as a non-structural
measure and should be considered in flood risk management.

The number of research papers that address the topic of flood sus-
ceptibility evaluation has greatly increased in the last few years (Islam
et al., 2021; Pham et al., 2021; A. Saha et al., 2021). As the number of
papers on this topic has increased, the models used to assess the spatial
variability of flood susceptibility have also diversified. Therefore, a large
number of papers are based on bivariate statistical methods, like:
weights of evidence (S. Saha et al., 2021b), frequency ratio (Natarajan
et al., 2021), index of entropy (Wang et al., 2021), certainty factor (Cao
et al., 2020), evidential belief function (Chowdhuri et al., 2020) and
statistical index (Akay, 2021). An important role in the methodologies
developed for this type of studies is also owned by algorithms like:
artificial neural networks (Khoirunisa et al., 2021), support vector ma-
chine (Liu et al., 2022), classification and regression trees (Choubin
etal., 2019), random forest (Chen et al., 2020), Naive Bayes (Tang et al.,
2020), rotation forest (Costache and Bui, 2019), adaptive neuro-fuzzy
inference system (Ahmadlou et al., 2019) or deep learning neural
network (Ahmadlou et al., 2021). It is very important to mention that all
the listed models require as a dependent variable the locations where the
flood took place in the past. Also, the independent variable or the flood
predictors are used in these types of models as explanatory factors. The
possibility of evaluating model performance and verifying the results is a
very important strength that characterizes these methods involved in the
evaluation of flood susceptibility.

It should be mentioned that there is not a general consensus among
the researchers regarding the most performant model in terms of flood
susceptibility assessment. This is one of the reasons why new hybrid
models are generated and applied to improve the results. In this regard,
we can mention the hybrid integration of bivariate statistics with ma-
chine learning (Costache, 2019b), the ensembles of bivariate statistics
with multicriteria decision-making analysis methods (Costache and Bui,
2020), the ensembles of multicriteria decision-making analysis methods
with machine learning (Nachappa et al., 2020), or the hybrid models
generated by the combination of multiple machine learning models
(Prasad et al., 2021). Therefore, a novel ensemble approach is crucial for
filling the above research gaps.

Taking all the above aspects into consideration, the purpose of this
research is to estimate the flood susceptibility in a highly affected area
from Romania, using 3 novel ensemble algorithms represented by:
Iterative Classifier Optimizer — Alternating Decision Tree — Frequency
Ratio (ICO-ADT-FR), Iterative Classifier Optimizer — Deep Learning
Neural Network — Frequency Ratio (ICO-DLNN-FR) and Iterative Clas-
sifier Optimizer — Multilayer Perceptron — Frequency Ratio (ICO-MLP-
FR). The integration of these models is explained by the fact that an
optimization algorithm like ICO can be able to improve the performance
of the three machine learning models in terms of flood susceptibility
assessment. To the best of the authors’ knowledge, these ensemble al-
gorithms have not been used together to examine any natural hazard,
such as flood susceptibility maps. The confusion matrix and other sta-
tistical indices like sensitivity, specificity, accuracy, and k-index will be
involved in testing the model’s performance, while the ROC Curve will
be used in order to estimate the accuracy of the results. The novel aspect
of this paper is that it integrates three new ensembles e.g., ICO-ADT-FR,
ICO-DLNN-FR and ICO-MLP-FR for the first time for mapping flood
susceptibility. It is hoped that the proposed novel ensemble approach is
not limited to flood susceptibility studies but can be employed in other
environmental disasters such as gully erosion, landslides, forest fires and
avalanches.
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2. Study area and data used
2.1. Study area

The present case study is focused on Putna river basin from Romania
(Fig. 1). This catchment has a surface of 2509 km? and his extreme limits
have the following coordinates: 26° 22’ 13.08” and 27° 29’ 57.84" E
longitude, and 46° 2’ 44.16” and 45° 31’ 23.16” N latitude.

The study area covers the following 3 distinct relief regions: the
Romanian Plain Region, Subcarpathian Region and Carpathian Region.
Putna river catchment is distributed into three different topographical
units, represented by mountain (Carpathian region), hilly (Sub-
carpathian region) and plain zones (Romanian Plain), which are prom-
inently manifested in the elevation range from 14 m in the lowlands to
1786 m in the mountains. Another morphometric indicator that reveals
the differences between the specific regions is the slope angle which is
close to 60°, in the mountain area, while the main feature of the plain
area is the slope angle close to 0°. Therefore, the slope distribution can
offer a first indication regarding the spatial variability of flood suscep-
tibility. Therefore, in mountainous and hilly areas the surface runoff is
likely to occur, besides in plain areas that have higher water storage
potential and are more likely to be affected by floods. The climatic
conditions are characterized by frequent heavy rainfall events, while the
annual sum of precipitation on average is about 800 mm/year, which
varies according to relief units and altitude. The forests account for
about 53.3% of the study area, being followed by agricultural areas
(18.1%), pastures (10.2%), built-up areas (6.2%), vineyards (6.1%),
shrubs (3%), rivers (1.6%) and fruit trees (1.5%) (Costache and Bui,
2019).

The data from the Romanian Government certifies that the most
devastating flood events within the Putna river catchment occurred in
2005, a disaster that caused a total of 15 fatalities. Also, in that year, the
total economic losses generated by floods were quantified at €150
million (Romanescu and Nistor, 2011).

2.2. Flood locations inventory

In the process of flood susceptibility computation, a very important
input variable is represented by the locations of the past flood events.
This is explained by the fact that the floods will be more likely in areas
that have the same characteristics as those where they have already
produced flood in the past (Arabameri et al., 2019). In this case, the
sources for flood inventory locations can be: governmental archive da-
tabases, newspaper articles, past scientific articles, or field surveys
(Costache and Bui, 2019). In this study, the flood inventory map was
created based on the information from the General Inspectorate for
Emergency Situations in Romania. Therefore, a total of 132 flood events
occurred in the study zone. According to the authorities, these locations
were placed in the most representative points of the flooded zones and
therefore we consider that these locations are also representative for the
present research work. Moreover, the high majority of the flood sus-
ceptibility studies in the literature are using as dependent variable the
flood locations as points (Ahmadlou et al., 2019, 2019, 2019; Chowd-
huri et al., 2020). Because of the fact that flood susceptibility mapping is
a binary classification procedure, another sample with 132 non-flood
locations was created. Moreover, in order to ensure the possibility to
test the models’ performances and to check the accuracy of the results,
the total sample comprising the flood and non-flood locations was split
in a first stage into 70% - training data set and 30% - validating data set.
Furthermore, the training dataset was divided again into 70% - training
data sets and 30% - testing data sets. It is worth to mention that the
sampling process was done, in a random way, using the Subset tool of
ArcGIS 10.8 software. The random sampling procedure was involved in
order to ensure that the results are as objectives as possible and are not
influenced by a subjective sampling process.
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2.3. Flood predictors

In all research papers where the main goal is to detect and quantify
the flood-prone surfaces, the selection of predictors that have a great
influence on the flood process is a crucial step. After a careful consul-
tation of the literature (Chen et al., 2020; Nachappa et al., 2020; Teh-
rany et al., 2013) and giving specific conditions for the characteristics of
the Putna River Basin, a total of 14 flood predictors were initially
selected to calculate the flood susceptibility of the entire study area. The
Shuttle Radar Topographic Mission (SRTM) at a spatial resolution of 30
m was an important data source from which the Digital Elevation Model
(DEM) for the study area was extracted. Further, the DEM was involved
in the derivation of the next 9 morphometrical flood predictors: slope
angle, elevation, topographic position index (TPI), stream power index
(SPD), plan curvature, topographic wetness index (TWI), profile curva-
ture, convergence index, and aspect. The other 5 flood predictors were
derived from specific databases like: Geological Map of Romania
1:200000 for lithology, Soil Map of Romania 1:200000 for hydrological
soil group, Corine Land Cover 2018 data base for land use, and National
River Cadaster of Romania for distance to river. The rainfall was ach-
ieved by the interpolation of the mean sum of multiannual precipitation
values recorded within the period 1980 and 2015. The flood predictors
are as follows:

Slope angle is an important morphometric factor which have a major
influence in flooding phenomenon (Dahri and Abida, 2017). It is
well-known that a flat area is more prone to flooding than an area with a
high slope angle that leads to surface runoff manifestation. The slope
angle was split into the following categories in order to create the slope
angle map: < 3°; 3-7°; 7-15°; 15-25°;, >25° (Fig. 2b). Elevation is a
second morphometric factor that has a crucial role in the evaluation of
flood susceptibility because of the fact that the flood events are more
likely in low altitudes areas (Tehrany et al., 2013). For the present case

study, the next 8 altitude classes were applied in order to generate the
elevation map: < 200 m; 200-400 m; 400-600 m; 600-800 m;
800-1000 m; 1000-1200 m; 1200-1400 m; >1400 m (Fig. 2h). Topo-
graphic Position Index (TPI) manage to differentiates a cell from its
surrounding cells was taken into account their elevation (Jenness,
2000). In the present research the next classes were defined for TPI map:
35.39 - (—4.79); (—4.79) - (-1.57); (-1.57) - 1.32; 1.32-4.86;
4.86-46.73 (Fig. 3f). Based on the slope angle values and the specific
catchment area, topographic wetness index (TWI) is calculated (Ali
et al., 2020). This indicator highlights the effect that topography has on
the water accumulation phenomenon. In order to draw the TWI map, the
following classes were established using the Natural Breaks method:
(=9.07) - 4.36; 4.36-8.29; 8.29-11.69; 11.69-14.81; 14.81-25.54
(Fig. 2e). Stream Power Index (SPI) represents another morphometric
indicator that will be used as flood predictor. Water’s erosive power and
transport capacity are considered in determining its values (Sharma
et al., 2015). The next expert judgment-based classes were established
for SPI map: 0-50; 50-200; 200-500; 500-1000; >1000 (Fig. 3e).
Several studies have used the Convergence Index, derived from DEM, to
assess flood and flash flood susceptibility (Zaharia et al., 2015, 2017).
Interfluvial surfaces are highlighted by positive values, while hydro-
graphic convergence is demonstrated by negative values (Costache,
2019a). Convergence Index map was generated based on the intervals
used in the literature (Costache and Bui, 2020): (—=96) — (—=3); (—3) —
(=2); (-2) - (-1); (1) - 0; 0-95 (Fig. 2g). Profile curvature is a
function of the slope direction in the vertical plan (Abedini et al., 2019).
Enhanced surface runoff is indicated by values higher than 0, while
decelerating surface runoff is indicated by negative values (Arabameri
et al., 2020). Based on the following 3 classes, the profile curvature map
was created: (—5.65) - (—0.1); (—0.1) - 0.1; 0.1-3.97 (Fig. 2c). The
Aspect was found to be a predictor of flooding because it is mainly
related to the variability of soil moisture (Dahri and Abida, 2017). An
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intersection between a horizontal plane and a terrain surface produces a
contour line that defines the plan curvature. This value differentiates
convergent runoff regions from divergent runoff ones. The next 3 classes
were used to create the plan curvature map: (—3.07) — (—0.1); (—0.1) -

Table 1
Lithological categories located across the Putna river
catchment (after Costache and Bui (2019)).

0.1; 0.1-2.89 (Fig. 3b). The Aspect raster values were grouped into one Lithological Categories Coding
flat zone and the following 8 directions: flat zone, north, north-east, east, Loess deposits 1
south-east, south, south-west, west, north-west (Fig. 3d). Land use is a Zandsmne' fCh‘IStS g
flood prediction factor, which has a great influence on surface runoff ypsum, salt, clay
X i Sandstone, marls, tuffs 4
and water storage processes. The following 8 land-use categories are Marls, clay, sands 5
defined in the Putna River catchment area: built-up areas, agriculture Clay, marls 6
zone, forests, pastures, fruit trees, shrubs, rivers, and vineyards (Fig. 2f). Schists, gypsum 7
1: : . Conglomerates, breccia 8
Due to the permeability of the rock, lithology mainly controls the s >
P y ’ 8y Y Tuffs, salt, shale 9

infiltration process of water, which in turn affects the flooding phe-

Sandstones, clay 10
nomenon (Costache and Bui, 2019). A total of 12 lithological categories Sandy Flysch, marls 11
were found in the study area (Fig. 2a). In Table 1, the rocks associated Sands, gravels 12

with the 12 categories are listed.



R. Costache et al.

Rainfall plays a crucial role in the occurrence of flooding (Cao et al.,
2016). Using the data of 14 weather stations and 15 hydrological sta-
tions, the spatial variation of the annual average rainfall value is ob-
tained. It should be noted that the annual average rainfall value was
used in the high majority of the studies related to the flood susceptibility
assessment (Khosravi et al.,, 2018; Rahmati et al., 2020; Shafiza-
deh-Moghadam et al., 2018). Spline method was involved to interpolate
all rainfall values. This algorithm is recommended when the number of
data points is relatively small, as in the case of this analysis (Kourgialas
and Karatzas, 2011). Once obtained, the rainfall values have been
divided into the following 7 classes, established using a threshold of 100
mm/year: 502-600 mm/year; 600-700 mm/year; 700-800 mm/year;
800-900 mm/year; 900-1000 mm/year; 1000-1100 mm/year;
1100-1214 mm/year (Fig. 3c). Water infiltration is heavily influenced
by the Hydrological Soil Group, a flood control parameter (Costache and
Bui, 2019). Specifically, the soil texture controls hydraulic conductivity,
and this influence directly impacts infiltration (Costache and Zaharia,
2017). According to Fig. 2d all 4 hydrological soil groups are inside the
Putna river basin. There is a difference between flood-prone areas that
are located near rivers, and areas that are further away from rivers that
are less susceptible to floods. As a result, a large number of studies
considered the distance from rivers as a flood conditioning factor
(Nachappa et al., 2020). The Euclidean distance was used in order to
derive the distance from river raster. In order to create the map of this
predictor, its values were divided into the next 8 classes: 0-50 m;
50-100 m; 100-150 m; 150-200 m; 200-400 m; 400-700 m; 700-1000
m; > 1000 m (Fig. 3a).

All the classes/categories are also presented in Table S1.

3. Methods

The methodological steps are schematically represented in Fig. 4. In

Start
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the next sub-sections are described the methods used in the present
research.

3.1. Correlation-based feature selection (CFS)

The CFS method is employed in order to select the flood predictors
which have a good correlation with the flood presence. In order for a
factor to be of major significance, it must be highly correlated with the
observed phenomenon and uncorrelated with the other factors (Cos-
tache, 2019a). A strong correlation between each flood predictor and
flood locations indicates that factor has a superior ability to predict flood
phenomena than the other factors. In correlation-based feature selec-
tion, fast and redundant information is displayed and the irrelevant and
redundant information is filtered out. When a factor is highly correlated
with another, it is usually redundant (Hall et al., 2009). The CFS scores
associated to the flood predictors will therefore be higher for those
which are directly correlated with the flood locations. The next relation
is used to derive the CFS scores:

CFS:L 1)

Vk+k(k—1)ry

where CFS represents the correlation between each flood predictor with
the presence/absence of flood locations, k is the number of flood pre-
dictors, r¢ the average correlation between flood predictos and flood
locations, and ry the average intercorrelation between flood predictors.

3.2. Frequency ratio

An environment modelling procedure frequently involves the Fre-
quency Ratio (FR), a bivariate statistical technique (Costache and
Zaharia, 2017; Mohammady et al., 2012). The FR method was used in

_.m_

Flood database preparation
(132 flood locations were collected ; the sample was divided into training (70%) and

validating dataset (30%))

m Application of Frequency Ratio method and computation of Frequency Ratio

(FR) coefficients

Construction of ICO based ensemble models
——m— (FR coefficients were used as input data in ICO-MLP, ICO-DLNN and ICO-ADT

models )

Computation of FFPI maps
(ICO-MLP-FR, ICO-DLNN-FR and ICO-ADT-FR models were used in order to create the

FSI maps)

(ROC Curve and several statistical metrics were used to validate the results)

FSI results validation

Fig. 4. Methodological flowchart.
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this research work in order to encode the classes and categories of flood
predictors. By analyzing spatial overlaps between the flood locations
and the predictor’s category and class, this method reveals the correla-
tion between flood locations and flood conditioning factors. The
following formula can be used to compute each class’s FR coefficients
(Rahmati et al., 2016):

_( Nplex) Np(%)
m‘&jMﬂm%/@mwwﬁ @

where FR-frequency ratio value attributed to a class/category i of
parameter j, Np(LXi) is the number of flood locations within a class i of a
flood conditioning factor X, Np(Xj) is the number of flood locations
within the predictor Xj, m is the number of classes within a flood pre-
dictor Xi, and n is the number of flood predictors.

According to the literature it is recommended to avoid a high vari-
ation of flood conditioning factors in terms of its range values (Tehrany
et al., 2014). Therefore, one of the most efficient solutions to solve this
issue, which is very popular in the literature, is to compute the bivariate
statistics coefficients for the classes/categories of flood predictors
(Shafizadeh-Moghadam et al., 2018). Thus, in the present case the
Frequency Ratio bivariate statistic model was used in this regard.

3.3. Multilayer Perceptron (MLP)

The Multilayer Perceptron (MLP) represents a multilayer feed-
forward network algorithm having one-way propagation error. In
addition, the MLP can handle a variety of pattern recognition problems
and time series prediction issues (S. Saha et al., 2021a). Floods are
complex physical processes that behave as nonlinear systems influenced
by the natural human activities (Prasad et al., 2021). Consequently, the
MLP model has an efficient nonlinear mapping capability compared to
general linear statistical models or deterministic algorithms (Pham
et al., 2017).

Generally, the MLP architecture is formed by an input layer con-
taining input neurons, a hidden layer containing more hidden neurons
and, in the case of the present research, an output layer with 2 output
neurons. The weights values are used to process the connections be-
tween the neurons from all the three component layers (Pham et al.,
2017). By training these weight values allows neural networks to have a
stable and orderly structure with the capacity to make decisions. A
technique called error backpropagation associated with a conventional
gradient descent method, employed as rule for the training process of
MLP, allows weight values to be adjusted between neurons according to
the rate of error between the actual values and the MLP predicting
values (Hassanien et al., 2014). With the gradient descent algorithm, an
iterative solution can be used to calculate the minimal value of the root
mean squared error (RMSE) of the objective function, as well as the
optimal weights of neural network architecture. The RMSE can be
determined by applying the next equation (Li et al., 2007):

3

where, n represents the date number, c; are the measured data, and ¢; the
calculated values.

3.4. Deep learning neural network (DLNN)

In machine learning, deep learning (DL), which is based on artificial
neural networks, is a rapidly growing area of research that uses multi-
dimensional representations of data patterns for classification and
detection (Jung et al., 2020). The word ‘deep’ in this context refers to the
transformation of data representations at one level into representations
at another level through a chain of layers (Van Dao et al., 2020). A data
transformation allows the extraction of the best hierarchical
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representation of data as the number of layers (depth of network) in-
creases. In addition to the multiple hidden layers, there will also be 2
neurons which represent flood and non-flood pixels representing the
effects of floods in the output layer. Since the flood susceptibility
assessment, in essence, represents a binary classification process, flood
location will receive the value of 1 and non-flood locations the value of
0 (Bui et al., 2020). In the DLNN training the sigmoid function, having
the form E (Y = i/x), will be involved. The information that resides on a
single output neuron that is associated with class i will allow to
approximate the sigmoid function. Additionally, a softmax function of
the following form will be used in this study (Costache et al., 2020):

softmax(a;) = M “

Diexp(a)

where q; is the term designing the softmax function.

In the next relation the activation function is present in order to
express a deep neural network with many hidden layers (Costache et al.,
2021b):

For h =1, ...., H (hidden layers),

a® (x)= M W(h)p(hfl)(x) 5)

P () = k(a® (x)) ©®

where, k is associated to the activation function.

3.5. Alternating Decision Tree (ADT)

The Alternating Decision Tree (ADT) represents an ensemble method
formed by the combination of boosting algorithm and decision trees
method (Lei et al., 2020). This is a less complex method than other
decision trees like Random Forest, Classification and Regression Trees or
Rotation Forest. Based on multiple prediction alternate layers and
nodes, the ADT model extends traditional decision trees and
voted-stumps (Costache et al., 2021a). The prediction nodes in the ADT
algorithm provide a single identifying number whereas the decision
nodes specify a condition. Let c; represent a precondition, cz represent a
base condition, and a and b represent two real numbers (Chen et al.,
2017). Then a and b will be calculated with the next relations (Pham
et al., 2016):

W+(Cl n Cz)
W,(Cl N Cz)

W+(Cl n (,‘72)

=0.5%1
a *In W_(cin)

, b=0.5xIn %)

where W is equal to the sum of the values provided by the prediction
node, and the optimal c; and c; are calculated by minimizing the Z; (c;,
c2), obtained with the following relation:

w(e1e2) =2/ Wi (ci N W (c1 Ner) + VWi (e NG)*W_(e1 N )
+ W(&) 8)

3.6. Iterative Classifier Optimizer (ICO)

Cross-validation is used as part of the Iterative Classifier Optimiza-
tion (ICO) process to optimize the number of iterations (Meshram et al.,
2021). Classes and attributes such as numeric, nominal, binary and
empty nominal can be handled by ICO (Khosravi et al., 2021). After
constructing the model, by the comparation of the observed values with
the measured ones, the ICO algorithm then optimizes the model by
introducing information from the observed and measured values into
the model to adjust the output (Saad, 2018). ICO algorithms will be
applied in the present research in order to optimize the training pro-
cedure of the three machine learning algorithms above presented. Thus,
in the case of MLP model, ICO will be used to optimize hyperparameter
represented by the number of hidden neurons in the hidden layer, and
eventually, the weights between different layers of neurons that will
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help to reach the lowest RMSE value. Also, in terms of DLNN, the ICO
algorithm will help to optimize the number of hidden layers and also the
number of hidden neurons in each hidden layer. Thus, the architecture
of deep neural network will be optimized and the loss and accuracy
values will be adjusted. In the case of ADT model, the ICO algorithm will
be involved to optimize hyperparameter represented by the maximum
depth of decision tree so as the model to reach the maximum accuracy. It
should be noted that maximum depth hyperparameter is able to control
the entire tree complexity (Hong et al., 2020).
All the three ensembles were run in Weka 3.9 software.

3.6. Results validation

3.6.1. Statistical measures

We validated the results using the following statistical indices:
Specificity, Sensitivity, Kappa Index, Accuracy and Precision. Statistical
indices are regarded as significant if they indicate a spatial correlation
between the observed flood and non-flood locations and the estimated
flood susceptible zone (Costache, 2019b). The following equations will
be involved in the statistical metrics calculation (Canbek et al., 2017):

. TP

Sensitivity = TP+ EN (©)]
o TN

Specificity = PN (10)

TP
Precision = ———— 11
recision TP + FP an
TP+ T
Accuracy = ;N 12)
TP + FP + TN + FN

k=Po " Pe (13)

1- Pe

where P is the sum of flood locations, N is the sum of non-flood locations,
FP (false positive) and FN (false negative) are the number of flood and
non-flood locations erroneously classified, k is kappa coefficient, p, is
the observed flood locations, and p, is the estimated flood susceptibility
locations.

3.6.2. ROC curve

In studies concerning the susceptibility to floods, the receiver oper-
ating characteristic (ROC) curve is a popular way to validate results
(Chen et al., 2020; Nachappa et al., 2020; Tehrany et al., 2013). A ROC
graph shows the relationship between sensitivity on the Y axis and
1-Specificity on the X axis. According to our study, this method dem-
onstrates the capability of a model to accurately predict the flood sus-
ceptibility. The Area Under Curve (AUC) of ROC Curve enables the user
to achieve the most valuable information. It ranges from 0 to 1. Next
mathematical relation is used to estimate the AUC:

(>>TP+ > 1TN)

AUC =
(P+N)

(14

where TP (true positive), TN (true negative) are the sums of flood and
non-flood locations correctly classified.

In the present case study, both the Success Rate and Prediction Rate
were constructed. The Success Rate that provides a measure of how well
the flood points are classified by the flood susceptibility maps, while the
Prediction Rate shows how well the generated maps can predict the
flood phenomena (Vakhshoori and Zare, 2016).
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4. Results
4.1. Application of CFS for predictors selection

Through the CFS method, the 14 flood conditioning factors have
been evaluated for their predictive capacity. The Average Merit (AM)
values were used to express their predictive capacity (Fig. 5). The
following hierarchy was achieved after the application of CFS model:
Slope (0.283), Distance from river (0.252), Land use (0.231), Lithology
(0.183), Profile curvature (0.175), TWI (0.158), Rainfall (0.152), Hy-
drological Soil Group (0.148), Plan curvature (0.141), Elevation
(0.134), Convergence index (0.115), SPI (0.081), Aspect (0.069) and TPI
(0.041).

Given the fact that all the flood predictors achieved an CFS score
higher than 0 it should be concluded that all of them can influence in a
specific measure the flood phenomena, and therefore, all the flood
predictors will be involved in the modelling process.

4.2. Frequency ratio results

The normalized FR values were used as input data in ICO-MLP, ICO-
DLNN and ICO-ADT models. Regarding the FR values, it should be noted
that a number of 16 classes of factors have this coefficient equal to
0 (Table S1). Due to the fact that almost all the floods’ phenomena take
place near the rivers, the highest FR values were obtained by River land
use category (19.91) and Distance from rivers class between 0 and 50 m
(16.1).

4.3. Establishment of flood susceptibility maps through ICO-based
ensembles

4.3.1. ICO-DLNN-FR

By implementing the ICO-DLNN-FR ensemble, the optimum number
of hidden layers was established to 3, while the optimum number of
hidden neurons in each hidden layer was established to 100. Moreover,
the values of loss and accuracy during the training procedure were
adjusted. Thus, a number of epochs ranging from 1 to 100 were used in
order to reach the optimum number of these two statistics values.
Therefore, according to Fig. 6a, the loss value of training dataset de-
creases from 0.6931 in the first epoch, to 0.2477 in the last epoch. In
terms of validating dataset, the loss value decrease from 0.693 to
0.2178. The oscillation of accuracy value during the 100 epochs is
highlighted in Fig. 6b. Thus, in terms of training data set accuracy in the
first epoch was 0.5 while in the final epoch was 0.9804. At the same
time, the accuracy in terms of validating dataset started from 0.7556 in
the first epoch and reach to 0.9778 in the last epoch. In this case, the
highest performances were obtained using a number of 3 hidden layers
with 100 hidden neurons (Fig. 6¢). Also, during the training process was

Slope

Distance from river
Land use

Lithology

Profile curvature
™I

Rainfall
Hydrological Soil Group
Plan curvature
Elevation
Convergence index
SPI

Aspect

TPI

i

=

0.1 0.2 0.3
Average Merit

Fig. 5. Predictive capacity of flood conditioning factors using CFS model.
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established a dropout rate of 0.17, a batch size of 4 and a split validation
of 0.4.

The factor importance’s of predictors in the ICA-DLNN-FR ensemble
were derived following the training procedure. Thus, the highest
importance was assigned to Slope (0.22), followed by Land use (0.134),
Distance from river (0.13), Elevation (0.123), Convergence Index
(0.067), Rainfall (0.065), SPI (0.065), Lithology (0.054), TPI (0.042),
TWI (0.036), Plan curvature (0.026), Aspect (0.014), Hydrological Soil
Groups (0.014) and Profile curvature (0.01) (Table 2).

The flood susceptibility index was created in Map Algebra using the
values of importance for each predictor. Thus, using Natural Breaks, the
raster values of FSI ICO-DLNN-FR were partitioned into 5 classes. The
very low values are located in the great majority of the mountain area
and cover 45.89% of the study zone. The low values are mainly
distributed in hilly areas and accounts 26.12% of the entire territory.
Medium values are present within the transition areas from hilly to plain
zone and also along the main rivers in the mountain region. These values
cover around 6.7% of the research area. High and very high values ac-
count for 20.3% of the Putna river catchment and are spread on the plain
region (Fig. 7a). In Fig. S1 (a.-c.) from the Supplementary file, it can be
seen a detailed view regarding the spatial extension of FSI ICO-DLNN-FR
across a number of 3 regions from the study area and also the localities
that are exposed to flood genesis.

4.3.2. ICO-MLP-FR

The ICO algorithm helped to achieve a very low RMSE value of 0.007
which was obtained taking into account a MLP architecture formed by
32 hidden neurons in the hidden layer. A trial-and-error procedure, with
a maximum of 50 neurons, was followed in order to reach the lowest
RMSE value. The performance of the ICO-MLP-FR model is highlighted
also by the predicted pseudo-probability box-plot (Fig. 8a) which in-
dicates that the majority of flood and non-flood pixels situated in the
extreme parts of plot (right and left) are located above 0.5 on y-axis. The
ROC Curve, by its AUC (0.989) attests again the very high performance
in the classification process (Fig. 8b). The Gain chart is also available in
Fig. 8c.

The predictor importance hierarchy shows that Slope (0.236) is
again the most influential factor, followed by Distance from river (0.09),
Rainfall (0.087), SPI (0.087), Land use (0.083), TPI (0.07), Elevation
(0.068), TWI (0.065), Lithology (0.059), Convergence Index (0.051),
Plan curvature (0.042), Profile curvature (0.029), Hydrological Soil
Groups (0.019) and Aspect (0.016).

The FSI ICO-MLP-FR was obtained also in Map Algebra with the help
of determined importance values. Through Natural Breaks algorithm,
the raster values of FSI ICO-MLP-FR were split in 5 classes. The very low
values cover 30.31% of Putna river basin and most of them are located in
the mountain region. The low values, with a percentage of 43.07%, are
mainly located in the hilly regions, while medium flood susceptibility is
spread on 6.78% of the study zone and its presence is characteristic for

Table 2

Predictor importance in the 3 ensemble models.
Factors ICA-DLNN-FR ICA-MLP-FR ICA-ADT-FR
Aspect 0.014 0.016 0.003
Convergence Index 0.067 0.051 0.105
Distance from river 0.130 0.090 0.185
Elevation 0.123 0.068 0.091
Land use 0.134 0.083 0.062
Lithology 0.054 0.059 0.047
Plan curvature 0.026 0.042 0.032
Profile curvature 0.010 0.029 0.008
Rainfall 0.065 0.087 0.045
Slope 0.220 0.236 0.252
HSG 0.014 0.019 0.035
SPI 0.065 0.087 0.058
TPI 0.042 0.070 0.037
TWI 0.036 0.065 0.040
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Fig. 7. Flood susceptibility index (a. ICO-DLNN-FR; b. ICO-MLP-FR; c. ICO-
ADT-FR).

the transition region from hilly to plain zone. A total of 19.84% of the
Putna river catchment is characterized by high and very high values of
FSI ICO-MLP-FR these surfaces being distributed on the plain region
(Fig. 7b). In Supplementary files in Fig. S1 (d.-f.), it can be observed a
zoom with respect to the spatial distribution of FSI ICO-MLP-FR for 3
regions from different corners of the study area.

4.3.3. ICO-ADT-FR

Both training samples and validation samples were subjected to a
trial procedure to determine the optimal parameter through which the
highest accuracy of ICO-ADT-FR can be obtained. Therefore, the best
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accuracies (0.941 for training and 0.916 for validating) were obtained
after 17 iterations. Also, according to Fig. 9, the optimization algorithm
establishes the maximum depth of decision tree to 4. This decision tree
was constructed based on the best parameters, and the importance of
flood predictors was determined. Again, slope achieved the highest
weight (0.252), followed by Distance from river (0.185), Convergence
Index (0.105), Elevation (0.091), Land use (0.062), SPI (0.058), Li-
thology (0.047), Rainfall (0.045), TWI (0.04), TPI (0.037), Hydrological
Soil Groups (0.035), Plan curvature (0.032), Profile curvature (0.008)
and Aspect (0.003).

The same procedure in Map Algebra, like in the previous 2 cases, was
applied to derive the values of FSI ICO-ADT-FR. Also, the Natural Breaks
method was used to divide its values into 5 classes. A percentage of
43.68% of the study area is covered by very low flood susceptibility,
while 28.2% is characterized by low susceptibility. On around 6.8% of
the Putna river basin span the medium susceptibility values, while the
high an very high ones total 21.33%. The spatial distribution of the
susceptibility values is similar with the 2 previous cases (Fig. 7c). In
Fig. S1 (g.-i.) from the Supplementary file, is presented a detailed
overview of the spatial extension of FSIICO-ADT-FR across the 3 regions
from the research area and also the localities that are exposed to flood
genesis.

4.5. Validation of the established maps

4.5.1. ROC curves

The Success Rate, resulted with the help of training sample, revealed
that the highest performance was obtained by ICO-DLNN-FR ensemble
(AUC = 0.959), followed by ICO-ADT-FR (AUC = 0.957) and ICO-MLP-
FR (0.95) (Fig. 10a). The Prediction Rate, built with validation dataset,
shows that the best model was again ICO-DLNN-FR (AUC = 0.911),
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followed by ICO-ADT-FR (AUC = 0.895) and ICO-MLP-FR (AUC =
0.893) (Fig. 10b).

4.5.2. Statistical metrics

The accuracy estimated taking into account the flood susceptibility
values and the locations of flood and non-flood pixels from training
sample revealed that ICO-DLNN-FR obtained the highest performance
(0.951), being followed by ICO-ADT (0.935) and ICO-MLP-FR (0.929).
The same sample utilized for K-index computation showed the next hi-
erarchy: ICO-DLNN-FR (0.902), ICO-ADT (0.87) and ICO-MLP-FR
(0.859). In terms of validating sample, the highest accuracy was ach-
ieved by ICO-DLNN-FR (0.938), followed by ICO-MLP-FR (0.925) and
ICO-ADT-FR (0.9). The same hierarchy was respected also in the case of
K-index as following: ICO-DLNN-FR (0.875), ICO-MLP-FR (0.85) and
ICO-ADT-FR (0.8) (Table 3).

5. Discussions

Past studies have computed or modeled flood susceptibility maps or
models using numerous techniques and algorithms. The flood suscepti-
bility has been predicted by applying a wide variety of statistical and
machine-learning methods. There is, however, considered a limitation
and a drawback to the results performance the assessment of flood
susceptibility using only a stand-alone-algorithm (Cao et al., 2020). As a
consequence of poor data representation, the stand-alone-models usu-
ally fall short of identifying the best-fit function in the hypothesis space
or the true distribution of the sample set (Wang et al., 2021). Therefore,
the hybrid or ensemble models are considered more advanced research
methods involved in the flood susceptibility prediction (Rahmati et al.,
2016). In this regard, it can be mentioned the study of Khosravi et al.
(2018) which estimated the flood susceptibility in Haraz river basin
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Fig. 9. Optimally pruned Decision Tree Structure for ICO-ADT-FR ensemble.

from Iran, a region with a poor availability of data, using ensemble
models built-up from the combination of several decision tree algo-
rithms. In this study, the authors demonstrated that predictors like slope
angle, elevation and soil texture have the biggest influence with respect
to the flood phenomenon occurrence. Moreover, in his study, developed
to estimate the flash-flood susceptibility on Prahova river basin from
Romania, Costache (2019a) revealed that the decision tree algorithms
obtained a higher performance in combination with a bivariate statistic
method than in the case of the application of the stand-alone-models.
In this study, 3 innovative ensemble models were constructed by the
combination of Frequency Ratio (FR) and Iterative Classifier Optimizer
(ICO) on the one hand, and Deep Learning Neural Network (DLNN),
Alternating Decision Tree (ADT) and Multilayer Perceptron (MLP) on
the other hand. Firstly, it should be noted that Frequency Ratio has a big
advantage, compared to other bivariate statistical models, because it is
considered to be a simple algorithm easier to use (Tehrany et al., 2013).
This algorithm has the capacity to emphasize the spatial relationship
between the location of flood predictors and the characteristics of the
flood conditioning factors. Bivariate statistical methods, however, are
unable to capture hidden flood features because of the complex

12

mechanism that triggers floods (Wang et al., 2021). Secondly, the Iter-
ative Classifier Optimizer (ICO) helped the three machine learning
models to increase their prediction power and finally their accuracy.
This fact is demonstrated, for example, in the case of MLP model, by the
very low value of RMSE (0.007) achieved after the optimization with
ICO algorithm. Also, the ROC Curves carried out with the training and
validating sample emphasize very good performances since the AUC is
situated above 0.89. Given the very high accuracy of the 3 hybrid
models, they will be able to represent very important benchmarks for
future studies related to assessing the susceptibility of different areas of
the planet to natural hazards in general, and floods in particular. The
present study has a high potential to be of particular interest to re-
searchers who want to apply hybrid models based on the ICO algorithm
because, in addition to the very high performance it has generated, it is
the first time that the ICO algorithm is used in studies related to the
estimation of susceptibility to natural hazards. Moreover, the interest
may be even higher as in this paper this algorithm has been combined
with other 3 state of the art machine learning models like DLNN, MLP
and ADT. In terms flood susceptibility results, it is obvious that the plain
region with low altitudes and flat surfaces is the most exposed to flood



R. Costache et al.

1.0 S
0.8
0.6
. E, a.
H
“
=1
@
o
0.4
i — ICA-ADT-FR (AUC = 0.957)
0.2 -ICO-DLNN-FR (AUC = 0.959)
; -ICO-MLP-FR (AUC = 0.95)
0.0 T T T T
0.0 02 04 0.6 08 1.0
1 - Specificity
1.0 — ._‘_
[ : I
J
z b.
=
w
g
@
w
] — ICO-ADT-FR (AUC = 0.895)
02 — ICO-DLNN-FR (AUC =0.911)
| — ICO-MLP-FR (AUC = 0.893)
0.0 1 T T |
0.0 02 04 0.6 0.8 1.0
1 - Specificity
Fig. 10. ROC curve (a. Success rate; prediction rate).
Table 3
Statistical metrics used to validate the flood susceptibility maps.
Metrics Training sample Validating sample
ICO- 1CO- 1CO- 1CO- 1CO- 1CO-
ADT-FR DLNN- MLP-FR ADT-FR DLNN- MLP-FR
FR FR
TP 85 87 86 37 38 38
N 87 88 85 35 37 36
FP 7 5 6 3 2 2
FN 5 4 7 5 3 4
Sensitivity 0.944 0.956 0.925 0.881 0.927 0.905
Specificity 0.926 0.946 0.934 0.921 0.949 0.947
Accuracy 0.935 0.951 0.929 0.9 0.938 0.925
K-index 0.870 0.902 0.859 0.8 0.875 0.85
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risk phenomena. The high and very high flood susceptibility is present
on around 20% of the Putna river catchment.

6. Conclusions

Within this study, a series of complex geoprocessing and computa-
tional operations were proposed for identifying the areas at risk for
flooding within one of the most exposed zones from Romania which is
the Putna river catchment. The present research was carried out in a
period when flood frequency and magnitude have increased exponen-
tially. To calculate the Flood Susceptibility Index for the Putna river
catchment, three ensemble models (ICO-DLNN-FR; ICO-MLP-FR; ICO-
ADT-FR) were used in this study. It is worthy to note that, in the training
process, the three ensemble models involved the use of 14 flood pre-
dictors, representing the independent variables, alongside with a sample
containing 92 flood and 92 non-flood pixels representing the dependent
variable. The results validation was ensured with the help of another
sample comprising 40 flood and 40 non-flood pixels. The model with the
best performance was ICO-DLNN-FR that achieved an AUC of 0.959 in
terms of training sample, and 0.911 in terms of validating sample.

The main novelty of this research resides in the use, for the first time
in the literature, of the three ensembles (ICO-DLNN-FR; ICO-MLP-FR;
ICO-ADT-FR) to evaluate the susceptibility to a natural hazard. These
results will be made available to the competent authorities in order to
reduce the flood risk in Putna river basin from Romania.
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ARTICLE INFO ABSTRACT
This manuscript was handled by Emmanouil The present study was done in order to simulate the flash-flood susceptibility across the Suha river basin in
Anagnostou, Editor-in-Chief, with the assis- Romania using a number of 3 hybrid models and fuzzy-AHP multicriteria decision-making analysis. It should be

tance of Giulia Sofia, Associate Editor noted that flash-flood events are triggered by heavy rainfall in small river catchments. To achieve the proposed

results, a total of 8 flash-flood predictors (slope angle, plan curvature, hydrological soil groups, land use,
convergence index, profile curvature, topographic position index, aspect) along with a sample of 111 torrential
Machine learning phenomena points were used as input datasets in the next four algorithms: Fuzzy-Analytical Hierarchy Process
H20 package (FAHP), Deep Learning Neural Network -Analytical Hierarchy Process (DLNN-AHP), Multilayer Perceptron -
Suha river basin Analytical Hierarchy Process (MLP-AHP) and Naive Bayes - Analytical Hierarchy Process (NB-AHP). The
Romania Analytical Hierarchy Process was used to calculate the coefficients for each class/category of flash-flood pre-
dictors. The torrential points sample was split into training (70%) and validating samples (30%). The modelling
was done in Excel, SPSS and R software (H20 package), while the result mapping was performed in ArcGIS 10.5
software. The analysis revealed that the high and very high susceptibility degrees are spread over a maximum of
35.01% of the study area. The best performances, demonstrated by an AUC-ROC of 0.984, are associated with the
Deep Learning Neural Network — Analytical Hierarchy Process model, followed by Naive Bayes — Analytical
Hierarchy Process model (AUC = 0.976), Multilayer Perceptron - Analytical Hierarchy Process model (AUC =
0.882) and Fuzzy-Analytical Hierarchy Process (AUC = 0.807). These results indicates that Deep Learning Neural
Network is a promising machine learning model which can provide outcomes with very high precision. Also,
according to the present research results the deep learning neural network, having many hidden layers, is able
outperform the multilayer perceptron that contains a single hidden layer. The main novelty of the present
research is the application of the three ensemble models (DLNN-AHP, MLP-AHP and NB-AHP) and also the use of
H20 package for the first time in literature, to evaluate the flash-flood susceptibility in small river catchments.

Keywords:
Flash-flood susceptibility

* Corresponding authors.
E-mail addresses: romulus.costache@icub.unibuc.ro (R. Costache), tintt19@fe.edu.vn (T. Trung Tin), anca.craciun@ddni.ro (A. Craciun), iulia.elena.costache@
gmail.com (I. Costache), mehebub.sahana@manchester.ac.uk (M. Avand), binhpt@utt.edu.vn (B. Thai Pham).

https://doi.org/10.1016/j.jhydrol.2022.127747
Received 12 January 2022; Received in revised form 4 February 2022; Accepted 16 March 2022

Available online 24 March 2022
0022-1694/© 2022 Elsevier B.V. All rights reserved.


mailto:romulus.costache@icub.unibuc.ro
mailto:tintt19@fe.edu.vn
mailto:anca.craciun@ddni.ro
mailto:iulia.elena.costache@gmail.com
mailto:iulia.elena.costache@gmail.com
mailto:mehebub.sahana@manchester.ac.uk
mailto:binhpt@utt.edu.vn
www.sciencedirect.com/science/journal/00221694
https://www.elsevier.com/locate/jhydrol
https://doi.org/10.1016/j.jhydrol.2022.127747
https://doi.org/10.1016/j.jhydrol.2022.127747
https://doi.org/10.1016/j.jhydrol.2022.127747
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jhydrol.2022.127747&domain=pdf

R. Costache et al.
1. Introduction

A flash flood occurs when heavy rainfall from convective weather
has a short duration and highly intensity, and it is often generated in
small river basins (less than 200 square kilometers) with a high complex
orography (Destro et al., 2018; Wang et al., 2021). As a result of pre-
cipitation filling the drainage capacity of the basin slope, flash floods
occur when the drainage network is incarcerated, and the basin outlets
discharge at extraordinarily high rates (Youssef et al., 2016). Each year,
global economic losses are estimated to be around 60 billion USD due to
floods and flash-floods (Janizadeh et al., 2019). Storms that produce
flash floods can cause severe damage to infrastructures, such as roads,
railway tracks, and urban areas. As a result of ongoing urbanization and
climate change, many areas are facing many environmental challenges
and greater risks of natural disasters (Kjeldsen, 2010). There are many
different types of riverine flooding, but the most common are flash
floods, which occur when a massive amount of water is released in a
short amount of time (three to six hours) due to excessive rainfall, the
melting of natural ice, or a dam failure (Janizadeh et al., 2019). The
rapid onset of river levels and the high velocity of flash floods make
them among the most dangerous types of floods. They cause serious
injuries, economic losses, and environmental damage (Destro et al.,
2018). Due to the complexity of flash floods, it remains challenging to
predict them accurately (Bui et al., 2019). However, it is well-known
that weather conditions, soil types, geomorphological structures, and
vegetation have a major contribution to flash-flood genesis (Asadi et al.,
2019; Youssef et al., 2016). To mitigate the negative effects of
flash-floods, it is mandatory to accurately identify the potential zones
that can be damaged by these natural hazards.

In order to predict the flash-flood likelihood, a variety of studies were
conducted by the researchers. Thus, a part of these studies belongs to the
rainfall-runoff modelling approaches (Kratzert et al., 2018; Zhang et al.,
2019; Liu et al., 2020). Another type of approach comprises the hy-
draulic modelling that can be done using some models like Mike,
HEC-RAS, TELEMAC-2D or Jflow (Alho and Aaltonen, 2008; Bures et al.,
2019; Tamiru and Dinka, 2021). Based on this hydraulic modelling
software, the flooded areas corresponding to different discharge return
probabilities can be estimated. However, both the rainfall-runoff
modelling and hydraulic modelling approaches require a huge amount
of measured data and also are time-consuming.

Another category of approach is represented by the flash-flood sus-
ceptibility models that are based on the application of various methods
having as input data a various number of flash-flood predictors and
flash-flood locations (Arabameri et al., 2020). In this regard, we can
mention many categories of models like: multicriteria decision-making
analysis, bivariate statistical models, and machine learning models
(Popa et al., 2019). From the first class of models represented by mul-
ticriteria decision-making analysis, the follwing algorithms can be
noted: Analytical Hierarchy Process (Handini et al., 2021), Vlse Kriter-
ijuska Optamizacija I Komoromisno Resenje (VIKOR) (Singh and Pan-
dey, 2021), Technique for Order Preference by Similarity to Ideal
Solution (TOPSIS) (Rafiei-Sardooi et al., 2021), Analytical Network
Process (Chukwuma et al., 2021) and Fuzzy-Analytical Hierarchy Pro-
cess (Costache et al., 2021a). The bivariate statistical models comprise
many algorithms like: frequency ratio (Waqas et al., 2021), weights of
evidence (Pham et al., 2021a), index of entropy (Wang et al., 2021),
statistical index (Liu et al., 2021a), certainty factor (Costache et al.,
2020b) and evidential belief function (Chowdhuri et al., 2020). The
third category, represented by the machine learning models contains a
large number of algorithms like: decision trees (Khosravi et al., 2018),
neural networks (Panahi et al., 2021; Pandey et al., 2021), support
vector machine (Xiong et al., 2019), Naive Bayes (Elmahdy et al., 2020),
k-nearest neighbor (Shahabi et al., 2020a), k-star (Costache et al.,
2020c) or deep learning neural network (Chakrabortty et al., 2021).
From the category of deep learning algorithms that were used in the
literature we also mention the Convolutional Neural Network (Wang
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et al., 2020), Recurrent Neural Network (Fang et al, 2021) and
Autoencoder Neural Network (Ahmadlou et al., 2021). With the inten-
tion of improving the results provided by the various models, the re-
searchers resorted to the application of existing optimization models
such as: biogeography based optimization (BBO) (Ahmadlou et al.,
2019), Particle Swarm Optimization (PSO) (Arora et al., 2021; Ngo
et al., 2021) or Harris Hawk Optimization (HHO) (Malik et al., 2021).
Moreover, another procedure intended to improve the accuracy of re-
sults is the hybridization between two or many models (Arabameri et al.,
2020; Islam et al., 2021). However, there is a gap of know knowledge in
the literature, in terms of using the advance machine learning models in
small river catchments to derive the flash-flood susceptibility.

Taking into account the above considerations, the present research
work aims to accurately detect the areas prone to flash-flooding using
the following algorithms: hybrid combinations between Deep Learning
based on H20 R package and Analytical Hierarchy Process (DLNN-
AHP), hybrid combination between Multilayer Perceptron and Analyt-
ical Hierarchy Process (MLP-AHP), hybrid combinations between Naive
Bayes and Analytical Hierarchy Process (NB-AHP), and Fuzzy-Analytical
Hierarchy Process (Fuzzy-AHP). These models were selected to be used
for the estimation of flash-flood susceptibility because they belong of the
category of state-of-the-art machine learning and multicriteria decision-
making algorithms and also, their very high precision was demonstrated
in the previous research works related to the natural hazard suscepti-
bility evaluation (Abedini et al., 2019; Bui et al., 2020a; Choubin et al.,
2019; Wang et al., 2021). It should be noted that in the present research,
the model’s accuracy and results validation will be carried out using the
ROC Curve method and several statistical metrics. Moreover, in the case
of DLNN, their application was highly facilitated by the development of
H20 R package. In fact, the use for the first time in the literature of NB-
AHP, MLP-AHP and DLNN-AHP hybrid models along with the H20 R
package for the application of DLNN model, represents the main ele-
ments of novelty that characterize the present research study.

The area, on which the present study is focused, is the Suha river
catchment from Romania, a region that was highly affected in the past
by flash-floods phenomena and where these hazards caused many
damages. Another reason for selecting this area as case study, was the
specific relief that is very favorable to the flash-flood genesis. For the
present analysis, geospatial data regarding the flash-flood predictors and
the presence of torrential areas were used in order to apply the proposed
models.

2. Study area

Suha river basin is located in the northern part of Romania (Fig. 1).
The elevation ranges between 500 m and 1600 m within the 363 km? of
land. In spite of the large extent of afforestation, approximately 72% of
the basin is covered by forest, the steep slope angles and numerous areas
characterized by impassable soils render the Suha catchment susceptible
to flash floods (Tirnovan et al., 2014). A forest’s protective role, from a
hydrological standpoint, is reduced or wiped out if the precipitation
caused by heavy rain exceeds the tree canopy’s maximum interception
capacity. Throughout the main valleys of the Suha river catchment are
built-up areas that have active surface runoff. Other important land use
categories are represented by: pastures (12.89%) and agriculture areas
(5.25%). The land use category, with the lowest surface across Suha
river basin, is represented by the rivers (0.72%). In terms of hydrological
soil groups, it should be noted that across the study region all the 4
groups (A, B, C and D) are present (Costache and Bui, 2020).

Within the study area, the most significant flash floods occurred in
1970, 2005, 2010 and 2018. This information was provided by the
Romanian National Inspectorate for Emergency Situations. There are a
number of socio-economic aspects that were profoundly affected by
these phenomena in 2005, including: 32,4 km of road infrastructure,
148 buildings, and more than 267 ha of agricultural land. It was esti-
mated that the economic damage totaled about 260,0000 euros
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(Costache and Bui, 2020).

3. Data

3.1. Torrential locations inventory

A thorough inventory of areas that have previously been impacted by
natural hazards is the key to predicting future surfaces likely to expe-
rience these phenomena (Chen et al., 2018). It was determined that the
best method of analysis was to identify areas that had been affected by
torrential phenomena (Costache, 2019). Generally, torrential relief sites
behave in a way that favors rapid surface runoff events, which in turn
lead to flash floods that propagate downslope. We examined aerial im-
agery from Google Earth to identify areas already affected by torren-
tiality. These surfaces consist exclusively of the unified presence of
torrential microforms, like ravines and gullies, that are formed by sur-
face runoff (Costache, 2019). Approximately 7.5 km? of torrential areas
were identified across the Suha river basin. A total of 111 points were
extracted from the information regarding the presence of torrential
phenomena as a part of the methodological workflow. A second dataset
representing an equal number of points (111) with non-torrential phe-
nomena was created by performing this step. A low slope angle is ideal
for non-torrential pixels where rapid runoff is virtually impossible
(Costache, 2019). The dataset was divided into a training sample (70%)
and validation sample (30%) (Fig. 1). This division of the data set was
made in order to create the possibility to validate the results offered by
the model by using a percentage of 30% of the entire collected data
sample. Also, it is very important to note that the split procedure, into
70% for training and 30% for validation, sample is suggested by the vast
majority of the previous similar research works (Ahmadlou et al., 2019;
Costache et al., 2020c; Islam et al., 2021; Shahabi et al., 2020a).
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3.2. Flash-flood predictors

On the basis of Digital Elevation Model (DEM) data extracted from
Shuttle Radar Topography Mission (SRTM), 30 m database, six flash
flood predictors have been derived. In addition, the hydrological soil
groups and land use factors, were extracted from Digital Soil Map of
Romania, 1:200000 and Corine Land Cover, 2018 database, respec-
tively. It should be noted that, even if the rainfall is an important factor
in the flash-flood genesis, given the small surface of the study area, it
was considered that the values of this factor have a low spatial vari-
ability across Suha river basin. Therefore, the rainfall was not consid-
ered in the present study.

In the next rows, a brief description of each flash-flood predictor will
be highlighted.

In general, researchers consider the slope angle (Fig. 2a), deter-
mined from the Digital Elevation Model (DEM), as the factor with the
greatest influence on surface runoff (Ngo et al., 2021; Chao et al., 2021;
Wang et al., 2022). According to the morphological analysis, slope angle
has a significant impact on flash flood occurrences and manifestations
since it controls surface runoff velocity, which, in turn, affects flash flood
characteristics (Costache and Bui, 2020; Sahana et al., 2020). The runoff
and flash flooding associated with steep slopes are well known, whereas
their occurrence on flat surfaces is less likely (Elmahdy et al., 2020). The
slope angles of the study area, ranging from 0° and 40.1°, were parti-
tioned into a number of 5 classes through the Natural Breaks classifi-
cation method. Plan curvature (Fig. 2b) represents a second
morphometric index achieved by the processing of Digital Elevation
Model. Specifically, its values distinguish convergent runoff areas from
divergent runoff areas (Minar et al., 2020). The majority of torrential
pixels occupy the zones with a plan curvature between 0.1 and 2.5.
Hydrological Soil Groups Surface (Fig. 2¢) runoff is directly controlled
by Hydrological Soil Groups, which in turn influence the infiltration
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Fig. 1. Study area location within Romania.
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process (Stewart et al., 2011; Lan et al., 2021; Zhao et al., 2021). The soil
class C cover approximately 70% of Suha river basin and comprises
around 56% of torrential pixels. Land use (Fig. 2d) predictor has a
widely usage in the research works that are related to the flash-flood
susceptibility estimation (Chakrabortty et al.,, 2021; Xiong et al.,
2019). As the first layer of a topographical surface with which raindrops
are in contact, the land use plays a vital role in flash floods (Pravalie and
Costache, 2013; Costache and Bui, 2020). Across the study zone a
number of 6 different land use categories were identified. The forest has
the biggest percentage (72%), while 41% of surfaces with torrential
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pixels are localized within the pastures. Convergence Index (Fig. 2e) is
the third predictor derived from DEM. Its main feature is represented by
its capacity to highlight the hydrographic convergence degree over a
specific zone. Using the Natural Breaks algorithm, the Convergence
Index values were classified into 5 different classes. The areas with
values from —0.9 to 4.3 have around 40% of the total torrential pixels.
The profile curvature (Fig. 2f) shows the zones having an accelerated
surface runoff and, due to its significance in morphometry, it should be
considered in this study. In the present research, the profile curvature
was classified into 3 intervals of values and the highest area belongs to
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the values from 0 to 0.9. Topographic Position Index (TPI) (Fig. 2g),
derived from DEM, indicates the altitude difference between a specific
pixel and the pixels from its vicinity. Natural Breaks was also used to
divide its values into 5 classes. The middle class with values between
—0.4 and 0.4 has the largest surface and contains 30% of torrential
pixels. The Aspect (Fig. 2h) is the last morphometric predictor taken
into account for the flash-flood susceptibility modelling in this research
work. The shaded slopes allow the presence of a saturated soil and,
therefore, these surfaces could contribute in a more active manner to
surface runoff genesis and then to flash-flood occurrence. North-Eastern
slopes account 15.47% of the study region and 18% of torrential pixels
are located on South-Eastern slopes (Fig. 3).

4. Methods
4.1. Feature selection using ReliefF method

The use of ReliefF algorithm will allow an initial assessment of the
predictive capacity of flash-flood predictors. This method have multiple
benefits like (Costache et al., 2021b): i) manage to minimize the training
process time; ii) help to make the algorithms easier to be analyzed and
less complex; ii) increase the models accuracy by selecting the highest
predictive variables; iv) minimize the models overfitting. This method
can be applied with both discrete and continuous data. In ReliefF al-
gorithm the closest instance of either a different or the same class is
considered when evaluating the attribute value (Urbanowicz et al.,
2018). Weka 3.9 software was used to apply ReliefF method.

4.2. Deep Learning Neural Network (DLNN)

Deep Learning Neural Network is a type of machine learning model
which can efficiently deal with huge amount and unstructured data
(Deng et al., 2013; He et al., 2020; Zhan et al., 2022). This model rep-
resents a neural network with more than one hidden layer which is
widely used in the literature that comprises studies approaching the
natural disasters susceptibility (Bui et al., 2020b; Costache et al., 2020a;
Shahabi et al., 2020b). These multiple hidden layers will help the
transfer of information from the input layer, containing the flash-flood
predictors, to the output layer that will have 2 neurons represented by
torrential and non-torrential pixels (Panahi et al., 2021). Due to the fact
that, in essence, the flash-flood susceptibility estimation is a binary
classification procedure, the torrential pixels will be encoded with 1
while the non-torrential pixels will be encoded with 0. At the same time
the next sigmoid function will be applied: E(Y = i/x). The approximation
of sigmoid function will be provided by the information that is assigned
to a single output neuron associated to the class i. In this research, a
softmax function, having the next form, will be also applied:

exp(a;)

softmax(a;) = m (€D)

where g; represents the layer of softmax function.

The next relations will be used to express a deep neural network
containing multiple hidden layers (h):

For h =1, ...., H (hidden layers),

a® (x) = bW + Whpl (x) (2)
p(x) = 2(a"(x)) ©)

where, @ is the activation function.
The DLNN algorithm will use as input the AHP coefficients calculated
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for each class/category of flash-flood predictors. The DLNN model was
implemented using H20 package from R programming language.

4.3. Fuzzy Analytical Hierarchy Process (FAHP)

Fuzzy Analytical Hierarchy Process (FAHP) represent an extension of
Analytical Hierarchy Process (AHP) multicriteria decision-making
model (Roodposhti et al., 2014). This extension is mainly intended to
solve several fuzzy problems from the hierarchical point of view (Sun,
2010). By employing fuzzy set theory as well as the analytical hierarchy
process can be improved the analysis quality by minimizing the
subjectivity when estimating weights criteria. The next steps are
required to apply FAHP model for the present research.

The flash-flood predictors mentioned at 3.2 are involved in the
construction of pairwise comparison matrices. Further, to calculate the
highest important criteria, the linguistic terms will be associated with
the pairwise comparisons using the next relation:

, s s s s s
1 [ I 1 an R T
s s s s , s
A = a 1 R T 1/11 21 1 R T 4)
R S & la@w 1/aw - T

where a’; are pairs of criteria i and j.

In the next phase, the fuzzy weights and geometric mean of each
criterion are calculated with the Buckley method (Hategekimana et al.,
2018):

1
= (a;l hay, h...h a, ), ()

in

1 =1

w,=rh(r h.hr) (6)

where a;, represents the comparison fuzzy value of the pair criterion i
and criterion n,r; represents the value of geometric mean of the fuzzy
values comparison of criterion i compared to each of the other criteria,
and w; represents the fuzzy weighting of the i-th criterion, which could
be expressed as a TFN, w;= (w;, mw;, uw;), where lw;, mw; and uw;
represent the lower, middle and upper values, respectively, of the fuzzy
weighting of the ith criterion (Costache et al., 2021a).

The next step was represented by the application of the extent
analysis through which the weights of flash-flood predictors will be
achieved. The fuzzy triangular comparison matrix was constructed in
the first step and has the next form (Hategekimana et al., 2018):

(1,1,1)
(121-,m217u21)

(lln-, Mip, uln)
(IZn; m'Zm u2n) (7)

(1127m127 Mlz)

A= @) = by

(lrzl7mnl7unl) (ln27mn27un2) (17 17 1)
where a; = (j, my, uy)anda; " = (1/13,1/my,1/uy) fori,j=1, ..., n and
i#j.
Thus, will be done the computation of triangular matrix priority
vector. Further, the fuzzy arithmetic function will be applied in order to
sum up each row of matrix A’:

RS,-:Z;:IaY.j: <il’7’im’7’iu‘f>’ i=1,-n (8)
=1 = =

Using the normalized version of equation (8), the fuzzy synthetic
extent values for each ith object will be achieved (Roodposhti et al.,
2014):
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Next, through equation (10) the degree of possibility of S; > S} is

computed:
L, ifm;> m;,
. . wi—l
VIS >S)={ ——F <y ij=1,njti 10
(512 8) = G 5 gy VS Mo = L (10)
0, others

where S; = (I, m;,u;) and S; = (I;, m;, ).
Let w (a;) = min{V(S; > Stk = 1,2,.,n; k#i
Then, the weight vector value is determined as following:
wila) =W (a),w(a), - wa)]" 12

where ai (i =1, 2, ..., n) are n elements. The equation (13) is used after
the normalization process, when the weight vectors are computed:

w(a)) = w(ar), w(a), - wia,)]" a3
where w is a non-fuzzy number.

4.4. Multilayer Perceptron (MLP)

MLP is a very popular artificial neural network, being characterized
by one-way error propagation of the feed-forward network model (Li
etal., 2019).Time series prediction, pattern recognition, and so forth can
be solved using MLP. The MLP structure contains an input layer, a
hidden layer and an output layer (Ke et al., 2021). Each layer’s con-
nections to the input and hidden layers and its connections to the output
layers will be processed according to the weight values (Li et al., 2019).
The back-propagation method is involved in the update process of the
weight values (Liu et al., 2021b; Zare et al., 2013). Two stages can be
distinguished when this procedure is performed: i) Input and output
values are propagated through hidden layers, and the output values are
compared with pre-values to determine the difference between them; ii)
the connection weights are adjusted in order to achieve the most per-
formant results with the minimum difference. Repeated iteratively, the
procedure is continued until a root mean square error of the network is
within acceptable limits. In the present study, the input neurons in the
input layer are represented by flash-flood predictors, while the output
neurons in the output layer are represented by the torrential and non-
torrential surfaces. The optimal number of hidden neurons will be
established according to the minimum RMSE value (eq. (14)).

1 n 2
RMSE =, |- i—Ci 14
- (=) a4

where, n represents the date number, c; are the measured data, and ¢; the
calculated values.

4.5. Naive Bayes (NB)

Based on Bayes’ Theorem, Naive Bayes presumes that the de-
pendencies among the predictor attributes do not exists (Jiang et al.,
2016). The wide use of NB is due to the fact that it does not require a
large volume of training data or a complex workflow for building clas-
sification models (Tien Bui et al., 2012). By using the AHP values

assigned to each category of flash-flood predictors from the training
sample, the NB was involved in the estimation of flash flood within the
research zone. If we consider 2 vectors, the first assigned to each pre-
dictor having AHP coefficients computed - g = (g1, &2, --., &10), and the
second which corresponds to the presence and absence of torrential
zones - f = (f1, f2), the classification using NB algorithm is based on the
next mathematical relation:

Ing =

argmaxP(t;) ﬁ P(}:—') (15)

f;€[torrential,no—torrential] 71 i

where, P(t;) is equal to the ¢; prior probability which can be computed
using the proportion of the observed cases and the output class t; within
the training sample. Moreover, the conditional probability value is
calculated using the next equation (Tien Bui et al., 2012):

f,> L s
A )2 /28 16
(li \/2mﬁe (16)

where, ;i represents the mean and é is equal to the x;-standard deviation.
WEKA v.3.9 software was involved for the application of NB model.

4.6. Results validation

4.6.1. Statistical metrics

The following indices were involved in the results validation process:
Sensitivity, Specificity, Kappa Index, F1 score, Accuracy and Precision.
Statistical indices are significant if they show a correlation from the
spatial point of view between the torrential and non-torrential locations
that were observed and the estimated flash-flood susceptible zone
(Costache, 2019). The next relations will be applied for statistical met-
rics derivation (Canbek et al., 2017):

I TP
Sensitivity = TP+ EN a7
TN
Ficity — 1
Specificity P+ TN (18)
TP
Precision = TP+ FP (19
TP + TN
A e 2
Y = TP T FP 1 TN 1 FN (20)
k= Po " Pe 1)
- Pe

where P represents the equivalent number of locations with torrential
phenomenon, N represents the equivalent number of non-torrential
pixels, FP (false positive) and FN (false negative) represents the equiv-
alent number of locations erroneously classified, k is kappa coefficient,
Do is the observed torrential locations, and p, is equal to the estimated
flash-flood susceptibility value.

4.6.2. ROC Curve

In statistics, receiver operating characteristic (ROC) curves are used
to determine the predictive value of different statistical or machine
learning techniques (Costache et al., 2019; Zhang et al., 2020). A ROC
curve is constructed by displaying sensitivity on the Y axis, and false
positive rate (1-specificity) on the X axis. Area Under Curve (AUC) is the
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Flash-flood database preparation
(111 points were extracted from 7.5 km? of torrential surfaces; the sample was divided
into training (70%) and validating dataset (30%))

Application of Analytical Hierarchy Process method and computation of AHP

coefficients

Construction of AHP based hybrid models
(AHP coefficients were used as input data in Fuzzy-AHP, Deep Learning
Neural Networks, Multilayer Perceptron and Naive Bayes models )

Step 4

Computation of FFSI maps
(Fuzzy-AHP, DLNN-AHP, MLP-AHP and NB-AHP were used in order to create the FFSI

maps)

—
y Step 2.
—EE—
—E—

—E

(ROC Curve and several statistical metrics were used to validate the results)

FFSI results validation

Fig. 4. Flowchart of the methodological steps.
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Fig. 5. ReliefF coefficients for feature selection.

essential measure for the model’s performance estimated through ROC
Curve. The closer AUC to 1 the better the models performance (Hosseini
et al., 2020). The following mathematical relationship can be involved
for AUC computation:

Avc — (STP+ S TN)

PN @2

The entire workflow is schematically represented in Fig. 4.
5. Results
5.1. Feature selection and correlation analysis

Following the application of the ReliefF method for feature selection,
the following results were achieved: Slope angle (0.74), Land use (0.56),
Convergence index (0.43), Hydrological soil groups (0.35), TPI (0.32),

Plan curvature (0.29), Profile curvature (0.24), Aspect (0.09) (Fig. 5). By
analyzing the achieved results, it can be concluded that all the factors
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Fig. 6. Correlation matrix among the flash-flood predictors.

are able to influence the flash-flood phenomena and therefore, all of
them will be included in the future workflow.

To avoid the redundant information among the 8 flash-flood pre-
dictors, the correlation matrix, in R software was constructed. It reveals
that the highest degree of correlation take place between profile cur-
vature and convergence index, with a value of correlation coefficient
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Table 1
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Pair-wise comparison matrix and normalized weights for each factor and class/category.

Factor and classes/categories Pair-wise comparison matrix

Normalized weights

[1] [2] [3] [4] [5] [6] [71 [8] [91
Slope angle (°)
[1]10-7.4 1 0.035
[2]17.5-13.1 3 1 0.072
[3]113.2-18 5 2 1 0.123
[4] 18.1 - 23.7 7 5 3 1 0.263
[5] 23.8 - 40.1 9 7 5 1 0.507
TPI
[1] (-6. 1) - (-1.3) 1 0.442
[2] (-1.3) - (-0.4) 1/2 1 0.257
[3] (-0.3) - 0.4 1/3 1/2 1 0.149
[4]10.5-1.4 1/5 1/3 2/3 1 0.089
[5]11.4-6.61 1/6 1/4 1/3 3/4 1 0.063
Land use
[1] Built-up areas 1 0.383
[2] Pastures 172 1 0.245
[3] Agriculture areas 1/3 1/2 1 0.149
[4] Forests 1/9 1/7 1/5 1 0.040
[5] Shrubs 1/5 1/4 1/3 1 0.064
[6] Rivers 1/3 172 1 2 1 0.119
Profile curvature
[1]1 (-2.2)-0 1 0.633
[210-0.9 1/3 1 0.260
[310.9-2.1 1/5 1/3 1 0.106
Plan curvature
[1] (-2.6) - (-0.1) 1 0.128
[2] (-0.1) - 0.1 3 1 0.512
[310.1-25 4 1/2 1 0.360
Aspect
[1] Flat surfaces 1 0.034
[2] North 3 1 0.088
[3] North-East 4 2 1 0.109
[4] East 5 3/2 4 1 0.202
[5] South-East 4 3/2 2 3/4 1 0.157
[6] South 4 3/2 3/2 2/3 2/3 1 0.134
[7] South-West 3 4/3 4/3 2/3 2/3 4/5 1 0.116
[8] West 3 5/4 2/3 1/2 3/5 3/5 4/5 1 0.093
[9] North-East 2 1 1/2 1/3 1/2 1/2 1/2 2/3 1 0.067
Convergence index
[1]1 4.3 -99.2 1 0.057
[2] (-0.9) - 4.3 2 1 0.089
[3]1 (-1.9) - (-1) 3 2 1 0.143
[4]1 (-2.9) - (-2) 4 3 2 1 0.227
[5] (-96) - (-3) 6 5 4 1 0.485
Hydrological soil groups
[1]1 A 1 0.088
[2]1 B 2 1 0.158
[31C 3 2 1 0.272
[41 D 5 3 2 1 0.482

equal to 0.327 (Fig. 6).

The Fig. 6 shows that in four cases the correlation coefficient is equal
to 0. Thus, it can be seen that no serious correlation is detected between
the input variables and, so as, all of them will be involved in the
computational workflow.

5.2. AHP coefficients

Table 1 shows the pair-wise comparison between all the classes or
categories of flash-flood predictors. According to the outcomes of AHP
method, the profile curvature class was between —2.2 and 0, achieved

the highest AHP coefficient (0.633), being followed by plan curvature
class between —0.1 and 0.1 (AHP = 0.512), slope angle class between
23.8 and 40.1 (AHP = 0.507), convergence index class between —96 and
—3 (AHP = 0.485). The lowest values of AHP were achieved by flat
surface derived from aspect predictor (AHP = 0.034), slope angle be-
tween 0 and 7.4 (AHP = 0.035) and forest surfaces (AHP = 0.04).

The judgment consistency for each matrix was assessed through
Consistency Ratio (CR) (Table 2). Given the fact that all values of CR are
below to 0.1, all the comparison within the matrices are consistent.
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Table 2
Pair-wise comparison matrix properties.
Factors N Amax CI RI CR
Slope angle 5 5.196 0.049 1.12 0.044
Land use 6 6.100 0.020 1.24 0.016
Hydrological soil groups 4 5.058 0.014 0.90 0.005
Profile curvature 3 3.039 0.019 0.58 0.033
Plan curvature 3 3.109 0.054 0.58 0.090
TPI 5 5.029 0.007 1.12 0.006
Convergence index 5 5.099 0.025 1.12 0.017
Aspect 9 9.200 0.025 1.45 0.022
Table 3
FAHP evaluation matrix.
1 2 3 4 5 6 8
Profile curvature (1)
L 1 1 1 1 2 1/ 1
3
m; 1 1 1 2 3 1/ 2
2
u; 1 1 1 3 4 1 3
Plan curvature (2)
1A 1 1 1 1 2 1/ 1
4
my 1 1 1 2 3 1/ 2
3
U 1 1 1 3 4 1/ 3
2
Hydrological Soil Group
3)
I3 1 1 1 1 2 1/ 1
3
ms 1 1 1 2 3 1/ 2
2
us 1 1 1 3 4 1 3
Land use (4)
Ly IV VAR VAR | 1 1/ 1
3 3 6
my 1/ 1/ 1/ 1 2 1/ 1
2 2 2 5
uy 1 1 1 1 3 1/ 1
4
Convergence index (5)
Is 1/ 1/ 1/ 1/ 1 1/ 1/
4 4 4 7 3
ms 1/ 1/ 1/ 1/ 1 1/ 1/
3 3 3 6 2
us 1/ 1/ 1/ 1 1 1/ 3 1
2 2 2 5
Slope angle (6)
Is 1 2 1 4 5 1 5 2
mg 2 3 2 5 6 1 6 3
U 3 4 3 6 7 1 7 4
TPI (7)
l; 7 v v 1 1 1 1 U
5 4 4 3 3 7 3
my 1/ 1/ 1/ 1/ 1/ 1/ 1 1/
4 3 3 2 2 6 2
uy 1/ 1/ 1/ 1 1 1/ 1 1
3 2 2 5
Aspect (8)
Ig 1/ 1/ 1/ 1 1 1/ 1 1
3 3 3 4
mg 1/ 1/ 1/ 1 2 1/ 2 1
2 2 2 3
ug 1 1 1 1 3 1/ 3 1
2

5.3. Flash-flood susceptibility computation

5.3.1. Fuzzy-AHP
Using the Fuzzy-AHP method, the first step to determine the flash-
flood susceptibility was to create in Microsoft Excel a fuzzy pair-wise
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Table 4

The ordinate of the highest intersection point, the degree possibility for TFNs,
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and the wright’s landslide predictors.

Profile curvature = 1

Plan curvature = 2

Hydrological Soil Groups =
3

V(S1>82)=1
V(Ss1>83)=1
V(1 >84)=1
V(S1>85)=1
V(S1 > S6) = 0.54
V(§1>87)=1
V(S1>88) =1

min{V(S; > S} =
0.54
Weight = 0.19

Land use = 4
V(S4 > S1) = 0.64
V(S4 > S2) = 0.6

V(s4 >83)=1
V(S4>85)=1
V(sS4 > S6) = 0.09
V(4 >87)=1

V(S4 > S8) = 0.91

min{V(Ss > S)} =
0.09

Weight = 0.033

TPI =7
V(S§7 >S1)=0
V(S7 > S2) = 0.03
V(S7 >83)=0
V(S7 > S4) = 0.44
V(S7 > S5) = 0.88
V(S7 >S6) =0
V(S7 >S8) =1
min{V(Sy > S|} =
0.03
Weight = 0

v(s2>s1) =1
V(S2 > 83) = 0.96
V(S2>84)=1
V(s2>85)=1
V(S2 > S6) = 0.43
V(2 >87)=1
V(s2>8S8)=1

min{V(S; > Si)} = 0.43

Weight = 0.155

Convergence index = 5
V(S5 > S1) = 0.22
V(S5 > S2) = 0.18
V(S5 > S3) = 0.59

V(s5>s4) =1
V(S5 > S6) =0
V(S5 >87)=1

V(S5 >88) = 0.5
min{V(Se > S©)} =0

Weight = 0

Aspect = 8

V(S10 > S1) = 0.616
V(S10 > S2) = 0.72
V(S10 > S3) = 0.685
V(S10>S4) =1
V(S10 > S5) =1
V(S10 > S6) = 0.174
V(S10>S7)=1
min{V(S1o > S} =
0.174

Weight = 0.061

V(S3 > S1) = 0.94

V(§3>82)=1
V(3 >84) =1
V(S3>S5)=1
V(S3>8S6) =1
V(83 > 87) = 0.49
V(S3>8S8)=1

min{V(S3 > Si)} = 0.49

Weight = 0.175

Slope angle = 6

V(6 >S1)=1
V(S6 >8S2) =1
V(S6 >8S3) =1
V(6 >s4) =1
V(S6 > S5) =1
V(S6 >87)=1
V(S6 >8S8) =1

min{V(S; > Si)} =1

Weight = 0.354

comparison matrix (Table 3). Thus, in this matrix, all 8 flash-flood
predictors were included and compared according to their importance
in the flash-flood genesis. Based on the results in the comparison matrix,

the following equation was used to determine the synthesis values:

—1
[Z Za’k,] = (164.74 217.617 275.783)"" = (0.0036 0.0046 0.006)
1 j=1

k=

(24)

These results were then used to calculate fuzzy numbers that could
be assigned to each flash-flood predictor. In the next step, the degree of
possibility process was applied based on the fuzzy number (Table 4).
Next, the weight of each flash-flood predictor was calculated with the
following equations:

w(a;) = {0.54 0.43 0.49 0.09 0 1 0 0.061}" (25)

w(a;) = {0.19 0.155 0.175 0.033 0 0.354 0 0.061}" (26)

In addition, the defuzzification process allows TFNs to be converted
into crisp weights that are applied to each flash-flood conditioning
factor and subsequently multiplied by AHP values to create the FFSIgapp
(Fig. 10a).

The value of FFSIgpyp range from 0.07 to 0.48. The Natural Breaks
method was utilized to classify the flash-flood susceptibility values,
having the very low class between 0.07 and 0.19 characterized by a
percentage of 18.32% (Fig. 9a). The low class is situated between 0.2
and 0.25, having a percentage of 31.59%, while the moderate class
between 0.26 and 0.3 occupies a percentage of 32.41%. The high and
very high susceptibility values above 0.31 is spread on 17.68%.
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5.3.2. DLNN-AHp

The DLNN-AHP model was trained in R environment with the help of
tools available in H20 package. The optimum architecture was reached
by estimating the loss and accuracy values by after the application of
total number of epochs equal to 100. According to the results the
maximum accuracy of 0.95 was obtained after 89 epochs while the
minimum value of loss (0.042) was reached after 95 epochs. The uni-
form kernel was used as initializer function, while ReLU was involved as
activation function. The batch size was set to 100, validation rate to 0.2,
while the dropout rate to 0.1. Thus, the optimal architecture of AHP-
DLNN is formed by 8 input neurons, 3 hidden layers with a maximum
of 64 neurons and 2 output neurons represented by the presence or
absence of torrential pixels (Fig. 7). Finally, the functionalities of H20 R
package in terms of Deep Learning Neural Networks algorithm allow to
derive the following importance values for each variable: slope angle
(0.206), plan curvature (0.114), hydrological soil group (0.114), land
use (0.088), convergence index (0.122), profile curvature (0.179),
topographic position index (0.111) and aspect (0.066). These values
were used to derive in Map Algebra the FFSIpgp.pryn within the study
zone (Fig. 9b).

Using the Natural Breaks classification method, the FFSIapp.prLnN
values were divided into 5 classes. The very low class has a percentage of
13.16% and values from 0.09 and 0.19. The low class with a percentage
of 29.12%, is situated in the range from 0.2 to 0.23. The moderate
susceptibility is spread on 22.7%, while the high and very high values
account 35.01% of the study zone.
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5.3.3. MLP-AHp

The architecture of MLP-AHP model used in the present research was
established according the lowest value achieved by RMSE. Thus, the
lowest RMSE equal to 0.013 was achieved with a hidden layer con-
taining 14 hidden neurons (Fig. 8a). Moreover, the pseudoprobability
plot exposed in Fig. 8b, confirm that the torrential and non-torrential
pixels were correct classified because the majority of values, repre-
sented on the left side (in blue) and right side (in green) are situated over
the 0.5 of y-axis. The Gain chart (Fig. 8c) and Lift chart (Fig. 8d) prove
also the high degree of performance obtained through MLP-AHP model.

The SPSS software permitted the possibility to derive the values of
each flash-flood predictor importance in the MLP-AHP ensemble as
following: slope angle (0.538), topographic position index (0.109),
convergence index (0.096), plan curvature (0.093), hydrological soil
group (0.055), aspect (0.052), profile curvature (0.035) and land use
(0.022). The factor importance was used to compute the FFSIyypanp
(Fig. 9¢).

Again, Natural Breaks algorithm was used to split the susceptibility
values into 5 classes. The very low values, between 0.06 and 0.16, span
on 31.32% of the study zone, while the low class is spread on 39.09%
and is characterized by values from 0.17 to 0.22. Moderate flash-flood
susceptibility is characteristic for a percentage of 20.35% of the total
territory, while another 9.25% has a high and very high susceptibility.

5.3.4. NB-AHp

Using training data and a 10-fold cross-validation algorithm in the
Weka 3.9 environment, the NB-AHP model was built. The cross-
validation procedure is designed to minimize over-fitting and reduce
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Fig. 8. MLP-AHP model architecture and performances indicators (a. network architecture; b. predicted pseudo-probability; c. gain chart; d. lift chart).
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Fig. 9. Flash-Flood Susceptibility Index values (a. FAHP; b. DLNN-AHP; c. MLP-AHP; d. NB-AHP).

data variability as much as possible. Based on the training process, the
maximum accuracy reached was 0.926, while the k-index was 0.74. The
most important factor was the slope angle (0.427), followed by plan
curvature (0.112), topographic position index (0.098), hydrological soil
group (0.092), convergence index (0.078), profile curvature (0.066),
aspect (0.065) and land use (0.062) (Table 5).

Like in the previous cases, Natural Breaks method helped to split the
susceptibility values into 5 classes. The very low values, between 0.07
and 0.16, are spread on 17.44% of the research area, while the low class
spans on 35.5% and has values between 0.17 and 0.2. Moderate flash-
flood susceptibility is characteristic for a percentage of 23.21% of the
total territory, while another 23.85% has a high and very high suscep-
tibility (Fig. 9d).

5.4. Validation and comparison of the models

The results validation part was accomplished using the ROC Curve
and a number of 4 statistical metrics.

5.4.1. Analysis of statistical metrics

Basically, the use of training dataset, highlights the following values
for the accuracy metric: the highest value was assigned to DLNN-AHP
(0.968), followed by NB-AHP (0.942), MLP-AHP (0.885) and FAHP
(0.84) (Table 6). The use of validating sample, showed that the best
accuracy was associated to DLNN-AHP (0.97), followed by NB-AHP
(0.955), MLP-AHP (0.848) and FAHP (0.803).
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5.4.2. Analysis of the ROC Curve

In terms of ROC Curves, the Success Rate was constructed with the
help of training sample, while the Prediction Rate was designed by
taking into consideration the validating dataset. The highest AUC of
Success Rate shows was registered by the DLNN-AHP model (0.971), on
the second place being NB-AHP (0.945), followed by MLP-AHP (0.888)
and FAHP (0.836) (Fig. 10a). The Prediction Rate shows the same hi-
erarchy as follows: DLNN-AHP model (0.984), NB-AHP (0.976), MLP-
AHP (0.882) and FAHP (0.807) (Fig. 10b). Since the AUC values were
above 0.8, we can state that all applied algorithms have a good
performance.

6. Discussions

One of the areas highly affected by flash-floods hazards on the Eu-
ropean continent, is the Romanian mountain region (Romanescu et al.,
2017), within which is situated also the present research area. In light of
the predicted increase in heavy rain frequency (Alfieri et al., 2018), it is
crucial to detect promptly areas exposed to flash flood hazards within
the Suha river catchment. In order to achieve very high precise results,
the mechanisms of flash floods must be understood, and state-of-the-art
techniques must be used to evaluate the flash flood susceptibility. To
determine which surfaces are prone to rapid surface runoff, we devel-
oped four models based on machine learning techniques, fuzzy multi-
criteria decision-making, and their ensemble to model the FFSI values
from the spatial point of view. In the last 10 years many papers
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Table 5
Predictor’s importance for each of the hybrid model applied.
Predictors FAHP DLNN-AHP MLP-AHP NB-AHP
Slope angle 0.354 0.206 0.538 0.427
Plan curvature 0.155 0.114 0.093 0.112
Hydrological soil Group 0.175 0.114 0.055 0.092
Land use 0.033 0.088 0.022 0.062
Convergence Index 0 0.122 0.096 0.078
Profile Curvature 0.19 0.179 0.035 0.066
Topographic Position Index 0 0.111 0.109 0.098
Aspect 0.061 0.066 0.052 0.065
Table 6

Statistical metrics involved in the evaluation of models’ performance.
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(Brewster, 2010; Kruzdlo and Ceru, 2010; Tincu et al., 2018; Zaharia
et al., 2015, Zaharia et al., 2012) aimed to evaluate flash-flood suscep-
tibility using the method proposed by Smith (2003). However, the
aforementioned studies did not include any methodological consider-
ations regarding surface runoff in the past and/or a statistical approach
to determining flash-flood susceptibility within their methodological
workflow. Past studies were also subject to a large degree of subjectivity
due to the simple overlapping of flash flood predictors, in GIS software.
Nonetheless, the training process for the 4 models applied in this paper
made use of many flash-flood predictors that have been studied in pre-
vious papers. Based on the results of all the models, slope angle was the
most significant factor. It has been established in many of the past
research works that slope angle has a major influence on runoff genesis
and manifestation (Borga et al.,, 2011; Chakrabortty et al., 2021;
Elmahdy et al., 2020). This is explained by the fact that the slope angle
affects the surface runoff velocity, which determines how flash floods
behave (Fontanine and Costache, 2013). This affirmation is in total
agreement with the outputs of the feature selection process that was
applied in the present research and which showed that the slope angle
has the highest correlation, among all the flash-flood predictors, with
the previous torrential phenomena. Land use and convergence index are
another 2 flash-flood predictors that resulted to be highly correlated
with the historical torrential processes. On the reliability of the models,
it becomes evident that the DLNN-AHP ensemble provided the best re-
sults, while FAHP was the least reliable. In line with Tehrany et al.
(2015) findings, multicriteria decision-making analysis algorithms like
FAHP have some disadvantages because this category of methods relies
on expert knowledge, without considering the location of the previous
areas affected by that hazard. Furthermore, the results of the present
study show that the deep learning neural network, due to its complex
structure with many hidden layers which are able for an input data deep
processing, outperforms the multilayer perceptron with only one hidden
layer and also the other three ensemble models used in this research.
Thus, the statistical metrics involved in the results validation procedure
highlights an accuracy of 0.97 for DLNN-AHP comparing to the lowest
accuracy of 0.803 that belongs to the FAHP model. The same difference
is also highlighted by the Prediction Rate of ROC Curve, where the AUC
of DLNN-AHP was 0.984, meanwhile the AUC of FAHP was 0.807. The
very high precision of DLNN model, in terms of flash-flood susceptibility
prediction, was also certified in the study carried out by Bui et al.
(2020a,b) in the Lao Cai province of Vietnam, where this algorithm
reached an accuracy of 0.94. Also, in the same study, the AUC-ROC
Curve of DLNN, equal to 0.96, exceeded the AUC-ROC Curve of MLP
that was equal to 0.926. Also, in another study done, on the same topic,
by Pham et al. (2021b) in Quang Nam province of Vietnam, deep
learning neural network algorithm reached an accuracy maximum value
of 0.961 and exceeded the performance of the other models like Logistic
Regression (accuracy = 0.954), Artificial Neural Network-Radial Basis
Function (accuracy = 0.954), Logistic Model Tree (accuracy = 0.954)
and Alternating Decision Tree (accuracy = 0.958). Therefore, we can
state that the DLNN is a very high performant model that is capable to
provide highly accurate results in terms of flood and flash-flood sus-
ceptibility prediction.

Metrics Training sample Validating sample

FAHP DLNN-AHP MLP-AHP NB-AHP FAHP DLNN-AHP MLP-AHP NB-AHP
TP 65 75 70 73 27 32 29 31
TN 66 76 68 74 26 32 27 32
FP 13 3 8 5 6 1 4 2
FN 12 2 10 4 7 1 6 1
Sensitivity 0.844 0.974 0.875 0.948 0.794 0.970 0.829 0.969
Specificity 0.835 0.962 0.895 0.937 0.813 0.970 0.871 0.941
Accuracy 0.840 0.968 0.885 0.942 0.803 0.970 0.848 0.955
K 0.679 0.936 0.769 0.885 0.606 0.939 0.697 0.909
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7. Conclusions

The current study aimed to propose new 3 hybrid algorithms and
fuzzy-AHP method to estimate the flash flood susceptibility within the
Suha river basin. In each of the hybrid models, pixels associated with
torrential areas were used alongside eight flash-flood predictors as input
data. As a result of the application of the ReliefF method, all eight flash-
flood conditioning factors are reliable and should be incorporated into
the analysis. By evaluating the results with ROC curve, all the models
achieved good to very good performance, as indicated by area under the
curve (AUC) values above 0.807. Furthermore, the accuracy values of
over 0.803 indicate the models’ robustness. Over 9.25% of the research
zone is covered by surfaces with high and high flash flood susceptibility,
which are uniformly distributed within the Suha basin.

In this study, there is a significant novelty in that the 3 ensemble
models (DLNN-AHP, MLP-AHP and NB-AHP) and H20 R package are
used for the first time to predict whether a region is vulnerable to flash-
flood phenomena. The results obtained in this study, which have very
good accuracy, can be used with a high degree of confidence by the
authorities responsible for the mitigation of flash-flood negative effects.

As in any study in which geospatial data is used, a limitation of this
study may be the errors that may occur in the spatial representation of
the data. Therefore, it should be noted that the focus of the future study
will be to obtain data with higher resolution and accuracy and to use
them in studies on estimating susceptibility to flash-floods.

Funding

This work was supported by a grant of the Romanian Ministry of
Education and Research, CNCS — UEFISCDI, project number PN-III-P1-
1.1-PD-2019-0424-P, within PNCDI III.

CRediT authorship contribution statement

Romulus Costache: Conceptualization, Methodology, Software,
Validation, Formal analysis, Investigation, Resources, Data curation,
Writing — original draft, Writing — review & editing, Visualization, Su-
pervision, Funding acquisition. Tran Trung Tin: Conceptualization,
Visualization, Funding acquisition. Alireza Arabameri: Methodology,
Formal analysis, Investigation, Writing — review & editing, Supervision.
Anca Craciun: . R.S. Ajin: Methodology, Formal analysis, Investigation,
Writing — review & editing, Supervision. Iulia Costache: Methodology,
Software, Validation, Formal analysis, Investigation, Resources, Data
curation, Writing — original draft, Writing — review & editing, Supervi-
sion. Abu Reza Md. Towfiqul Islam: Data curation, Writing — original
draft. S.I. Abba: Methodology, Data curation. Mehebub Sahana:
Conceptualization, Methodology. Mohammadtaghi Avand: Software,
Validation, Resources, Data curation, Writing — original draft. Binh Thai
Pham: Conceptualization, Software, Validation, Resources, Data cura-
tion, Writing — original draft, Visualization, Funding acquisition.

Declaration of Competing Interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

References

Abedini, M., Ghasemian, B., Shirzadi, A., Bui, D.T., 2019. A comparative study of support
vector machine and logistic model tree classifiers for shallow landslide susceptibility
modeling. Environ. Earth Sci. 78, 1-15.

Ahmadlou, M., Karimi, M., Alizadeh, S., Shirzadi, A., Parvinnejhad, D., Shahabi, H.,
Panahi, M., 2019. Flood susceptibility assessment using integration of adaptive
network-based fuzzy inference system (ANFIS) and biogeography-based
optimization (BBO) and BAT algorithms (BA). Geocarto Int. 34, 1252-1272.

Ahmadlou, M., Al-Fugara, A., Al-Shabeeb, A.R., Arora, A., Al-Adamat, R., Pham, Q.B., Al-
Ansari, N., Linh, N.T.T., Sajedi, H., 2021. Flood susceptibility mapping and

15

Journal of Hydrology 609 (2022) 127747

assessment using a novel deep learning model combining multilayer perceptron and
autoencoder neural networks. J. Flood Risk Manage. 14, e12683.

Alfieri, L., Dottori, F., Betts, R., Salamon, P., Feyen, L., 2018. Multi-model projections of
river flood risk in Europe under global warming. Climate 6, 6.

Alho, P., Aaltonen, J., 2008. Comparing a 1D hydraulic model with a 2D hydraulic model
for the simulation of extreme glacial outburst floods. Hydrol. Process.: Int. J. 22,
1537-1547.

Arabameri, A., Saha, S., Chen, W., Roy, J., Pradhan, B., Bui, D.T., 2020. Flash flood
susceptibility modelling using functional tree and hybrid ensemble techniques.

J. Hydrol. 125007.

Arora, A., Arabameri, A., Pandey, M., Siddiqui, M.A., Shukla, U., Bui, D.T., Mishra, V.N.,
Bhardwaj, A., 2021. Optimization of state-of-the-art fuzzy-metaheuristic ANFIS-
based machine learning models for flood susceptibility prediction mapping in the
Middle Ganga Plain, India. Sci. Total Environ. 750, 141565.

Asadi, H., Shahedi, K., Jarihani, B., Sidle, R.C., 2019. Rainfall-runoff modelling using
hydrological connectivity index and artificial neural network approach. Water 11,
212,

Borga, M., Anagnostou, E., Bloschl, G., Creutin, J.-D., 2011. Flash flood forecasting,
warning and risk management: the HYDRATE project. Environ. Sci. Policy 14,
834-844.

Brewster, J., 2010. Development of the flash flood potential index (FFPI) for central NY
& Northeast PA. Presented at the Eastern Region Flash Flood Conference, NOAA’s
National Weather Service, pp. 2-4.

Bui, D.T., Ngo, P.-T.-T., Pham, T.D., Jaafari, A., Minh, N.Q., Hoa, P.V., Samui, P., 2019.
A novel hybrid approach based on a swarm intelligence optimized extreme learning
machine for flash flood susceptibility mapping. Catena 179, 184-196.

Bui, D.T., Hoang, N.-D., Martinez-Alvarez, F., Ngo, P.-T.-T., Hoa, P.V., Pham, T.D.,
Samui, P., Costache, R., 2020a. A novel deep learning neural network approach for
predicting flash flood susceptibility: a case study at a high frequency tropical storm
area. Sci. Total Environ. 701, 134413.

Bui, Q.-T., Nguyen, Q.-H., Nguyen, X.L., Pham, V.D., Nguyen, H.D., Pham, V.-M., 2020b.
Verification of novel integrations of swarm intelligence algorithms into deep
learning neural network for flood susceptibility mapping. J. Hydrol. 581, 124379
https://doi.org/10.1016/j.jhydrol.2019.124379.

Bures, L., Roub, R., Sychova, P., Gdulova, K., Doubalova, J., 2019. Comparison of
bathymetric data sources used in hydraulic modelling of floods. J. Flood Risk
Manage. 12, e12495.

Canbek, G., Sagiroglu, S., Temizel, T.T., Baykal, N., 2017. Binary classification
performance measures/metrics: A comprehensive visualized roadmap to gain new
insights. In: Presented at the 2017 International Conference on Computer Science
and Engineering (UBMK). IEEE, pp. 821-826.

Chakrabortty, R., Chandra Pal, S., Rezaie, F., Arabameri, A., Lee, S., Roy, P., Saha, A.,
Chowdhuri, I., Moayedi, H., 2021. Flash-flood hazard susceptibility mapping in
Kangsabati River Basin, India. Geocarto Int. 1-23.

Chao, L., Zhang, K., Wang, J., Feng, J., Zhang, M., 2021. A Comprehensive Evaluation of
Five Evapotranspiration Datasets Based on Ground and GRACE Satellite
Observations: Implications for Improvement of Evapotranspiration Retrieval
Algorithm. Remote Sens. 13 (12), 2414 https://doi.org/10.3390/rs13122414.

Chen, W., Zhang, S., Li, R., Shahabi, H., 2018. Performance evaluation of the GIS-based
data mining techniques of best-first decision tree, random forest, and naive Bayes
tree for landslide susceptibility modeling. Sci. Total Environ. 644, 1006-1018.

Choubin, B., Rahmati, O., Tahmasebipour, N., Feizizadeh, B., Pourghasemi, H.R., 2019.
Application of fuzzy analytical network process model for analyzing the gully
erosion susceptibility, in: Natural Hazards Gis-Based Spatial Modeling Using Data
Mining Techniques. Springer, pp. 105-125.

Chowdhuri, I, Pal, S.C., Chakrabortty, R., 2020. Flood susceptibility mapping by
ensemble evidential belief function and binomial logistic regression model on river
basin of eastern India. Adv. Space Res. 65, 1466-1489.

Chukwuma, E., Okonkwo, C., Ojediran, J., Anizoba, D., Ubah, J., Nwachukwu, C., 2021.
A GIS based flood vulnerability modelling of Anambra State using an integrated
IVFRN-DEMATEL-ANP model. Heliyon 7, e08048.

Costache, R., 2019. Flash-Flood Potential assessment in the upper and middle sector of
Prahova river catchment (Romania). A comparative approach between four hybrid
models. Sci. Total Environ. 659, 1115-1134.

Costache, R., Bui, D.T., 2020. Identification of areas prone to flash-flood phenomena
using multiple-criteria decision-making, bivariate statistics, machine learning and
their ensembles. Sci. Total Environ. 712, 136492.

Costache, R., Hong, H., Wang, Y., 2019. Identification of torrential valleys using GIS and
a novel hybrid integration of artificial intelligence, machine learning and bivariate
statistics. Catena 183, 104179.

Costache, R., Ngo, P.T.T., Tien Bui, D., 2020a. Novel ensembles of deep learning neural
network and statistical learning for flash-flood susceptibility mapping. Water 12,
1549. https://doi.org/10.3390/w12061549.

Costache, R., Pham, Q.B., Avand, M., Linh, N.T.T., Vojtek, M., Vojtekova, J., Lee, S.,
Khoi, D.N., Nhi, P.T.T., Dung, T.D., 2020b. Novel hybrid models between bivariate
statistics, artificial neural networks and boosting algorithms for flood susceptibility
assessment. J. Environ. Manage. 265, 110485.

Costache, R., Pham, Q.B., Sharifi, E., Linh, N.T.T., Abba, S., Vojtek, M., Vojtekova, J.,
Nhi, P.T.T., Khoi, D.N., 2020c. Flash-flood susceptibility assessment using multi-
criteria decision making and machine learning supported by remote sensing and GIS
techniques. Remote Sens. 12, 106.

Costache, R., Barbulescu, A., Pham, Q.B., 2021a. Integrated framework for detecting the
areas prone to flooding generated by flash-floods in small river catchments. Water
13, 758.

Costache, R., Pham, Q.B., Arabameri, A., Diaconu, D.C., Costache, 1., Craciun, A.,
Ciobotaru, N., Pandey, M., Arora, A., Ali, S.A., 2021b. Flash-flood propagation


http://refhub.elsevier.com/S0022-1694(22)00322-5/h0005
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0005
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0005
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0010
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0010
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0010
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0010
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0015
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0015
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0015
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0015
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0020
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0020
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0025
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0025
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0025
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0030
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0030
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0030
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0035
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0035
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0035
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0035
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0040
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0040
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0040
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0045
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0045
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0045
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0055
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0055
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0055
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0060
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0060
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0060
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0060
https://doi.org/10.1016/j.jhydrol.2019.124379
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0070
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0070
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0070
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0075
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0075
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0075
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0075
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0080
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0080
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0080
https://doi.org/10.3390/rs13122414
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0085
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0085
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0085
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0095
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0095
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0095
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0100
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0100
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0100
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0105
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0105
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0105
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0110
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0110
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0110
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0115
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0115
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0115
https://doi.org/10.3390/w12061549
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0125
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0125
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0125
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0125
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0130
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0130
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0130
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0130
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0135
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0135
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0135
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0140
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0140

R. Costache et al.

susceptibility estimation using weights of evidence and their novel ensembles with
multicriteria decision making and machine learning. Geocarto Int. 1-33.

Deng, L., Hinton, G., Kingsbury, B., 2013. New types of deep neural network learning for
speech recognition and related applications: An overview. In: Presented at the 2013
IEEE international conference on acoustics, speech and signal processing. IEEE,
pp. 8599-8603.

Destro, E., Amponsah, W., Nikolopoulos, E.I., Marchi, L., Marra, F., Zoccatelli, D.,
Borga, M., 2018. Coupled prediction of flash flood response and debris flow
occurrence: application on an alpine extreme flood event. J. Hydrol. 558, 225-237.

Elmahdy, S., Ali, T., Mohamed, M., 2020. Flash flood susceptibility modeling and
magnitude index using machine learning and geohydrological models: A modified
hybrid approach. Remote Sensing 12, 2695.

Fang, Z., Wang, Y., Peng, L., Hong, H., 2021. Predicting flood susceptibility using LSTM
neural networks. J. Hydrol. 594, 125734.

Fontanine, 1., Costache, R., 2013. Using GIS techniques for surface runoff potential
analysis in the Subcarpathian area between Buzau and Slanic rivers, in Romania.
Cing Continents 3, 47-57.

Handini, D.R., Hidayah, E., Halik, G., 2021. Flash Flood Susceptibility Mapping at
Andungbiru Watershed, East Java Using AHP-Information Weighted Method.
Geosfera Indonesia 6, 127-142.

Hategekimana, Y., Yu, L., Nie, Y., Zhu, J., Liu, F., Guo, F., 2018. Integration of multi-
parametric fuzzy analytic hierarchy process and GIS along the UNESCO World
Heritage: a flood hazard index, Mombasa County, Kenya. Nat. Hazards 92,
1137-1153.

He, Y., Dai, L., Zhang, H., 2020. Multi-Branch Deep Residual Learning for Clustering and
Beamforming in User-Centric Network. IEEE Commun. Lett. 24 (10), 2221-2225.
https://doi.org/10.1109/LCOMM.2020.3005947.

Hosseini, F.S., Choubin, B., Mosavi, A., Nabipour, N., Shamshirband, S., Darabi, H.,
Haghighi, A.T., 2020. Flash-flood hazard assessment using ensembles and Bayesian-
based machine learning models: application of the simulated annealing feature
selection method. Sci. Total Environ. 711, 135161.

Islam, A.R.M.T., Talukdar, S., Mahato, S., Kundu, S., Eibek, K.U., Pham, Q.B., Kuriqi, A.,
Linh, N.T.T., 2021. Flood susceptibility modelling using advanced ensemble machine
learning models. Geosci. Front. 12, 101075.

Janizadeh, S., Avand, M., Jaafari, A., Phong, T.V., Bayat, M., Ahmadisharaf, E.,
Prakash, 1., Pham, B.T., Lee, S., 2019. Prediction success of machine learning
methods for flash flood susceptibility mapping in the tafresh watershed, Iran.
Sustainability 11, 5426.

Jiang, L., Li, C., Wang, S., Zhang, L., 2016. Deep feature weighting for naive Bayes and its
application to text classification. Eng. Appl. Artif. Intell. 52, 26-39.

Ke, B., Nguyen, H., Bui, X.-N., Bui, H.-B., Nguyen-Thoi, T., 2021. Prediction of the
sorption efficiency of heavy metal onto biochar using a robust combination of fuzzy
C-means clustering and back-propagation neural network. J. Environ. Manage. 293,
112808.

Khosravi, K., Pham, B.T., Chapi, K., Shirzadi, A., Shahabi, H., Revhaug, L., Prakash, I.,
Bui, D.T., 2018. A comparative assessment of decision trees algorithms for flash
flood susceptibility modeling at Haraz watershed, northern Iran. Sci. Total Environ.
627, 744-755.

Kjeldsen, T.R., 2010. Modelling the impact of urbanization on flood frequency
relationships in the UK. Hydrol. Res. 41, 391-405.

Kratzert, F., Klotz, D., Brenner, C., Schulz, K., Herrnegger, M., 2018. Rainfall-runoff
modelling using long short-term memory (LSTM) networks. Hydrol. Earth Syst. Sci.
22, 6005-6022.

Kruzdlo, R., Ceru, J., 2010. Flash Flood Potential Index for WFO Mount Holly/
Philadelphia. Presented at the Eastern region flash flood conference, poster session,
NOAA'’s National Weather Service, pp. 2-4.

Lan, Z., Zhao, Y., Zhang, J., Jiao, R., Khan, M.N., Sial, T.A., Si, B., 2021. Long-term
vegetation restoration increases deep soil carbon storage in the Northern Loess
Plateau. Sci. Rep. 11, 13758 https://doi.org/10.1038/541598-021-93157-0.

Li, D., Huang, F., Yan, L., Cao, Z., Chen, J., Ye, Z., 2019. Landslide susceptibility
prediction using particle-swarm-optimized multilayer perceptron: comparisons with
multilayer-perceptron-only, bp neural network, and information value models. Appl.
Sci. 9, 3664.

Liu, W., Moayedi, H., Nguyen, H., Lyu, Z., Bui, D.T., 2021b. Proposing two new
metaheuristic algorithms of ALO-MLP and SHO-MLP in predicting bearing capacity
of circular footing located on horizontal multilayer soil. Eng. Comput. 37,
1537-1547.

Liu, J., Wang, J., Xiong, J., Cheng, W., Sun, H., Yong, Z., Wang, N., 2021a. Hybrid models
incorporating bivariate statistics and machine learning methods for flash flood
susceptibility assessment based on remote sensing datasets. Remote Sens. 13, 4945.

Liu, Y., Zhang, K., Li, Z., Liu, Z., Wang, J., Huang, P., 2020. A hybrid runoff generation
modelling framework based on spatial combination of three runoff generation
schemes for semi-humid and semi-arid watersheds. J. Hydrol. 590, 125440 https://
doi.org/10.1016/j.jhydrol.2020.125440.

Malik, A., Tikhamarine, Y., Sammen, S.S., Abba, S.I., Shahid, S., 2021. Prediction of
meteorological drought by using hybrid support vector regression optimized with
HHO versus PSO algorithms. Environ. Sci. Pollut. Res. 1-20.

Minar, J., Evans, LS., Jenco, M., 2020. A comprehensive system of definitions of land
surface (topographic) curvatures, with implications for their application in
geoscience modelling and prediction. Earth Sci. Rev. 211, 103414.

Ngo, P.-T.-T., Pham, T.D., Nhu, V.-H., Le, T.T., Tran, D.A., Phan, D.C., Hoa, P.V., Amaro-
Mellado, J.L., Bui, D.T., 2021. A novel hybrid quantum-PSO and credal decision tree
ensemble for tropical cyclone induced flash flood susceptibility mapping with
geospatial data. J. Hydrol. 596, 125682.

16

Journal of Hydrology 609 (2022) 127747

Panahi, M., Jaafari, A., Shirzadi, A., Shahabi, H., Rahmati, O., Omidvar, E., Lee, S.,
Bui, D.T., 2021. Deep learning neural networks for spatially explicit prediction of
flash flood probability. Geosci. Front. 12, 101076.

Pandey, M., Arora, A., Arabameri, A., Costache, R., Kumar, N., Mishra, V., Nguyen, H.,
Mishra, J., Siddiqui, M., Ray, Y., 2021. Flood susceptibility modeling in a subtropical
humid low-relief alluvial plain environment: application of novel ensemble machine
learning approach. Front. Earth Sci. 9, 659296.

Pham, B.T., Jaafari, A., Van Phong, T., Yen, H.P.H., Tuyen, T.T., Van Luong, V.,
Nguyen, H.D., Van Le, H., Foong, L.K., 2021a. Improved flood susceptibility mapping
using a best first decision tree integrated with ensemble learning techniques. Geosci.
Front. 12, 101105.

Pham, B.T., Luu, C., Van Phong, T., Trinh, P.T., Shirzadi, A., Renoud, S., Asadi, S., Van
Le, H., von Meding, J., Clague, J.J., 2021b. Can deep learning algorithms outperform
benchmark machine learning algorithms in flood susceptibility modeling? J. Hydrol.
592, 125615.

Popa, M.C., Peptenatu, D., Draghici, C.C., Diaconu, D.C., 2019. Flood hazard mapping
using the flood and flash-flood potential index in the Buzau River catchment,
Romania. Water 11, 2116.

Pravalie, R., Costache, R., 2013. The vulnerability of the territorial-administrative units
to the hydrological phenomena of risk (flash-floods). Case study: the subcarpathian
sector of Buzau catchment. Analele Universitatii din Oradea-Seria Geografie 23 (1),
91-98.

Rafiei-Sardooi, E., Azareh, A., Choubin, B., Mosavi, A.H., Clague, J.J., 2021. Evaluating
urban flood risk using hybrid method of TOPSIS and machine learning. Int. J.
Disaster Risk Reduct. 66, 102614.

Romanescu, G., Cimpianu, C.I., Mihu-Pintilie, A., Stoleriu, C.C., 2017. Historic flood
events in NE Romania (post-1990). J. Maps 13, 787-798.

Roodposhti, M.S., Rahimi, S., Beglou, M.J., 2014. PROMETHEE II and fuzzy AHP: an
enhanced GIS-based landslide susceptibility mapping. Nat. Hazards 73, 77-95.

Sahana, M., Pham, B.T., Shukla, M., Costache, R., Thu, D.X., Chakrabortty, R.,

Satyam, N., Nguyen, H.D., Phong, T.V., Le, H.V., Pal, C.P., Areendran, G., Imdad, K.,
Prakash, I., 2020. Rainfall induced landslide susceptibility mapping using novel
hybrid soft computing methods based on multi-layer perceptron neural network
classifier. Geocarto Int. https://doi.org/10.1080/10106049.2020.1837262.

Shahabi, H., Shirzadi, A., Ghaderi, K., Omidvar, E., Al-Ansari, N., Clague, J.J.,
Geertsema, M., Khosravi, K., Amini, A., Bahrami, S., 2020a. Flood detection and
susceptibility mapping using sentinel-1 remote sensing data and a machine learning
approach: hybrid intelligence of bagging ensemble based on k-nearest neighbor
classifier. Remote Sens. 12, 266.

Shahabi, H., Shirzadi, A., Ronoud, S., Asadi, S., Pham, B.T., Mansouripour, F.,
Geertsema, M., Clague, J.J., Bui, D.T., 2020b. Flash flood susceptibility mapping
using a novel deep learning model based on deep belief network, back propagation
and genetic algorithm. Geosci. Front.

Singh, G., Pandey, A., 2021. Spatial prediction of flash floods using susceptibility
modeling and geospatial technology: a review. J. Geomatics 15.

Smith, G., 2003. Flash flood potential: Determining the hydrologic response of FFMP
basins to heavy rain by analyzing their physiographic characteristics. A white paper
available from the NWS Colorado Basin River Forecast Center web site at http
://www.cbrfc.noaa.gov/papers/ffp_wpap.pdf.

Stewart, D., Canfield, E., Hawkins, R., 2011. Curve number determination methods and
uncertainty in hydrologic soil groups from semiarid watershed data. J. Hydrol. Eng.
17,1180-1187.

Sun, C.-C., 2010. A performance evaluation model by integrating fuzzy AHP and fuzzy
TOPSIS methods. Expert Syst. Appl. 37, 7745-7754.

Tamiru, H., Dinka, M.O., 2021. Application of ANN and HEC-RAS model for flood
inundation mapping in lower Baro Akobo River Basin, Ethiopia. J. Hydrol.: Reg.
Stud. 36, 100855.

Tehrany, M.S., Pradhan, B., Mansor, S., Ahmad, N., 2015. Flood susceptibility assessment
using GIS-based support vector machine model with different kernel types. Catena
125, 91-101.

Tien Bui, D., Pradhan, B., Lofman, O., Revhaug, I., 2012. Landslide susceptibility
assessment in vietnam using support vector machines, decision tree, and Naive Bayes
Models. Mathematical problems in Engineering 2012.

Tincu, R., Lazar, G., Lazar, 1., 2018. Modified flash flood potential index in order to
estimate areas with predisposition to water accumulation. Open Geosci. 10,
593-606.

Tirnovan, A., Cojoc, G.M., Romanescu, G., Obreja, F., 2014. Predicting the potential
index of major floods production in the Suha river basin (Suha Bucovineana). Water
resources and wetlands.

Urbanowicz, R.J., Meeker, M., La Cava, W., Olson, R.S., Moore, J.H., 2018. Relief-based
feature selection: introduction and review. J. Biomed. Inform.

Wang, Y., Fang, Z., Hong, H., Peng, L., 2020. Flood susceptibility mapping using
convolutional neural network frameworks. J. Hydrol. 582, 124482.

Wang, Y., Cheng, H., Hu, Q., Liu, L., Jia, L., Gao, S., Wang, Y., 2022. Pore structure
heterogeneity of Wufeng-Longmaxi shale, Sichuan Basin, China: Evidence from gas
physisorption and multifractal geometries. J. Pet. Sci. Eng. 2 (Part A), 109313
https://doi.org/10.1016/j.petrol.2021.109313.

Wang, Y., Fang, Z., Hong, H., Costache, R., Tang, X., 2021. Flood susceptibility mapping
by integrating frequency ratio and index of entropy with multilayer perceptron and
classification and regression tree. J. Environ. Manage. 289, 112449.

Wang, S., Zhang, K., Chao, L., Li, D., Tian, X., Bao, H., Chen, G., Xia, Y., 2021. Exploring
the utility of radar and satellite-sensed precipitation and their dynamic bias
correction for integrated prediction of flood and landslide hazards. J. Hydrol. 603,
126964 https://doi.org/10.1016/j.jhydrol.2021.126964.

Wagqas, H., Lu, L., Tariq, A., Li, Q., Baga, M.F., Xing, J., Sajjad, A., 2021. Flash flood
susceptibility assessment and zonation using an integrating analytic hierarchy


http://refhub.elsevier.com/S0022-1694(22)00322-5/h0140
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0140
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0145
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0145
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0145
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0145
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0150
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0150
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0150
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0155
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0155
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0155
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0160
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0160
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0165
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0165
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0165
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0170
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0170
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0170
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0175
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0175
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0175
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0175
https://doi.org/10.1109/LCOMM.2020.3005947
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0180
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0180
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0180
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0180
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0185
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0185
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0185
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0190
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0190
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0190
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0190
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0195
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0195
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0200
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0200
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0200
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0200
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0205
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0205
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0205
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0205
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0210
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0210
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0215
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0215
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0215
https://doi.org/10.1038/s41598-021-93157-0
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0225
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0225
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0225
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0225
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0230
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0230
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0230
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0230
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0235
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0235
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0235
https://doi.org/10.1016/j.jhydrol.2020.125440
https://doi.org/10.1016/j.jhydrol.2020.125440
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0240
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0240
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0240
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0245
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0245
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0245
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0250
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0250
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0250
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0250
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0255
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0255
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0255
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0260
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0260
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0260
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0260
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0265
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0265
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0265
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0265
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0270
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0270
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0270
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0270
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0275
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0275
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0275
http://refhub.elsevier.com/S0022-1694(22)00322-5/optlGeYULCJHe
http://refhub.elsevier.com/S0022-1694(22)00322-5/optlGeYULCJHe
http://refhub.elsevier.com/S0022-1694(22)00322-5/optlGeYULCJHe
http://refhub.elsevier.com/S0022-1694(22)00322-5/optlGeYULCJHe
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0280
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0280
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0280
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0285
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0285
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0290
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0290
https://doi.org/10.1080/10106049.2020.1837262
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0295
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0295
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0295
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0295
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0295
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0300
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0300
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0300
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0300
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0305
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0305
http://www.cbrfc.noaa.gov/papers/ffp_wpap.pdf
http://www.cbrfc.noaa.gov/papers/ffp_wpap.pdf
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0315
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0315
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0315
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0320
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0320
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0325
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0325
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0325
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0330
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0330
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0330
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0340
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0340
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0340
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0350
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0350
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0355
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0355
https://doi.org/10.1016/j.petrol.2021.109313
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0360
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0360
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0360
https://doi.org/10.1016/j.jhydrol.2021.126964
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0365
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0365

R. Costache et al.

process and frequency ratio model for the Chitral District, Khyber Pakhtunkhwa,
Pakistan. Water 13, 1650.

Xiong, J., Li, J., Cheng, W., Wang, N., Guo, L., 2019. A GIS-based support vector machine
model for flash flood vulnerability assessment and mapping in China. ISPRS Int. J.
Geo-Inf. 8, 297.

Youssef, A.M., Pradhan, B., Sefry, S.A., 2016. Flash flood susceptibility assessment in
Jeddah city (Kingdom of Saudi Arabia) using bivariate and multivariate statistical
models. Environ. Earth Sci. 75, 12.

Zaharia, L., Minea, G., Ioana-Toroimac, G., Barbu, R., Sarbu, I., 2012. Estimation of the
areas with accelerated surface runoff in the upper Prahova watershed (Romanian
Carpathians). Republic of Macedonia, Balwois.

Zaharia, L., Costache, R., Pravalie, R., Minea, G., 2015. Assessment and mapping of flood
potential in the Slanic catchment in Romania. J. Earth Syst. Sci. 124, 1311-1324.

Zare, M., Pourghasemi, H.R., Vafakhah, M., Pradhan, B., 2013. Landslide susceptibility
mapping at Vaz Watershed (Iran) using an artificial neural network model: a

17

Journal of Hydrology 609 (2022) 127747

comparison between multilayer perceptron (MLP) and radial basic function (RBF)
algorithms. Arabian J. Geosci. 6, 2873-2888.

Zhan, C., Dai, Z., Soltanian, M.R., Zhang, X., 2022. Stage-Wise Stochastic Deep Learning
Inversion Framework for Subsurface Sedimentary Structure Identification. Geophys.
Res. Lett. 49 (1), 10.1029/2021GL095823.

Zhang, Z., Luo, C., Zhao, Z., 2020. Application of probabilistic method in maximum
tsunami height prediction considering stochastic seabed topography. Natural
hazards (Dordrecht). Nat. Hazard. 104, 2511-2530. https://doi.org/10.1007/
$11069-020-04283-3.

Zhang, K., Wang, S., Bao, H., Zhao, X., 2019. Characteristics and influencing factors of
rainfall-induced landslide and debris flow hazards in Shaanxi Province, China. Nat.
Hazards Earth Syst. Sci. 19 (1), 93-105. https://doi.org/10.5194/nhess-19-93-2019.

Zhao, X., Xia, H., Pan, L., Song, H., Niu, W., Wang, R., Qin, Y., 2021. Drought Monitoring
over Yellow River Basin from 2003-2019 Using Reconstructed MODIS Land Surface
Temperature in Google Earth Engine. Remote Sens. 13 (18), 3748 https://doi.org/
10.3390/rs13183748.


http://refhub.elsevier.com/S0022-1694(22)00322-5/h0365
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0365
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0370
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0370
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0370
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0375
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0375
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0375
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0380
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0380
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0380
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0385
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0385
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0390
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0390
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0390
http://refhub.elsevier.com/S0022-1694(22)00322-5/h0390
http://refhub.elsevier.com/S0022-1694(22)00322-5/optNCAyzG7GLw
http://refhub.elsevier.com/S0022-1694(22)00322-5/optNCAyzG7GLw
http://refhub.elsevier.com/S0022-1694(22)00322-5/optNCAyzG7GLw
https://doi.org/10.1007/s11069-020-04283-3
https://doi.org/10.1007/s11069-020-04283-3
https://doi.org/10.5194/nhess-19-93-2019
https://doi.org/10.3390/rs13183748
https://doi.org/10.3390/rs13183748

Journal of Hydrology 585 (2020) 124808

Contents lists available at ScienceDirect

Journal of Hydrology

journal homepage: www.elsevier.com/locate/jhydrol

JOURNAL OF
HYDROLOGY

Research papers

Spatial predicting of flood potential areas using novel hybridizations of
fuzzy decision-making, bivariate statistics, and machine learning

Romulus Costache®”

Nicu Ciubotaru™¢, Gabriel Minea”, Quoc Bao Pham?®

2 Research Institute of the University of Bucharest, 90-92 Sos. Panduri, 5th District, 050663 Bucharest, Romania

b National Institute of Hydrology and Water Management, Bucuresti-Ploiesti Road, 97E, 1st District, 013686 Bucharest, Romania
¢ Centre for Integrated Analysis and Territorial Management, University of Bucharest, Bucharest 010041, Romania

d Simion Mehedinti — Nature and Sustainable Development” Doctoral School, University of Bucharest, Bucharest 010041, Romania
¢ Institute of Research and Development, Duy Tan University, Da Nang 550000, Viet Nam

f Department of Meteorology and Hydrology, Faculty of Geography, University of Bucharest, Bucharest 010041, Romania

& Department of Hydraulic and Ocean Engineering, National Cheng-Kung University, Tainan 701, Taiwan

, Mihnea Cristian Popa®®*, Dieu Tien Bui®", Daniel Constantin Diaconu®"*

Check for
updates

=

ARTICLE INFO

This manuscript was handled by A. Bardossy,
Editor-in-Chief, with the assistance of Fi-John
Chang, Associate Editor

Keywords:

Environmental modeling

Flood

Hybridization

Fuzzy analytical hierarchy process
Index of entropy

Support vector machine

ABSTRACT

The global warming and climate changes determined a considerable increase in the frequency of floods and their
related damages. Therefore, the high accuracy prediction of flood susceptible areas plays a key role in flood
warnings and risk reduction. The main objective of this study is to propose novel hybridizations of fuzzy
Analytical Hierarchy Process (FAHP), Index of Entropy (IoE), and Support Vector Machine (SVM) for predicting
the areas susceptible to floods. Buzau river catchment (Romania) was the area on which the present study was
focused. In this regard, a database with 205 flooded locations, 205 non-flood locations and 12 flood predictors
was established and used to train and validate the flood susceptibility models. The performance of the proposed
models was evaluated using the Receiver Operating Characteristic (ROC) Curve and statistical metrics. The
results show that all the hybrid models have a high prediction performance and outperform the stand-alone
models. Among them, the SVM-IoE model (AUC = 0.979) has the highest performance, followed by the FAHP-
IoE (AUC = 0.97), IoE (AUC = 0.969), SVM (AUC = 0.966) and FAHP (AUC = 0.947). These results highlight a
very high efficiency of all the applied models. The application of the models mentioned above revealed that a
percentage between 12.5% (FPIj,x) and 21.2% (FPIgapp) of the study area is characterized by high and very high

exposure to these hydrological hazards.

1. Introduction

Floods are natural risk phenomena causing severe damages to the
environment, loss of human life, determining a slowdown of the eco-
nomic development of many areas across the world. It is increasingly
evident that the overall frequency of major flood events will increase
over the next few years, this fact being directly connected with the
global climate changes (Spence et al., 2011). This higher frequency and
severity of the flood phenomena will inevitably cause exponential
growth in terms of economic damage and loss of human life (Jongman,
2018). Globally, each year the floods are responsible for economic
losses totaling over $20 billion and more for than 3000 casualties
(Nicklin et al., 2019). In Europe, the damages caused by floods are
expected to increase five times until the year 2050 and 17 times until

the year 2080 (European Environment Agency, 2017). Romania is one
of the most flood-affected European countries (Costache, 2019a).
Throughout the 20th and early 21st century, numerous areas across
Romania were affected by historical floods such as those occurring in
the years: 1912, 1932, 1969, 1970, 2005, 2006 and 2010 (Grecu et al.,
2017). Annually, in Romania, floods cause material losses of over 100
million euros. With the accession to the European Union in 2007, Ro-
mania was forced to align the directives of the European Parliament
such as the Directive 2007/60/EC. The activities related to flood risk
management are included in this directive. Floods occurrence is diffi-
cult to prevent, and their devastating effects are often amplified by
certain human activities (Minea et al., 2019) and also by climate
changes. However, certain measures undertaken by the responsible
authorities can significantly decrease the amount of damage produced
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by the floods and also can reduce the loss of human life. At the base of
all measures intended to reduce the flood vulnerability, is the identi-
fication of the areas with a high risk to these types of natural hazards.
One of the methods used to quantify the areas susceptible to severe
flooding is the hydraulic modeling through which the floodplain extent
is directly related to certain discharge values with different prob-
abilities of exceedance. Nevertheless, the hydraulic modeling is time-
consuming and also the necessary data, like a Digital Elevation Model at
a high resolution, are expensive.

During the last years, many state of the art methods, with the ability
to integrate the flood predictors into a GIS environment, were fre-
quently used in the studies related to the flood susceptibility assessment
(Ahmadlou et al., 2018; Costache et al., 2019b; Costache and Bui, 2019;
Mahmoud and Gan, 2018; Tien Bui et al., 2019; Costache and Pravalie,
2012). Also, the role of certain flood predictors on the accumulation of
water at the soil surface can be quantified. Thus, the most widely used
models in the category of bivariate statistics are Statistical Index, Cer-
tainty Factor, Frequency Ratio, Index of Entropy and Weights of Evi-
dence (Costache and Zaharia, 2017; Khosravi et al., 2016; Kumar
Samanta et al., 2018; Tehrany et al., 2013). Machine Learning algo-
rithms are represented by the models like Artificial Neural Networks,
Support Vector Machine, Logistic Regression, Adaptive Neuro-Fuzzy
Inference System and Decision Trees (Arabameri et al., 2019; Choubin
et al., 2019; Costache, 2019b, 2019¢c; Dou et al., 2019; Hong et al.,
2018; Mojaddadi et al., 2017; Tehrany et al., 2014; Tien Bui et al.,
2016; Wang et al., 2019; Wang et al., 2015). The hybrid methods
formed by combining two or more stand-alone models are considered
more advanced, providing much more accurate results. A key element
in using Machine Learning and bivariate statistical models is the use of
input data of the points where the flood phenomena already occurred.

In the light of the above considerations, in this study, for detecting
the areas prone to floods, five models will be tested which are re-
presented by Index of Entropy (IoE) stand-alone model, Fuzzy
Analytical Hierarchy Process (FAHP) stand-alone model, Support
Vector Machine (SVM) stand-alone model, FAHP-IoE and SVM-IoE. The
entire training process of the five models will be ensured by using 12
flood predictors, 205 flood locations and 205 non-flood locations. The
validation of results was performed using the ROC Curve and also
several statistical indices. This study was focused on the Buzau river
catchment which is one of the most affected regions in Romania by
flood phenomena.

2. Study area and data
2.1. The geographical setting of the Buzdu river catchment

Buzédu river catchment is located in the southeastern part of
Romania (Fig. 1), overlapping three landforms, mountains, hills, and
plains, respectively. The study area covers a total surface of 5350 km?
with altitudes ranging from 1 m to 1925 m.

The lithological substrate, in the mountainous and hilly area,
mainly consists of limestones, conglomerates, marls, and sandstones.
Meanwhile, the plain area overlaps the quaternary sedimentation
zones, which include sands, gravels, loess, and clay. Thus, the hard
rocks in the mountainous and hilly areas favor the runoff genesis, while
the presence of clays in the plains and along the main valleys, creates
the premises of flooding phenomena. The low slopes in the plains is
another factor which contributes to the increase of the flood potential.
On average, the mean annual precipitation is approximately 750 mm,
with a maximum of over 1100 mm in the mountainous area and a
minimum of less than 500 mm in the lower plains. In terms of land-use,
the largest surfaces are covered by forest (40.7%), arable land (30.9%),
pastures (16.3%), and built-up areas (4.6%).

The most severe floods within the Buzéu river catchment occurred
in the years 1970, 2005, 2010, 2016 and 2019 and have affected many
localities but also essential infrastructure elements such as the National
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Road 2 (E85) and the National Road 10.
2.2. Flood inventory

In order to run the flood susceptibility models, we created a data-
base that includes the locations of floods that occurred between 1990
and 2019. In this regard, a correct prediction of surfaces exposed to
flood phenomena implies the consideration of the characteristics of the
areas affected in the past by flood events. The location of the flood
events was determined based on data provided by the General
Inspectorate for Emergency Situations (GIES) of Romania, and also, on
the data collected from the National Administration of Romanian
Waters (NARW). It should be mentioned that were taken into account
all the flood events that affected at least one element of infrastructure
(buildings, road network etc.). Finally, a total of 205 flood events were
located within the study area. It is worth mentioning that the remote
sensing techniques were used to validate the 205 flood locations pro-
vided by GIES and NARW. Thus, in order to verify the correctness of the
data provided by the two institutions, the Normalized Difference Water
Index (NDWI) and the Maximum Likelihood method was used for su-
pervised classification of satellite imagery were used. Thus, through the
classification of satellite imagery and NDWI, the location affected by
floods in the past were identified and were compared with the data
provided by the authorities. In order to compute the NDWI, for the
period before 2014, Landsat 5, 7, and 8 imagery were used, while for
the period after 2014, in addition, were used the Sentinel 1, 2, and 3
imagery.

2.3. Flood conditioning factors

The selection of the flood conditioning factors is an essential step in
generating an accurate flood susceptibility map. After a detailed ana-
lysis of the literature (Choubin et al., 2019; Costache et al., 2020; Hong
et al., 2018; Tehrany et al., 2014; Q. Wang et al., 2015; Z. Wang et al.,
2015; Zaharia et al., 2015), the following 12 geographical variables that
influence the water accumulation process were initially selected: Ele-
vation, Slope, Slope-aspect, Plan curvature, TPI (Topographic Position
Index), TWI (Topographic Wetness Index), Convergence Index (CI),
Hydrologic Soil Groups, Land use, Distance from rivers, Rainfall and the
Lithology.

A Digital Elevation Model (DEM), for the Buzau river catchment,
was obtained from Shuttle Radar Topography Mission (SRTM) 30 m
database. The following flood predictors were derived from the DEM at
30 m raster cell size: elevation, slope, convergence index, slope aspect,
plan curvature, TPI, and TWI. The hydrological soil groups, lithology,
and land use were extracted from vector databases. The distance from
rivers was calculated through the Euclidean Distance method using the
river network included in the Romanian Water Cadastre, while the
rainfall factor was determined based on the data provided by the
Meteorological National Administration of Romania. Below are briefly
presented the flood conditioning factors.

The slope (Fig. 2a) is the geographical factor characterized by the
highest influence on both the runoff and the water accumulation pro-
cess (Bui et al., 2020; Costache et al., 2014, 2015; Dou et al., 2019;
Zaharia et al., 2017; Costache, 2014; Pravélie and Costache, 2013). This
factor was classified into five classes. The class between 0 and 3° oc-
cupies 35% of the surface and includes 65% of the flood pixels (Fig. 4a).
Approximately 52% of the basin surface is characterized by slopes
ranging from 7 to 25°, which are mainly present in the middle and
upper part of the study area. The plan curvature (Fig. 2b) is another
morphometric factor with a direct influence on flood generation. This
factor highlights the areas with divergent and convergent runoff. In the
present case, this factor was classified into three classes. The class be-
tween —0.09 and 0.1 occupies 71% of the study area and concentrates
83% of the flood pixels (Fig. 4b). An essential flood conditioning factor
that has an impact on the water infiltration process is the Hydrological
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Fig. 1. Study area - Location map.

Soil Group (Fig. 2c). The soil texture plays a vital role in the runoff
process. Based on their texture, the hydrological soil groups have been
classified into four groups A, B, C, and D. The soil class B is the most
predominant soil group that occupies 54% of the study area and 58% of
the total flood pixels (Fig. 4c). When saturated, the hydrologic group B
has a hydraulic conductivity between 10 and 40 pm/s, which de-
termines a low runoff potential. Taking into account its characteristics,
hydrologic soil group A has the lowest runoff potential due to the high
rate of infiltration and hydraulic conductivity over 40 pm/s. Group A
soils cover 6% of the study area. Group C soils have a hydraulic con-
ductivity between 1 and 10 um/s and relatively high runoff potential.
This group of soils covers 18% of the catchment area. The hydrologic
soil group D covers 22% of the area and has the highest runoff potential
and the lowest infiltration rate. TPI (Fig. 2d) is a factor showing the
differences in altitude between the focused and the neighboring cells
(Jenness et al., 2004). This morphometric factor was classified into five
classes using the Natural Breaks method as described in Costanzo et al.
(2012). The class between (-11.4) — (-10.1) occupies 54% of the area of
the Buzau river catchment and 37% of flood pixels, while the class
between (-34.1) — (-11.5) has 41% of the total number of flood pixels
(Fig. 4d). TWI (Fig. 2e) highlights the tendency of water to accumulate
at a certain point in a river catchment. This factor was classified into
five classes. The class between 3.06 and 4.8 is the most widespread,
occupying 41% of the total area of the catchment, while the class
(-0.37) — 3.05 occupies 36% (Fig. 4f). In the class between 4.81 and
7.02, most flood pixels are located (35%). Convergence Index (Fig. 2f)
is another conditioning factor used in flood susceptibility analyses. In
the present case, this index was classified into five classes according to
the previous studies (Zaharia et al., 2017). Over 50% of flood pixels are
located in the class (1 0 0) — (-3). The class between 0.1 and 100 ac-
counts 50% of the catchment's surface (Fig. 4f).

The Slope aspect (Fig. 3a) was considered as a flood conditioning
factor due to its influence on the regime of soil humidity. Most of the
flood pixels (18%) are inside the areas with an eastern orientation,
while on the southern slopes are placed about 45% of the flood pixels

overlap (Fig. 5a). The Lithology (Fig. 3b) was derived from the Geo-
logical Map of Romania (Linzer et al., 1998) and was classified into 12
geological categories (rock groups). Approximately 25% of the catch-
ment is covered by flysch, while almost 49% of the flood events oc-
curred within the areas with sandstones and clays (Fig. 5b). Land use
(Fig. 3c) is another predictor that was derived through remote sensing
techniques. More specifically, in the present study, the land use was
extracted from the CORINE Land Cover 2018 database (Popovici et al.,
2013), which was obtained based on supervised classification of sa-
tellite imagery. In order to obtain the CORINE Land Cover dataset
Sentinel-2 and Landsat 8 satellite imagery was used. For the study area,
land use was classified into nine categories. The forests' land use cate-
gory covers 44% of the catchment area, being followed by the agri-
cultural areas with 31%. Approximately 31% of the flood pixels overlap
the agricultural areas (Fig. 5c). Distance from rivers (Fig. 3d) was
classified into eight classes. > 56% of the flood pixels are located
within a distance shorter than 50 m from the rivers and 18% within a
distance between 50 and 100 m (Fig. 5d). The elevation (Fig. 3e), one of
the most important factors, was classified in 8 elevation classes. The
most spread elevation class in the study area is characterized by alti-
tudes between 2 and 200 m and accounts for 33% of the total surface.
About 65% of the flood pixels are located between 2 and 400 m
(Fig. 5e). Rainfall is a flood influencing factor with a direct impact on
flood genesis (Cao et al., 2016; Costache et al., 2020). For this research,
the rainfall map was constructed using the data provided by the Na-
tional Meteorological Administration. This factor was classified into
eight classes. The class ranging from 600 to 700 mm/year, concentrates
30% of the flood pixels (Fig. 5f).

3. Materials and methods
3.1. Linear Support Vector Machine for feature selection

A key step in the given analysis is the assessment of the prediction
ability that each flood conditioning factor held in terms of flood
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Fig. 2. (a) Slope map; (b) Plan curvature map; (c) Hydrologic soil groups; (d) TPI; (e) TWI and (f) convergence Index map.

susceptibility assessment. This step is beneficial in order to reduce the origin of the hyper-plane. For the present study, the Linear Support
redundant information and the possible uncertainties associated with Vector Machine model was applied through Weka 9.3 software.
the analysis and its results. Linear Support Vector Machine is a potent Unquestionably, if a flood conditioning factor holds a weight (w)
method used to estimate the prediction capability, as through its re- close to 0, this factor will have a lower prediction rate than a factor
sults, the irrelevant and unnecessary input variables can be eliminated with a higher weight (w) value (Chen et al., 2017; Pham et al., 2017b).
(Lin, 2002). This method, used for the first time by Guyon and Elisseeff Also, when the prediction capability of a flood conditioning factor is
(2003), is involved in assessing the prediction capability of each flood near to 0, that factor will be considered to remove from further analysis
conditioning factor and will be estimated using the following equation (Hong et al., 2017; Mladeni¢ et al., 2004).
(Pham et al., 2017a):
f(x) = sign(w’ % a+b) @ 3.2. Fuzzy Analytical Hierarchy process
where f(x) is the mathematical function on which the linear support Fuzzy Analytical Hierarchy Process (FAHP) represents a combina-
vector machine is based, w” is the inverse matrix of weight matrix as- tion between the fuzzy set theory and the AHP algorithm and is in-
signed for each flood factor, a = (al, a2,..., al2) is the input vector tended to increase the quality of the analysis by reducing the sub-
which contains 12 flood conditioning factors, and b is the offset of the jectivity in the criteria of weights estimation (Feizizadeh et al., 2014).
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Fig. 3. (a) Slope Aspect map; (b) Lithology map; (c) land use; (d) Distance from river; (e) elevation and (f) rainfall map.
Therefore, we consider that the application of the FAHP model will ambiguous input information (Balezentiene et al., 2013). In the Fuzzy

provide more accurate results than those obtained by the application of set theory, the degree of membership is reflected by a candidate object
the AHP stand-alone model. In the present study, the FAHP model will that takes on membership values between 0 and 1.

be used to determine the weights of each flood conditioning factor According to (Feizizadeh et al., 2014) a Fuzzy set is described as
within the equation of flood potential. The FAHP-IoE models will be run follows: if Z denotes a space of objects, then the Fuzzy set (A) in (Z) is a
by integrating the IoE coefficients, computed for each factor class/ca- set of ordered pairs: A(x, MF(x)), x<Z, where the membership function
tegory, into the final equation together with the weights calculated MF(x) is the set A’s degree of membership to Z.
through FAHP. A triangular fuzzy number (TFN) M’ is denoted by the following
In the following section, the main aspects of the fuzzy set theory and three parameters: m;, my, and mz (Fig. 6b). The first parameter, m;,
the AHP algorithm will be presented, as well as how these two models highlights the smallest possible value, m, denotes the most promising
are combined. value, while m3 indicates the presence of the largest possible value that

describes a fuzzy object (Kahraman et al., 2003). Based on the linear
representation of TFN on its left and right side, its membership function

3.2.1. Fugzzy set theo
= ry (9) is defined as follows:

The Fuzzy set theory, introduced by Zadeh (Zadeh, 1965), is mainly
used in complex systems that allow the use of imprecise, vague and
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where (xIM) is the triangular type membership function.
A specific fuzzy number is given by its corresponding left and right
representation of each degree of membership (Kahraman et al., 2003):

M = M®, M® = (m + (my — —my)x, mg + (m, — —mz)x). x[0, 1]

where [(x) and r(x) denotes the left-side representation and the right-
side representation of a fuzzy number respectively.

3.2.2. Combining AHP algorithm with fuzzy set theory

The Analytical Hierarchy Process (AHP) is a semi-quantitative al-
gorithm frequently used in the assessment of the potential to natural
hazards (Gigovic et al., 2017). The main aim of the AHP model is to
compute the weights of relevant criterion map layers through a pair-
wise comparison matrix constructed based on expert knowledge. Con-
sidering that the conventional AHP algorithm cannot reflect the human
thinking style, the FAHP, which is a fuzzy extension of AHP, was ap-
plied in order to solve the hierarchical fuzzy problems (Kahraman et al.,
2003). The weights of criteria within the FAHP model can be de-
termined through the following two steps:

o All flood conditioning factors were used to construct the pairwise
comparison matrices. In order to establish which of the two

elements/criteria is more important, linguistic terms were assigned
to the pairwise comparison as follows eq.3 (Sun, 2010):

1 adp a'm a'1n

ayn aln 1/(112 A

anl an2 l/aln 1/a2n STIE & (3)

where a’; measure indicates a pair of criteria i and j, let 1’ be (1,1,1),

wheniisequaltoj(ie.i =j);if1’, 2, 3,4, 5, 6,7, 8,9 measure that

variable i has a higher relative importance in comparison with the

variable j and whereas 1/1%,1/2/,1/3/, 1/4,1/5,1/6°,1/7’,1/8', 1/9’

measure that variable j is relatively more critical (Chen et al., 2013).
The pairwise comparison between the fuzzy parameters was based

on the triangular number of linguistic variables that are defined in
Fig. 6b.

e The fuzzy geometric mean and the fuzzy weight of each criterion
can be calculated through the Buckley method (Buckley, 1985) as
follows:

=W@n® dn® ..Qdy)r, and then
w=r® (H® ..Qr)"!

where a;, is the fuzzy comparison value between the pair criterion i
and criterion n, r; is the geometric mean of the fuzzy comparison values
for criterion i compared to each of the other criteria, and w; is the fuzzy
weighting of the i-th criterion, that can also be represented by a TFN,
wl-' = (lw;, mw;, uw;), where lw;, mw; and uw; are the lower, middle and
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upper values, respectively, of the fuzzy weighting of the ith criterion
(Feizizadeh et al., 2014; Sun, 2010).

3.2.3. FAHP extent method

In order to determine the final values of the corresponding flood
predictor weights, the extent analysis algorithm was computed. The
first step of this algorithm is the construction of a fuzzy triangular
comparison matrix form (4) (Wang and Chen, 2008):

1,1, (hzmip, ) -+ (bpsMun, Uin)

. . Ly,my1, U 1,1,1 coo (bp,moy, Uy,

A = (@) = (In 2:1 1) ( ) ) ; L 2 2n)
Tnismnys Un1) (Lo, M2, Un) -+ 1,1,1 4)

where a; = (Ij,my, up)anda; ' = 1/1y1/my, 1/uy) fori,j = 1, .., n
andi = j.

The extent analysis method and the priority vector of the triangular
matrix will be calculated. Thus, in a first stage, the fuzzy arithmetic
function will be employed, to sum up each row of matrix A"

n n n
n ' .
RS; = E}_:laij= E Ly, E my, E wjl,i=1, --,n
j=1

j=1  j=1

(5)

Fig. 6 a. The degree of possibility of S; > S'j; b. The triangular fuzzy
number corresponding to linguistic variables according to the level of
preference.

Through the normalization of the above relation, the value of the
fuzzy synthetic extent in terms of the ith object can be obtained as
follows (Roodposhti et al., 2014):

-1
zn: S E;":l b Z?:1 mij Z;":l uij .
@ = n n ST n BT n b L
k=1 j=1 D=1 Zijm1 W D=1 Zjm1 MK D=1 D=1 U
=1, .,n. 6)

n
S{:Zag’-@
J

The computation of the degree of possibility of S, = S]'- (Fig. 6a)
represents the third step of the FAHP extent method. Thus, by com-
paring the fuzzy numbers, the degree of possibility can be obtained for
each pairwise comparison according to the following relation (Eq.7)
(Ahmed and Kilic, 2016):

1, ifm; 2my,

V(S 2 S)=pg(d) = {

Z 5 G sy U St b= L j # i

0, others @)
where SL-' = (l;, my, wy), S) = (l;, m;, w;) and d is the crossover point’s

abscissa of Si'ande according to Fig. 6a.
Considering that:

w'(a) = min{V (S; > S,;)}, k=1,2,--nk#i (8
Then, the value of weight vector will be calculated as:
w (@) = [w (@), w (@), w ()] ©)

where a; (i = 1, 2, ..., n) are n elements. After the normalization
process, the weight vectors can be obtained using the following relation
(Eq.10):

w(a) = [wa), w(a), - wla)]" (10)
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where w is a non-fuzzy number.
3.3. Index of Entropy

The Index of Entropy (IoE) is a bivariate statistical method, widely
used in studies focusing on the assessment of natural hazards potential
(Khosravi et al., 2016). The selection of IoE to model the flood sus-
ceptibility within the study area is recommended by the highly accurate
results provided by these methods in the previous studies related to the
computation of susceptibility to natural hazards (Siahkamari et al.,
2018; Tien Bui et al., 2018; Costache and Tien Bui, 2020). The entropy
measures the disorders, instability, and uncertainty of a given system.
By using the Index of Entropy in the present study, we consider that the
entropy of a flood event represents the extent to which various factors
determine the flood occurrence. Thus, in the Index of Entropy the
weight that each flood conditioning holds in flood potential index
computation will be used. The final weight for each variable (W}) can be
determined as follows (Chen et al., 2015):

FRy;
s
Zijzl FRiJ’

where FR;; is the frequency ratio coefficient for each class/category i

B =
11)

of parameter j, S; is the number of classes and P; is the probability
density. Thus, the probability P;; is calculated for each class/category of
factor as the ratio between the FR value of that class/category and the
sum of frequency ratio values within a factor (Wang et al., 2015). The
FRj; is calculated as the ratio between the percentage of flood locations,
located in class/category, from the total number of flood locations and
the percentage of a specific class/category within the entire study area.

5
H=- Z‘{ (Pplogy(By), j=1,2, = a2
Himax = l0g, (5)) (13)
IJ':M’Iz(O’ 1), j=1,~~~.,n

Hjpax 14
P = l Szj FR:;
= (15)
W = I; +F (16)

where H; and Hjpq, represent the entropy values, ; is the informa-
tion coefficient, P; is the empirical probability and W; is the resultant
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Table 1
Descriptive statistics of training/validating sample in terms of numerical variable.
Convergence Index TPIL TWI Plan Curvature Altitude Slope Rainfall Distance from river

Training sample Mean —5.28 —7.00 5.07 0.00 526.34 9.68 564.53 314.99
S.E. 1.21 1.52 0.21 0.01 22.80 0.58 2.67 32.63
Median -0.10 —4.64 4.10 0.00 431.23 4.07 562.19 127.28
S.D. 20.55 25.75 3.54 0.18 386.86 9.84 45.28 553.73
S.V. 422.45 663.12 12.52 0.03 149659.6 96.85 2050.01 306,615
Kurtosis 3.51 0.82 3.18 16.12 -0.77 —0.60 —0.85 21.21
Skewness —0.38 0.12 1.85 1.44 0.59 0.81 0.10 4.04
Range 167.21 160.86 19.04 2.19 1469.30 38.91 198.53 4747.49
Minimum -67.21 —87.23 0.80 —0.76 4.59 0.00 473.60 0.00
Maximum 100.00 73.62 19.85 1.43 1473.89 38.91 672.13 4747.49
Count 288 288 288 288 288 288 288 288

Validatingsample Mean —4.62 -6.99 5.06 —0.01 496.25 9.48 562.60 434.45
S.E. 1.63 2.39 0.29 0.02 33.39 0.90 4.04 85.30
Median —-0.37 —5.36 4.02 0.00 401.65 3.44 559.36 120.00
S.D. 17.97 26.40 3.18 0.18 368.84 9.97 44.65 942.18
S.V. 322.90 696.93 10.09 0.03 136043.2 99.5 1993.96 887694.2
Kurtosis 3.37 0.70 0.97 11.97 —0.49 —0.66 —0.53 38.28
Skewness —-1.01 0.14 1.26 -1.11 0.67 0.86 0.03 5.48
Range 126.35 162.72 13.38 1.70 1433.48 34.22 202.77 8109.47
Minimum —75.84 —85.76 0.92 -1.10 7.98 0.10 474.41 0.00
Maximum 50.51 76.96 14.30 0.60 1441.46 34.32 677.17 8109.47
Count 122 122 122 122 122 122 122 122

*S.E. — Standard Error; S.D. — Standard Deviation; S.V. — Sample Variance
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weight value given to each flood factor.
The final values of the flood potential index were obtained through
the IoE stand-alone model by implementing the Eq. (17) in GIS
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Table 2
Statistical measures assigned to FPI models.

Sample Metrics IoE FAHP FAHP-IoE SVM SVM-IoE

Training data TP 135 132 136 134 138
TN 133 131 135 133 136
FP 9 12 8 10 6
FN 11 13 9 11 8
PPV (%) 93.8 91.7 94.4 93.1 95.8
NPV (%) 92.4 91.0 93.8 92.4 94.4
Sensitivity (%) 92.5 91.0 93.8 92.4 94.5
Specificity (%) 93.7 91.6 94.4 93.0 95.8
Accuracy (%) 93.1 91.3 94.1 92.7 95.1
Kappa 0.861 0.826 0.882 0.854 0.903

Validating data TP 54 51 56 53 57
TN 56 53 55 52 56
FP 7 10 5 8 4
FN 5 8 6 9 5
PPV (%) 88.5 83.6 91.8 86.9 93.4
NPV (%) 91.8 86.9 90.2 85.2 91.8
Sensitivity (%) 91.5 86.4 90.3 85.5 91.9
Specificity (%) 88.9 84.1 91.7 86.7 93.3
Accuracy (%) 90.2 85.2 91.0 86.1 92.6
Kappa 0.803 0.705 0.820 0.721  0.852

environments (Devkota et al., 2013):
n
FShop = Y 2 5.C # W,
i—1 M a7)

where i is the total number of flood conditioning factors, Z is the
number of classes of the factor that owns the most classes, m; is the
number of classes of each specific factor, C is the value of class after
secondary classification and W; is the final weight of each factor.

3.4. Support Vector Machine

Being used in classification and regression problems, Support vector
machine (SVM) represents a machine learning model based on statis-
tical learning theory and the structural risk minimization principle
(Suykens and Vandewalle, 1999). SVM is one of the most powerful
machine learning methods whose efficiency in flood susceptibility
mapping was demonstrated within the studies carried out during the
last years (Choubin et al., 2019; Naghibi et al., 2017; Sachdeva et al.,
2017). The training data used in the SVM model is divided using an
optimal hyper-plane. It is to be noted that in a binary classification, the
optimal hyper-plane is designed to widen the margin between classes
(Pourghasemi et al., 2013). The new data will be classified as soon as
the hyper-plane is obtained. In this phase, the original input space is
being mapped into a high-dimensional feature space (Tien Bui et al.,
2012).

In the present study, we will take into account the pair (x;, y;) with
xi € R™, y;€{1,0}and i = 1, ..., m, where X is a vector of the input
space containing the altitude, the distance from rivers, land-use, soil
classes, NDVI, slope angle, sti, lithology, twi, rainfall, plan curvature
and the slope aspect, whilst y = 1 represent the flood pixels presence
and non-flood pixels presence when y = 0. The SVM algorithm will be
used to highlight the line which divides the most precise way that the
flood and non-flood pixels are located in a 2-D space.

If the training of the training data can be linearly separated, the
hyper-plane could be defined as follows (Tien Bui et al., 2012):

ywxx; +b)>1-¢ (18)

where w is a coefficient vector that determines the orientation of the
hyper-plane in the feature space, b represents the offset of the hyper-
plane from the origin and é&i is the positive slack variable (Tien Bui
et al., 2012).

The optimal hyperplane can be obtained by using the Lagrange
multipliers, as follows (Tien Bui et al., 2012):
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Table 3
Frequency ratio and Index of Entropy coefficients value distribution within
flood conditioning factors classes/category.

Factor Class Flood Class pixels FR;; (Py) W;
pixels
Plancurvature (—4.03) - 22 813,760 1.12 0.47 0.61
(-0.1)
(-0.09) - 0.1 120 4,229,391 1.17 0.49
0.11 - 4.48 2 902,090 0.09 0.04
Slope () 0-3 98 2,096,422 1.93 0.40 0.82
31-7 40 606,526 2.72  0.57
7.1 -15 6 1,946,782 0.13 0.03
15.1 - 25 0 1,093,638  0.00 0.00
25-55 0 201,873 0.00 0.00
TPI (-122.8) - 32 389,408 3.39 0.53 1.06
(—34.2)
(-34.1) - 59 1,025,382  2.38 0.37
(-11.5)
(-11.4)-10.1 53 3,214,449 0.68 0.11
10.2-37.1 0 935,266 0.00 0.00
37.2-153.8 0 380,736 0.00 0.00
CIL (-100) - 78 1,721,674 1.87 0.46 0.60
=3
(-29)-(-2) 3 247,790 0.50 0.12
(-1.9-(-1) 2 336,023 0.25 0.06
(-09)-0 12 644,210 0.77 0.19
0.1 - 100 49 2,995,542  0.68 0.17
Hydrological Soil A 7 341,746 0.85 0.22 0.66
Group B 83 3,242,969 1.06 0.28
C 26 1,071,383 1.00 0.26
D 28 1,289,141 0.90 0.24
Aspect Flat surfaces 1 72,784 0.57 0.08 0.64
North 524,887 0.47 0.06
North-East 20 694,741 1.19 0.16
East 26 903,945 1.19 0.16
South-East 24 899,875 1.10 0.15
South 21 793,016 1.09 0.15
South-West 18 737,885 1.01 0.13
West 16 742,253 0.89 0.12
North-West 12 575,855 0.86 0.11
Land use Built-up areas 30 273,759 452 0.26 1.69
Agriculture 46 1,840,323 1.03 0.06
areas
Vineyards 1 53,415 0.77 0.04
Fruit trees 0 90,234 0.00 0.00
Pastures 34 983,962 1.43 0.08
Forests 11 2,421,852  0.19 0.01
Shrub 4 186,818 0.88 0.05
Inland marshes 0 11,138 0.00 0.00
Water bodies 18 83,580 8.89 0.50
Distance from 0-50 81 526,369 6.35 0.53 1.22
river (m) 50 - 100 25 416,254 2.48 0.21
100 - 150 16 454,203 1.45 0.12
150 — 200 12 367,919 1.35 0.11
200 - 400 9 1,285,190 0.29 0.02
400 - 700 1 1,185,694 0.03 0.00
700 — 1000 0 593,507 0.00 0.00
> 1000 0 1,115,667  0.00 0.00
Elevation (m) 2-200 48 1,951,514 1.02 0.16 0.60
200 - 400 46 884,762 2.15 0.34
400 - 600 17 803,057 0.87 0.14
600 — 800 20 602,552 1.37 0.22
800 - 1000 2 647,751 0.13 0.02
1000 — 1200 10 611,209 0.68 0.11
1200 - 1400 1 332,459 0.12 0.02
> 1400 0 111,937 0.00 0.00
Rainfall (mm/ 460 - 500 16 985,015 0.67 0.09 0.67
year) 500-600 12 695,309 0.71 0.10
600-700 43 909,395 1.95 0.28
700-800 24 818,862 1.21 0.17
800-900 32 832,149 1.59 0.22
900-1000 12 801,234 0.62 0.09
1000-1100 5 668,968 0.31 0.04
1100-1160 0 233,051 0.00 0.00
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Table 3 (continued)

Factor Class Flood Class pixels FR; (Py) W;
pixels
Lithology 1 17 1,517,652 0.46 0.05 0.55
2 5 404,793 0.51 0.06
3 14 484,363 1.19 0.13
4 1 57,639 0.72 0.08
5 5 302,091 0.68 0.07
6 3 194,118 0.64 0.07
7 71 1,218,884 2,40 0.26
8 2 260,019 0.32 0.03
9 1 98,442 0.42 0.05
10 2 178,269 0.46 0.05
11 2 141,858 0.58 0.06
12 21 1,087,113 0.80 0.09
TWI —0.37-3.05 6 2,013,896  0.12 0.01 251
3.06-4.8 46 2,421,166  0.78 0.05
4.81-7.02 51 1,023,282 2.06 0.13
7.03-10.67 15 386,558 1.60 0.10
10.68-19.89 26 100,339 10.7 0.70
Minimize zn a; — 1 Zn a;a;yy; (X, X;
i=1 0 g Ldij=1 IR (19)
Subjectto Z:;l ay; =00<ai<C (20)

where a; represents the Lagrange multipliers and C is the penalty
parameter that controls the trade-off between the complexity of the
decision function and the number of misclassified training examples
(Costache, 2019a).

The new data can be classified when the linear hyper-plane is being
used. The classification can be obtained through the following relation:

f () = sign| )" paxi, +b

i=1

2D

In the case when a non-linear separable hyper-plane is being re-
quired, the original input will move into a high-dimensional feature
space, therefore a non-linear kernel function will be used. The following
relation will be used in order to classify the new data (Osuna and Girosi,
1998):

fG) =Y (i — K (i, x) + b

i=1

(22)

Therefore the a; and a;* represent the Lagrange multipliers (o; = 0,
0;* = C) and K(x; X;) represents the kernel function.

The open-source machine learning Weka software will be used for
the training process of the SVM-FR and SVM-WOE hybrid models. For
the calculation of the SVM based hybrid models, we will use the Radial
Basis Function, one of the most efficient functions (Kavzoglu et al.,
2014; Wechsler, 2000). The following formulae represent the mathe-

matical expression of the Radial Basis Function (Tehrany et al., 2015):
K(Xi, X;) = exp(—ylIX; — Xjll), y > 0 (23)

in which v is the gamma term in the kernel function for all kernel
types except the linear ones.

4. The proposed methodology for predicting potential flood areas
A sophisticated workflow including the use of 3 stand-alone and 2

hybrid models was developed in order to estimate the flood potential
across the study area. The workflow is graphically described in Fig. 7.

4.1. Establishment of the flood database for the Buzdu river catchment

It can be noted that the database required for the present research
was constructed with the help of the ArcCatalog application. Thus,
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Fig. 10. FPlox spatial distribution across the Buzéu river basin.

along with the 12 flood conditioning factors, the database comprises
205 flood locations. In order to be more easily processed, the data re-
garding the flood influencing factors were converted in raster format
with a cell size of 30 x 30 m. According to other studies (Tehrany et al.,
2014), a new sample with the absence of flood phenomena (non-flood
locations) has been generated. This sample also contains 205 points,
which are placed in areas with high slopes or at high distances from the
rivers where floods are less likely to occur.

4.2. Training data, validation data, and feature selection

Another essential step of the present analysis is the establishment of
training and validating data. Thus, the data used to train the flood
potential models consists of the 12 flood influencing factors in raster
format along with a specific percentage of the flood and non-flood lo-
cations. Thus, according to Tehrany et al. (2015), a percentage equal to
70% of the flood and non-flood locations were used as the training
sample, while the other 30% of flood and non-flood locations were used
for results validation. The training and validating samples were divided
through the Subset Features tool implemented in GIS software. There-
fore, a total number of 288 locations (144 floods and 144 non-floods)
were included in the training sample, while the other 122 locations (61
floods and 61 non-floods) was involved in the validation process. It
should be mentioned also that the flood locations were encoded with 1
and non-flood locations were encoded with 0. In addition, for a number
of 8 flood predictors, that are characterized by numerical values, sev-
eral descriptive statistics were computed (Table 1). It should be men-
tioned that the descriptive statistics were computed by using the flood
and non-flood points within the training and validating samples.

Further, as was stated at 3.1, the Linear Support Vector Machine
algorithm was employed for feature selection. Thus, in this step, the
entire flood and non-flood sample together with the flood conditioning
factors were used in Weka software in order to determine the predictive
ability for each geographical variable.
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4.3. Configuration and training of flood models

In terms of the IoE stand-alone model, the assessment of flood po-
tential requires the calculation of the probability density (P;) for each
factor class/categories and the weights of flood conditioning factors. In
this regard, the flood locations from the training sample were used. In
the first stage, the (Py) and weights of flood conditioning factors were
calculated using the eq. 11 and 16. Further, the flood potential index
was calculated by using the eq. 17.

In order to derive the flood potential index through the FAHP stand-
alone model, the Analytical Hierarchy Process was used in the first step
in order to calculate the weights of each factor class/category. Thus, the
AHP weights were computed with the help of 12 comparison matrices
that were generated in Microsoft Excel 2013 software. The comparison
matrix were constructed based on the human expert opinions. It should
be mentioned that a survey was sent by email to a number of 23 experts
from the Romanian Waters National Administration. The experts pro-
vided their opinion regarding the hierarchy of the importance of the
factor classes/categories in terms of flood potential. The entire proce-
dure of AHP algorithm is presented in many scientific works
(Pourghasemi et al., 2013; Yalcin, 2008; Yoshimatsu and Abe, 2006).
All the AHP weights were assigned to each factor class/category in GIS
environment. The second step consisted in the construction of the Fuzzy
Analytical Hierarchy Process evaluation matrix which was used in order
to calculate the weights of each flood conditioning factor. The final step
in the computation of flood potential index through the FAHP model
was the multiplication of the flood conditioning factors raster, having
the AHP weights assigned, with the weights derived from FAHP model.
In terms of FAHP-IoE, the flood potential was derived by the multi-
plication of IoE coefficients with the FAHP weights.

The configuration of SVM stand-alone and SVM-IoE models was
ensured through ArcGIS 10.5 and Weka 9.3 software. Thus, in the first
step, the information regarding the normalized values of flood con-
ditioning factors and the IoE coefficients was extracted in GIS en-
vironment for each flood and non-flood location from the training
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Table 4
AHP Pair-wise comparison matrix.

Factor and classes/categories Pair-wise comparison matrix Normalizedweights

[1] [2] [3] [4] [5] (6] [71 (8] [9] [10] [11] [12]

Classes in each factor

Slope angle

[1] less than 3° 1 0.439
[2]13-7° 1/2 1 0.246
[3]17-15° 1/4 172 1 0.181
[4] 15 - 25° 1/5 1/3 1/3 1 0.089
[5] > 25° 1/6 1/5 1/6 1/3 1 0.045
TPI

[11(-20)-(-3.8) 1 0.458
[2] (-3.7) - (-1.1) 1/2 1 0.258
[31(-1)-1.3 1/4 1/2 1 0.158
[4] 1.4 - 4.5 1/6 1/4 1/3 1 0.082
[5] 4.6 - 20 1/7 1/5 1/3 1/3 1 0.045
T™WI

[1] —=9.7 - 45 1 0.408
[2] 4.6 - 8.4 1/2 1 0.299
[3]1 8.5-12 1/3 1/2 1 0.159
[4] 13-15 1/4 1/5 172 1 0.084
[5] 16 - 25 1/6 1/6 1/4 172 1 0.049
Land use

[1] Built-up areas 1 0.241
[2] Agriculture zone 1/3 1 0.116
[3] Vineyards 1/5 172 1 0.076
[4] Fruit trees 1/3 1/3 1/5 1 0.067
[5] Pastures 172 3 4 2 1 0.203
[6] Forest 1/8 1/5 1/4 1/5 1/5 1 0.023
[7] Natural grassland 1/3 1/3 2 2 1/3 5 1 0.070
[8] Moors and heatland 1/3 1/3 1/2 1/2 1/4 2 1 1 0.051
[9] Transitional woodland-shrub 1/2 3 4 1/3 1/3 4 2 2 1 0.152
Lithology

[1]1 1 0.031
[2] 2 1/2 1 0.076
[3]13 1 1/3 1 0.094
[4] 4 1/4 2 3 1 0.128
[5] 5 1/8 1/4 1 1/4 1 0.042
[6] 6 1/7 1/4 1 1/3 2 1 0.074
[717 1/6 1 2 1/2 3 1 1 0.064
[8] 8 172 6 8 6 9 8 6 1 0.194
[9]1 9 1/3 3 5 4 8 6 4 1/3 1 0.095
[10] 10 1/6 2 3 2 4 4 3 1/5 1/2 1 0.084
[11] 11 177 1/3 1/2 1/3 1 1/2 1/3 1/9 177 1/4 1 0.062
[12] 12 1/9 1/ 172 1/3 1 1/2 1/3 1/9 177 1/4 1 1 0.057
Rainfall

[1] 460 - 500 1 0.023
[2] 500-600 2 1 0.027
[3] 600-700 3 3 1 0.048
[4] 700-800 4 4 2 1 0.063
[5] 800-900 5 5 3 2 1 0.091
[6] 900-1000 6 6 4 4 2 1 0.132
[71 1000-1100 7 7 5 6 5 4 1 0.253
[8] 1100-1160 8 9 7 8 6 5 2 1 0.362
Plan curvature

[1] —11.8-0 1 0.089
[2] 0.1 - 0.5 4 1 0.324
[3] 0.6 - 8.5 6 2 1 0.587
Slope aspect

[1] Flat surfaces 1 0.032
[2] North 5 1 0.072
[3] North-East 4 3 1 0.104
[4] East 4 4 5 1 0.218
[5] South-East 4 3 3 4/5 1 0.164
[6] South 5 2 2 5/7 2/3 1 0.144
[7] South-West 2 4 2/3 3/8 3/4 4/5 1 0.113
[8] West 3 5/4 4/3 4/9 2/3 3/5 4/5 1 0.090
[9] North-East 3 172 1/3 1/2 1/2 1/3 4/9 2/3 1 0.063
Convergence index

[11(-100)-(-3) 1 0.489
[2] (=2.9)-(-2) 1/3 1 0.272
[31(-1.9)-(-1) 1/4 1/3 1 0.122
[41 (-1)-0 1/6 1/4 1/2 1 0.074
[5] 0 - 100 1/8 177 1/3 1/2 1 0.044

HGS

(continued on next page)
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Table 4 (continued)
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Factor and classes/categories Pair-wise comparison matrix Normalizedweights
[1] [2] [3] [4] [5] [6] [7] [8] [91 [10] [11] [12]
[11 A 1 0.072
[2]1 B 2 1 0.145
[3]1C 3 2 1 0.201
[4] D 7 3 5 1 0.582
Distance from river (m)
0-50 1 0.319
50 - 100 1/2 1 0.226
100 - 150 1/3 172 1 0.156
150 - 200 1/4 1/3 172 1 0.108
200 - 400 1/5 1/4 1/3 1/2 1 0.068
400 - 700 1/6 1/5 1/4 1/3 1/2 1 0.062
700 — 1000 1/7 1/6 1/5 1/4 1/3 1/4 1 0.038
> 1000 1/7 1/8 177 1/6 1/3 1/5 1/4 1 0.022
Elevation (m)
2 -200 1 0.310
200 - 400 172 1 0.208
400 - 600 1/3 172 1 0.171
600 - 800 1/4 1/3 1/3 1 0.107
800 — 1000 1/5 1/3 1/4 172 1 0.088
1000 - 1200 1/6 1/5 1/5 1/3 1/3 1 0.058
1200 - 1400 1/6 1/6 1/5 1/5 1/4 1/3 1 0.038
> 1400 1/8 177 1/6 1/7 1/8 1/7 1/5 1 0.019

sample. Further, these data in CSV tabular format were imported in
Weka software where the weights of each flood predictor were calcu-
lated by Support Vector Machine algorithm. It should be remarked that
for both SVM stand-alone and SVM-IoE models the Radial Basis
Function was used. It is very important to mention that the performance
of the SVM model will heavily depends on the correctness of estimation
of the C and y parameters. Cross-Validation was implied to establish the
best values of these parameters (C and v) for each of the two models.
Therefore, in terms of SVM stand-alone, the C parameter obtained a
value of 1.5 and the y was equal to 0.16, while in terms of SVM-IoE, the
C parameter achieved a value of 1.8 whereas the y parameter received a
value of 0.13.

4.4. Performance evaluation of the flood models

The ROC Curve model was involved in the results validation pro-
cedure within the majority of studies related to the assessment of po-
tential to a natural hazard for a specific area (Khosravi et al., 2018;
Razavi Termeh et al., 2018; Siahkamari et al., 2018). The ROC Curve
graph is a technique for visualizing, organizing and selecting classifiers
based on their performance (Fawcett, 2006). The ROC Curve is mainly
used to judge the discrimination ability of the statistical models that
combine different test results for predictive purposes (Hanley and
Mcneil, 1982). The Area Under Curve (AUC) represent the main sta-
tistical indicator of ROC Curve. The AUC is used to measure the accu-
racy and the performance of the applied models (Bradley, 1997). In the
present research, the ROC Curve will describe the capacity of the
models to correctly predict the occurrence of the flood phenomena. The
graphical representation will be possible by plotting the sensitivity on
Y-axis against the specificity on X-axis. The closer the value of AUC gets
to 1, the better the model is (Pallant, 2016). The following equation can
be used to calculate the AUC values (Chen et al., 2018):

_ (X TP+ X TN)

AUC =
P+N) (23)

where TP (true positive) represent the correctly classified flood
pixels, TN (true negative) represent the correctly classified non-flood
pixels, P is the total number of flood pixels and N is the total number of
non-flood pixels.

In the present study, both the Succes Rate and the Prediction Rate
were constructed. The Success Rate is a type of ROC Curve plot which
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highlights the model fitting rate and indicates how the Flood Potential
Index separates the flood locations within the susceptibility zones. The
Prediction Rate is also a type of ROC Curve plot which reveal the model
performance in terms of the prediction of the future flood events
(Vakhshoori and Zare, 2018). For the Success Rate, the flood and non-
flood points from the training dataset were used, while for the Pre-
diction Rate the flood and non-flood points from validating
dataset along were involved.

In addition to the ROC curve and AUC, the next statistical metrics
were computed: specificity, sensitivity, accuracy, kappa index. The
specificity represents a statistical indicator which measures the pro-
portion of non-flood pixels that are correctly classified as non-flood
pixles (Baratloo et al., 2015). The sensitivity represents a statistical
index which measures the proportion of flood pixels that are classified
as flood pixels (Baratloo et al., 2015). The accuracy represents the
ability of test to differentiate the flood and non-flood pixels (Baratloo
et al., 2015). Kappa index (k) is a statistical indicator that measures the
agreement between two raters who each classify the total number of
flood and non-flood pixels into two exclusive categories, flood and non-
flood respectively. Through the below-written equation the aforemen-
tioned statistical measures could be determined:

k=P 7P genitivity = — b Specificity = — N,
1-p, TP + FN FP + TN
TP + TN
Accuracy =

TP + FP + TN + FN (24)

where FP (false positive) are the number of flood pixels erroneously
classified and FN (false negative) are the number of non-flood pixels
erroneously classified; k is kappa coefficient, p, is the observed flood
pixels, and p, is the estimated flood pixels.

According to Queiroz et al. (2016), if the values of the above indices
exceed the threshold of 0.81 it is considered that there is almost a
perfect agreement between the observed and the predicted values.

5. Results
5.1. Predictiveness of the flood conditioning factors
By using the Linear Support Vector Machine model, the hierarchy of

flood predictors in terms of the Average Merit (AM) values were es-
tablished. In the present case, the AM is used as a conventional term in
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Table 5
FAHP evaluation matrix.
1 2 3 4 5 6 7 8 9 10 11 12

Elevation (1)
L 1 1 1 1 2 0.33 3 1 2 2 4 9
my 1 1 1 2 3 0.5 4 2 3 3 5 9
u; 1 1 1 3 4 1 5 3 4 4 6 9
Distance from river (2)
5 1 1 1 1 2 0.25 2 1 2 2 3 7
my 1 1 1 2 3 0.33 3 2 3 3 4 8
uy 1 1 1 3 4 0.5 4 3 4 4 5 9
Land use (3)
I3 1 1 1 1 2 0.33 2 1 3 2 3 7
ms 1 1 1 2 3 0.5 3 2 4 3 4 8
Uz 1 1 3 4 1 4 3 5 4 5 9
HGS (4)
ly 0.33 0.33 0.33 1 1 0.16 1 1 1 1 2 5
my 0.5 0.5 0.5 1 2 0.2 2 1 2 2 3 6
uy 1 1 1 1 3 0.25 3 1 3 3 4 7
TPI (5)
Is 0.25 0.25 0.25 0.33 1 0.14 1 0.33 1 1 1 2
ms 0.33 0.33 0.33 0.5 1 0.16 2 0.5 1 1 2 3
us 0.5 0.5 0.5 1 1 0.2 3 1 1 1 3 4
Slope angle (6)
Is 1 2 1 4 5 1 5 2 4 3 6 9
me 2 3 2 5 6 1 6 3 5 4 7 9
Us 3 4 3 6 7 1 7 4 6 5 8 9
Convergence index (7)
L, 0.2 0.2 0.2 0.33 0.33 0.14 1 0.33 1 1 1 2
m, 0.25 0.25 0.25 0.5 0.5 0.16 1 0.5 1 1 2 3
uy 0.33 0.33 0.33 1 1 0.2 1 1 1 1 3 4
Lithology (8)
ls 0.33 0.33 0.33 1 1 0.25 1 1 1 2 3 5
mg 0.5 0.5 0.5 1 2 0.33 2 1 2 3 4 6
ug 1 1 1 1 3 0.5 3 1 3 4 5 7
TWI (9)
lo 0.25 0.25 0.2 0.33 1 0.16 1 0.33 1 1 1 3
mo 0.33 0.33 0.25 0.2 1 0.2 1 0.5 1 1 2 4
ug 0.5 0.5 0.33 1 1 0.25 1 1 1 1 3 5
Rainfall (10)
lio 0.25 0.25 0.25 0.33 1 0.2 1 0.25 1 1 2 4
Mmio 0.33 0.33 0.33 0.5 1 0.25 1 0.33 1 1 3 5
Uz 0.5 0.5 0.5 1 1 0.33 1 0.5 1 1 4 6
Plan curvature (11)
l;; 0.16 0.2 0.2 0.25 0.33 0.12 0.33 0.33 0.33 0.25 1 2
miyz 0.2 0.25 0.25 0.33 0.5 0.14 0.5 0.5 0.5 0.33 1 3
Ug 0.25 0.33 0.33 0.5 1 0.16 1 1 1 0.5 1 4
Aspect (12)
L2 0.11 0.11 0.11 0.14 0.25 0.11 0.25 0.14 0.2 0.16 0.25 1
miz 0.11 0.12 0.12 0.16 0.33 0.11 0.33 0.16 0.25 0.2 0.33 1
Uz 0.11 0.14 0.14 0.2 0.5 0.11 0.5 0.2 0.33 0.25 0.5 1

order to express the weights of factors calculated by Linear Support
Vector Machine (LSVM) using Weka software 9.3. Thus, the AM values
are equal to the weights calculated through LSVM. This measure (AM),
highlights the level of the predictive ability of each flash-flood predictor
in terms of flood susceptibility. The slope angle obtained the highest
AM (0.766) being followed by distance from rivers (0.668), land use
(0.497), TPI (0.495), lithology (0.473), TWI (0.41), convergence index
(0.393), plan curvature (0.377), altitudes (0.356), rainfall (0.266),
hydrological soil group (0.138) and aspect (0.089) (Fig. 8).

According to the results presented above all the flood conditioning
factors have AM values higher than 0. It should be noted that within the
literature there is no general consensus regarding a specific threshold
below which the variables should be removed from the analysis.
Therefore, since all the variables have a certain influence on flood
genesis, all the flood conditioning factors will be used in the analysis in
order to determine the flood potential. Moreover, we consider that in
order to have a complete overview on the flood susceptibility across a
specific region it is very important to take into consideration all the
variables that has an influence on flood genesis however small that
influence is.
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5.2. Performance of the flood models

The Success Rate and the Prediction Rate (Fig. 9a and b) were
employed to test the reliability and the accuracy of the proposed
models. 70% of the flood location (training data) was used to prepare
the Success Rate, while the other 30% (validating data) was involved in
the construction of the Prediction Rate. It can be noted that larger va-
lues of AUC indicate a higher performance of the algorithms. In terms of
the Success Rate, the results highlight that SVM-IoE, with an
AUC = 0.979, was the best model, while FAHP stand-alone methods
achieved the lowest performance (AUC = 0.947) (Fig. 9a). Further, the
results of Prediction Rate, indicate that FAHP-IoE has the highest pre-
dictive ability (AUC = 0.93), while the FAHP method was again the
weakest algorithm (AUC = 0.909) (Fig. 9b).

In the second stage, the reliability of the results was verified by
several statistical measures. The use of the training data to calculate the
indices mentioned above highlights the fact that the SVM-IoE model is
the most performant of all. This model achieved a value of 94.5%, in the
case of Sensitivity, which is higher than 93.8% obtained by FAHP-IoE,
also higher than 92.5% in the case of IoE stand-alone. The same
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Table 6

The ordinate of the highest intersection point, the degree possibility for TFNs and the wrights of flood predictor.
Altitude = 1 Distance from rivers = 2 Land use = 3 HGS = 4
VS =8 =1 V(S; = §1) = 0.9 V(S3 = S;) = 0.94 V(S4 = S;) = 0.52
VS =8S3) =1 V(S = S3) = 0.96 V63 =8y =1 V(S4 = Sy) = 0.64
VS =8 =1 V(S =84 =1 V3 =84 =1 V(S4 = S3) = 0.6
V(S =8Ss5) =1 V(S =Ss) =1 V(ES3=Ss) =1 V(Ss=8Ss) =1
V(S; = S¢) = 0.53 V(S; = S¢) = 0.43 V(S3 = Se¢) = 0.49 V(S4 = Se¢) = 0.09
VS =8S) =1 V(Sy = Sy) = V(S3 = Sy) = ViS4 =8S) =1
V(S: = Sg) = 1 V(Sz = Sg) = V(S3 = Sg) = V(S4 = Sg) = 0.91
V(S =Sy =1 V(Sy = Sg) =1 V(S3 = Sg) =1 V(s =8Sg) =1
V(1 = S0 =1 V(Sz = S10) =1 V(S3 = S10) =1 V(S; = S10) =1
V(S =8S11) =1 V(ES2=S11) =1 V(s =S1) =1 VESs =851 =1
V(S = S1p) =1 V(Sy = S19) =1 V(Ss = S15) = 1 V(S4 = S12) = 1
min {V(S; = Sp)} = 0.53 min {V(S, = S)} = 0.43 min {V(S3 = Si)} = 0.49 min {V(S; = S )} = 0.09

Weight = 0.196 Weight = 0.157

TPI = 5 Slope angle = 6
V(Ss = S;) = 0.08 V(Se = S1) =1
V(Ss = Sp) = 0.21 V(e = S2) =1
V(Ss = S3) = 0.18 V(S = S3) =1
V(Ss = S4) = 0.59 V(S =Sy =1
V(Ss = Sg) = 0.05 V(Sg = S5) = 1
VSs=Sy) =1 V(S =Sy) =1
V(Ss = Sg) = 0.5 V(S =Sg) =1
V(Ss = So) = 1 V(Ss = So) = 1
V(Ss = S10) = 0.88 V(Se = S10) = 1
V(s = S11) =1 V(e = S11) =1
V(s = S12) = 1 V(Se¢ = S12) = 1

min {V(Ss = S))} = 0.05
Weight = 0.018

min {V(S¢ = S))} = 1
Weight = 0.367

TWI = Rainfall = 10
V(Se = S1) = 0.09 V(S10 = S1) = 0.05
V(Se = S,) = 0.1 V(S10 = S3) = 0.2
V(Sy = S3) = 0.05 V(S10 = S3) = 0.16
V(Sy = S4) = 0.51 V(S10 = S4) = 0.63
V(Ss = Ss) = 0.99 V(S10=8Ss) =1
V(Sy = S¢) = 0.07 V(S10 = S¢) = 0.04
Vg =8S) =1 V(Si0=S)=1
V(Ss = Sg) = 0.41 V(S10 = Sg) = 0.53
V(S = Sy10) = 0.85 V(S10 = So) =
V(So = Sy13) =1 V(S10 = S11) =1
V(So = S12) =1 V(S10 = S12) =1

min {V(Ss = S} = 0.07
Weight = 0.025

min {V(S;0 = Sy)} = 0.04
Weight = 0.146

Weight = 0.179
Convergence index = 7

Weight = 0.033
Lithology = 8

V(S; = S;) = 0.04 V(Sg = S;) = 0.61
V(S; = S) = 0.03 V(Sg = Sp) = 0.71
V(S; = S3) = 0.05 V(Ss = S3) = 0.68
V(S; = S4) = 0.44 V(s =Sy =1
V(S; = Ss5) = 0.88 V(g =8Ss) =1
V(S; = Sg) = 0.06 V(Sg = Sg) = 0.16
V(S; = Sg) = 0.34 Vs =Sy) =1
V(S; = S9) = 0.88 V(g = 8S9) =1
V(S; = S10) = 0.74 V(Sg = S19) = 1
VS, =251 =1 V(g =S11) =1
V(S; = S12) =1 V(Sg = S12) = 1

min {V(S; = S)} = 0.03
Weight = 0.011

min {V(Sg = S} = 0.16
Weight = 0.058

Plan curvature = 11 Aspect = 12

V(S11 = S;) = 0.03 V(S12 = S;) = 0.07
V(S11 = S2) = 0.06 V(S12 = Sp) = 0.04
V(S11 = S3) = 0.04 V(S12 = S3) = 0.02
V(S11 = S4) = 0.23 V(S12 = S4) = 0.03
V(S11 = Ss) = 0.62 V(S12 = Ss) = 0.05
V(S11 = S¢) = 0.03 V(S12 = Se) = 0.03
V(S11 = Sy) = 0.73 V(S12 = Sy) = 0.04
V(S11 = Sg) = 0.1 V(S12 = Sg) = 0.08
V(811 = So) = 0.6 V(S12 = Sg) = 0.02
V(S11 = S10) = 0.45 V(S12 = S10) = 0.13
V(811 = S12) = 1 V(812 = S11) = 0.17

min {V(S;; = Sy)} = 0.03
Weight = 0.011

min {V(S;»> = S} = 0.02
Weight = 0.007

situation can be observed in the case of Specificity where the value of
95.8%, achieved by SVM-IOE, is higher than 94.4% (FAHP-IoE) and also
higher than 93.7% (IoE). It can be noted that SVM-IoE achieved very
good performances also in terms of Accuracy (95.1%) and Kappa index
(0.903) (Table 2). The use of the validating data revealed that SVM-IoE
was the most performant model in the case of all statistical measures.
The SVM-IoE obtained the following results: Sensitivity = 91.9%,
Specificity = 93.3%, Accuracy = 92.6% and Kappa index = 0.852.

5.3. Flood modeling with index of Entropy

The first step of the application of IoE model consisted into calcu-
lating the Frequency Ratio (FR) values for each class/category of fac-
tors. The highest value of 10.7 FR coefficients was attributed to the TWI
class between 10.68 and 19.89, followed by the water bodies land-use
category (FR = 8.89), the distance from rivers between 0 and 50 m
(FR = 6.35) and the built-up areas land use category (FR = 4.52). It
can be noted that 10 classes/categories achieved FR value equal to 0
(Table 3). The FR values were employed to obtain the probability
density (Pij). The highest value of 0.7 was achieved by the TWI class
between 10.68 and 19.89, followed by the slope class between 3.1 and
7 ((Pij) = 0.57) (Table 3) and the distance from rivers between 0 and
50 m ((Pij) = 0.53). As in the case of the FR coefficients, the same
classes/categories obtained a probability density equal to 0. After 5
following successive steps, which implied the use of the probability
density, the weights of each flood conditioning factor were obtained.
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The highest weight was held by the TWI (2.51), followed by the Land-
use (1.69), Distance from rivers (1.22), TPI (1.06), Slope (0.82), Rain-
fall (0.67), Hydrological Soil Groups (0.66), Aspect (0.64), Plan Cur-
vature (0.61), Convergence Index (0.6), Elevation (0.6) and Lithology
(0.55). Finally, the FPI;,z was obtained by multiplying the weights of
the flood predictors with the IoE coefficients assigned to each class/
category.

The FPIg (Fig. 10) values, ranging from 0.38 to 5.65, have been
grouped into 5 classes defined by the Natural Breaks method. The first
class, between 0.38 and 1.17, occupies 25.43% of the total study area
and indicates the surfaces with very low flood potential. The class,
between 1.17 and 1.68, covers about 32.13% of the total surface of the
Buzau river basin and emphasizes surfaces with low flood potential. The
medium values of FPIr are distributed especially in the plainregion
and represent about 30%. The high and very high values of the FPI;g
occupy about 12.5% of the Buzdu river basin and occur mainly along
the main rivers of the study area.

5.4. Flood modeling with the FAHP stand-alone and FAHP-IoE

The estimation of AHP weights for each class/category of flood
conditioning was the first step in the application of FAHP stand-alone
model. The AHP weights included in Table 4, were obtained by con-
structing 12 pair-wise comparison matrices for each flood conditioning
factors. The highest values of AHP weights (0.587) were assigned to
Plan curvature class between 0.11 and 0.48 (Table 4), followed by
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Fig. 11. FPI spatial distribution across the Buzau river basin: a. FPIgapp; b. FPIpapp.1oE.

hydrological soil group D (0.582), convergence index class between
( —100) and (-3), etc.

The construction of the fuzzy pairwise comparison matrix (Table 5)
was the second step of the workflow developed through the FAHP
model. Thus, the 12 criteria (flood conditioning factors) were compared
within the matrix.

Further, the synthetic fuzzy values, derived according to the
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methodology described at 4.3.3, were computed in order to be included
in the calculation process of the final weights of flood predictors. In this
regard, the analysis was performed according to the following steps:

L

M:

-1
n
> a,;j] = (194.17254. 58323.77)~1 = (0.0030. 0040.005)
1j=1 (25)



R. Costache, et al.

SVM-IOE
SVM
FAHP-IOE
I0E
FAHP
0% 20% 40% 60% 80% 100%
FPI classes weights
EVerylow ®Low = Medium = High ®Very high

Fig. 12. Weights of the FPI classes.

Distance from river
Slope

Land use

TPI

Lithology

Rainfall
Convergence Index
Elevation

HGS

TWI

Plan curvature
Aspect

10 15
Importance (%)

20

ESVM ESVM-IOE

Fig. 13. Flood conditioning factors importance in SVM stand-alone and SVM-
IOE.

Further, the fuzzy number were compared by mean of the degree of
possibility procedure.

The results of these comparisons are inserted in Table 6, and were
further used to determine the weight vector according to eq. 26 and 27:

w'(a;) = {0.530.430.490.09 0.051 0.030.16 0.07 0.04 0.03 0.02}" (26)

w(a;) = {0.1960.1570.179 0.033 0.018 0.367 0.011 0.058 0.025 0.146 0.011 0.007}"
(27)

Thus, through the defuzzification process, the TFNs were converted
into the values of the crisp weights which will later be assigned for each
flood conditioning factor in order to estimate the flood potential. As
mentioned before within the methodology, the FPIgapp and FPIpayp 1ok
values will be obtained by the multiplication of the crisp weight’s va-
lues with the AHP and IoE coefficients.

FPIpapp (Fig. 11a) values ranging from 0.07 and 0.37, were split
into 5 classes through Natural Breaks method. The first class, between
0.07 and 0.13, covers approximately 19.35% of the Buzau river basin,
while the low values included in the second class are distributed on
around 37.9% of the study area. Medium flood potential is encountered
on 21.2%, while the high and very high FPIgap values are spread over
21.5% of the entire study area.

The FPIgapp.1or model (Fig. 11b) with the values between 0.04 and
0.8, was classified into 5 classes using Natural Breaks method. The first
class, ranging between 0.04 and 0.19, covers almost 27% of the study
area, especially in the mountainous areas, whereas the small values of
the FPIpayp.ior, ranging between 0.19 and 0.35, cover 31.55% of the
research area (Fig. 12). The average values of the FPIpaypor OCCUPY
about 25% of the study area, while the IV'" and V** classes of FPI cover
a total surface of 17%. Unlike in the FPIj, the high and very high
values of FPIgapp 1o OCcur in the transitioning areas from hilly region to
the plain region.
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5.5. Flood modeling with the SVM stand-alone and SVM-IoE

In the first stage, the SVM stand-alone model was used to determine
the flood potential across the study area. In this regard, the values of
flood conditioning factors and the flood and non-flood points from the
training samples were used as input data. The determination of the
weights for each flood predictor was optimized by the use of the two
parameters represented by C (1.5) and y (0.16). The slope angle was the
most important factor (15.93%), followed by distance from river
(14.84%), land use (11.68%), tpi (11.35%), lithology (8.47%), rainfall
(7.72%), convergence index (6.04%), elevation (5.71%), hydrological
soil group (4.52%), twi (4.37%), plan curvature (4.26%) and aspect
(3.69%) (Fig. 13). The application of SVM-IoE assumed the use of IoE
coefficients as input data and a new estimation of the two parameters C
(1.8) and v (0.13). In this case, the distance from rivers achieved the
highest relative importance (17.63%), followed by the slope angle
(17.35%), land-use (13.06%), lithology (10.26%), TPI (9.24%), rainfall
(6.53%), plan curvature (6.34%), aspect (5.32%), convergence index
(5.32%), elevation (4.66%), hydrological soil groups (2.33%) and the
TWI (1.96%) (Fig. 14).

FPIgyym values, ranging from 0.06 to 0.33, were divided into five
classes using the Natural Breaks method. The very low flood potential is
encountered on 16.13% of the study area, while the low value of FPIgyy
can be found on 22.6%. A percentage of 43.28% of the study area is
covered by medium values of FPIgyy;, while the high and very high
flood potential appears on approximately 18% of Buzdu river basin.
Further the FPIgym.ior Values between 0.28 and 5.31, were divided into
five classes using the same method like in the case of the previous four
flood potential indices. It is noted that from the total surface of the
basin, around 28.62% of the area is represented by the very low flood
potential class and 31.23% of those with low potential. The average
values of the FPIFAHP-IoE are present around 20% of the Buzau river
basin.

6. Discussion and conclusions

The Flood Potential Index for the Buzau river catchment has been
computed in past researches and has been done through various tech-
niques that have shown different results. The past researches have been
based on a simpler analysis which involved the overlay of the con-
ditioning factors, without taking into account the locations of the his-
torical floods. It should be noted that the historical floods provide es-
sential data in the detection of the areas prone to floods and their
spread. Previous researches, conducted by Costache et al. (2015) and
Zaharia et al. (2017) have not attempted to validate the results through
various validation methods, as was made in the present study. The re-
sults validation methods confirmed the high performance of the models
which were employed to compute the Flood Potential Index in the
present research. Therefore, we consider that the models could be used
at a national scale for flood hazard mapping.

The idea that global climate change causes an increase in flood
frequency is unanimously accepted by the international scientific
world. Taking into account this consideration, the assessment of certain
territories from the flood susceptibility point of view represent a
mandatory activity that should be included in the flood risk manage-
ment. The main result of the present study is represented by the values
of flood potential index which were spatially modeled across the Buzdu
river basin. In order to derive the FPI values a number of three stand-
alone models (Index of Entropy, Fuzzy Analytical Hierarchy Process,
Support Vector Machine) and two hybrids (FAHP-IoE and SVM-IoE)
were used. The models were trained by using 144 flood and 144 non-
flood points, which represent the dependent variables, and 12 flood
predictors representing the independent variables. During the applica-
tion of the methodological workflow, there were achieved some aux-
iliary results represented by the AHP and IoE coefficients assigned to
each factor class/category, or by the weight values of the flood
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Fig. 14. FPI spatial distribution across the Buzdu river basin: a. FPIgyn; b. FPIsym.ior.

predictors calculated through FAHP, and SVM models. These auxiliary
results contributed to the achievement of the main result of the ana-
lysis.

It should be noted that seven flood conditioning factors were de-
rived from databases that were obtained by applying remote sensing
techniques, so it should be noted the essential role which remote
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sensing holds in assessment of potential to different natural hazards. It
should be mentioned that after an initial evaluation of the predictive
ability of the conditioning factors through the Linear Support Vector
Machine method, all 12 factors were further considered into the ana-
lysis. The results of the analysis highlighted that the areas with a high
and very high flood potential, occupy between 13% (FPI,r) and 21.5%
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(FPIgapp) of the study area. The most prone areas are located near
watercourses, and also in the plain region where the slope is low. The
validation process shows that, in terms of the Success Rate, the hybrid
SVM-IoE was the most performant model (AUC = 0979), while in terms
of Prediction Rate, FAHP-IoE obtained the highest performance
(AUC = 0.93).

Given the fact that the Buzau river basin is one of the most affected
regions by floods in Romania, the results can be useful to the local
authorities responsible for the management of emergency situations.
Also, since the methods used in this study have had a high-performance
rate, they can represent a strong benchmark for future studies.
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The present study is carried out in the context of the continuous increase, worldwide, of the number of
flash-floods phenomena. Also, there is an evident increase of the size of the damages caused by these haz-
ards. Basca Chiojdului River Basin is one of the most affected areas in Romania by flash-flood phenomena.
Therefore, Flash-Flood Potential Index (FFPI) was defined and calculated across the Basca Chiojdului river
basin by using one bivariate statistical method (Statistical Index) and its novel ensemble with the follow-
ing machine learning models: Logistic Regression, Classification and Regression Trees, Multilayer
Perceptron, Random Forest and Support Vector Machine and Decision Tree CART. In a first stage, the areas
with torrentiality were digitized based on orthophotomaps and field observations. These regions,
together with an equal number of non-torrential pixels, were further divided into training surfaces
(70%) and validating surfaces (30%). The next step of the analysis consisted of the selection of flash-
flood conditioning factors based on the multicollinearity investigation and predictive ability estimation
through Information Gain method. Eight factors, from a total of ten flash-floods predictors, were selected
in order to be included in the FFPI calculation process. By applying the models represented by Statistical
Index and its ensemble with the machine learning algorithms, the weight of each conditioning factor and
of each factor class/category in the FFPI equations was established. Once the weight values were derived,
the FFPI values across the Basca Chiojdului river basin were calculated by overlaying the flash-flood
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predictors in GIS environment. According to the results obtained, the central part of Basca Chiojdului
river basin has the highest susceptibility to flash-flood phenomena. Thus, around 30% of the study site
has high and very high values of FFPI. The results validation was carried out by applying the
Prediction Rate and Success Rate. The methods revealed the fact that the Multilayer Perceptron -
Statistical Index (MLP-SI) ensemble has the highest efficiency among the 3 methods.

© 2019 Elsevier B.V. All rights reserved.

1. Introduction

Climate changes occurred during the last decades, worldwide,
are becoming more and more evident. These changes are high-
lighted by a rapid increase in the frequency of extreme weather
phenomena such as heat waves, droughts, periods with excess of
humidity, or torrential rains (Rojas et al.,, 2012; Sampson et al.,
2015). It also can be noted that over the last years, extreme phe-
nomena have succeeded with a great rapidity. When these phe-
nomena occur in areas with a high population density, they may
represent a risk for the settlements. Frequently, in areas where ter-
rain features are favourable, heavy rainfall leads to devastating
flash-floods. In the literature there exist many definitions of
flash-floods. Collier (2007) defines the flash-floods as those floods
which are characterized by their rapid occurrence resulting in a
very limited opportunity for warnings to be prepared and issued.
According to Toukourou et al. (2011), the flash-floods is a flood
triggered by a heavy rainfall, with a period of manifestation gener-
ally <6 h. Another definition of flash-floods is given by Archer and
Fowler (2018) which defined the flash-floods as a phenomenon
with a rapid speed of response that may causes severe flooding
of land and properties far from rivers. Therefore, we can state that
the flash-floods are generated by heavy rainfalls which determine a
rapid increase of the river discharge and level that may cause sev-
ere damages due to the floods occurred in the areas with a low
slope angles.

The available data reveals that in 2016, across the globe, floods
affected more than 78 million persons (Guha-sapir et al., 2011) and
generated material losses of about $56 billion (Karamouz and
Fereshtehpour, 2019). Therefore, floods and flash-floods rank the
first in terms of damages caused by natural hazards, exceeding
the damages caused by earthquakes, volcanic eruptions and land-
slides. Romania is one of the most affected European country by
flash-floods occurrence (Romanescu et al., 2017). This aspect is cer-
tified by the large number of flash-flood warnings issued over the
last 3 years by the National Institute of Hydrology and Water Man-
agement of Romania. Thus, in 2015, 114 yellow code, 11 orange
code flash-floods warnings and 4 red code flash-floods warnings
were issued, while in the next year (2016), 295 yellow code were
issued along with 75 orange code and 7 red code. In 2017, 193 yel-
low code, 18 orange code and 1 red code were issued, while in
2018, 243 yellow code, 75 orange code and 8 red code were sub-
mitted to the local authorities. In order to mitigate the flash-
floods damages, the issuance of these warnings is extremely
important (Bubeck et al.,, 2012). In order to support the flash-
flood warning activity, in addition to the accuracy of precipitation
data estimation by meteorological radar, a comprehensive analysis
of the flash-flood potential given by terrain surface features is nec-
essary. This kind of analysis is also useful to streamline the terri-
tory planning in order to diminish the potential damage
generated by flash-floods.

The Flash-Flood Potential Index (FFPI) is a well-known method
used in the international literature to evaluate the flash-flood
potential in a specific area. This index was initially introduced by
Smith (2003) which calculates the flash-flood potential across the
Colorado river basin by considering several flash-flood

conditioning factors such as: slope angle, soil type, vegetation
and land use/land cover. In order to calculate the FFPI, the author
used the values of the reclassified rasters, between 1 and 10, into
a simple map algebra operation. It should be mentioned that the
conditioning factors received equal weights. The same approach
was used by Kruzdlo and Ceru (2010) in order to determine the
spatial variability of the flash-flood potential index for Weather
Forecast Office (WFO) Mount Holly/Philadelphia. In terms of FFPI
equation, two new variables, represented by profile curvature
and lithology, were introduced by Zaharia et al. (2012) in an anal-
ysis intended to calculate the FFPI within a small mountain catch-
ment in Romania. Another study focused on a mountain catchment
in Romania was carried out by Minea (2013) that used also the
simple map algebra to represent the spatial variability of FFPI.
Tincu et al. (2018) included the flow accumulation factor in the
equation designated to calculate a Modified Flash-Flood Potential
Index on Trotus river basin (Romania). In this study, besides the
weights assigned to each class and category of factors, the authors
established also different weights for each flash-flood predictor.
The major drawback of the previous methods is that the weights
of the flash-flood predictors are assigned in a subjective manner
without taking into account the location of the surfaces with tor-
rential phenomena. A first attempt to consider the areas with tor-
rential phenomena in the FFPI computation, was made by Costache
and Zaharia (2017), which tried to evaluate the flash-flood suscep-
tibility, across Basca Chiojdului river basin (Romania), by using two
bivariate statistical methods (Frequency Ratio and Weights of Evi-
dence). The aforementioned methods along with other machine
learning models were widely used, in the literature, to identify
the areas prone to flood and flash-floods. Thus, (Shafapour
Tehrany et al., 2017), in a study on Jianxi Province (China), revealed
the fact that weights of evidence and logistic regression achieved
the same performances in terms of flood susceptibility prediction.
In other four studies, (Costache, 2019a; Costache et al., 2019; Hong
et al., 2018; Shafizadeh-Moghadam et al., 2018) tried to evaluate
the susceptibility to floods and flash-floods by using many ensem-
ble models resulted by the combination of bivariate statistical
models, such as Frequency Ratio, Weights of Evidence, Evidential
Belief Function and Certainty Factor, and machine learning models
like Logistic Regression, Random Forest, Support Vector Machine,
Multilayer Perceptron and Naive Bayes. The results obtained
revealed the fact that the ensemble models are characterized by
high performances, with a prediction accuracy higher than 85%.
(Khosravi et al., 2018) performed a comparative analysis regarding
the results of different decision trees with respect to flash-flood
susceptibility. They concluded that Naive Bayes Tree, Logistic
Model Tree and Alternating Decision Tree were almost perfect,
with an Area Under Curve close to 1.

To complete the results achieved by Costache and Zaharia
(2017), the present paper has the main objective the assessment
of flash-flood potential using more advanced analysis techniques.
Therefore, the flash-flood susceptibility across Basca Chiojdului
river catchment will be calculated by using a bivariate statistical
method (Statistical Index (SI)) and another 5 ensemble models
derived by the hybrid integration of SI with the following 5
machine learning models: Logistic Regression (LR), Classification
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and Regression Tree (CART), Multilayer Perceptron (MLP), Random
Forest (RAF) and Support Vector Machine (SVM). The performance
of the hybrid models will be assessed through several statistical
measures represented by Sensitivity, Specificity, Accuracy and
Kappa Index, while the validation of the FFPI values will be carried
out through the ROC Curve.

2. Materials and methods

Given the fact that in this study a spatial evaluation of the
degree of susceptibility to flash-floods is desired, all the data used
are geospatial. It should be noted also that for data processing and
analysis many software were used. Thus, in a first stage for geospa-
tial data collection and processing ArcGIS 10.5, ArcGIS Pro 2.2 and
SAGA GIS 2.1.4 were used. The data resulted from the geoprocess-
ing workflow was used in Microsoft Excel 2016 in order to derive
the Statistical Index coefficients. In the next step, the machine
learning training procedure were carried using the following soft-
ware: SPSS 21 software for Logistic Regression and Multilayer Per-
ceptron models, Salford Predictive Modeler 8.2 software for
Classification and Regression Tree model, ArcGIS Pro 2.2 software
for Random Forest model, and Weka 9.3 software for Support Vec-
tor Machine. All the cartographic materials were obtained using
ArcGIS 10.5, while the graphics were designed mainly in Microsoft
Excel using also the results provided also by the others software.

2.1. Study area and data collection

In this sub-section will be presented the main characteristics of
Basca Chiojdului catchment with a special view on the flash-flood
conditioning factors and the inventory of areas with torrential
phenomena.

2.1.1. Study area general characteristics

The present study will be carried out within the perimeter of
Basca Chiojdului river basin, placed in the central south-eastern
region of Romania (Fig. 1). The study area overlaps both Carpathian
(mountainous) region (44%), and Subcarpathian (hilly) region
(56%).

The small surface of the basin (340 km?) corroborates with an
average slope of 12°, and also with a circularly catchment shape,
generates favourable conditions for surface runoff and flash-
floods occurrence. Others geographically factors that influence
the surface runoff are the forest cover degree (50%), which was
determined based on Corine Land Cover 2018 dataset (Costache
and Popescu, 2013; Kucsicsa et al., 2019), and the hydrological soil
group (predominantly group B), which was extracted from Digital
Soil Map of Romania, 1:200,000 (Arghius and Arghius, 2011;
Costache and Pravalie, 2012). According to (Costache and Zaharia,
2017) the average lag time of Basca Chiojdului catchment is equal
to 4.36 h while the concentration time is around 7.27 h. The small
values of the two parameters, Tlag and Tc, indicate, also, the fact
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that Basca Chiojdului catchment is susceptible to flash-floods
occurrence.

Within the perimeter of Basca Chiojdului catchment can be
found many socio-economic objectives exposed to the flash-
floods occurrence. These objectives are located in the following 6
localities which quantifies a total number of 25,417 inhabitants:
Calvini, Posestii-Pamanteni, Batrani, Starchiojd, Chiojdu and Catina.
Within the perimeter of these localities are also located 331 km of
roads from which the most important are: National Road 10 (DN
10) with a total length of 1.3 km, County Road 102B (D] 102B) with
a total length of 21.3 km, County Road 103P (DJ 103P) with a total
length of 907 m, County Road 102L (DJ 102L) with a total length of
20.7 km and County Road 100 M (DJ 100 M) with a total length of
720 m. During the time, these socio-economic elements were
affected by many severe flash-flood phenomena. The most devas-
tating flash-flood events occurred in 1975, when the discharge of
Basca Chiojdului reached the historical maximum value of
300 m?/s, in 1990 when the discharge was equal to 170 m?/s,
and in 2005 when the discharge values was 236 m>/s. Important
flash-flood were manifested also, during the last years (2016,
2018 and 2019) when, according to the General Inspectorate of
Emergency Situations of Romania, almost 350 peoples were
affected, and>120 houses and 5.3 km of roads were destroyed by
these natural risks. It should be noted also, that, according to the
National Administration of Romanian Waters, almost 27 km
belonging to Basca Chiojdului river situated downstream of Chio-
jdu locality is a sector with a high potential for floods which are
triggered by the flash-floods propagated from the upper areas.

2.1.2. Flash-flood conditioning factors

In order to understand the manner in which the flash-flood phe-
nomena occur, the analysis and selection of flash-floods predictors
is a very important step. Therefore, in a first step, ten flash-flood
predictors were considered into the analysis. From a total number
of ten predictors, the following seven variables are morphometric
factors which were derived from the Digital Elevation Model: slope
relief, L-S Factor, convergence index of hydrographic network,
Stream Power Index (SPI), Topographic Wetness Index (TWI), pro-
file curvature and Topographic Position Index (TPI). The others
three predictors, extracted from vector geodatabase, are the fol-
lowing: land use, hydrological soil group, lithology. A short
description of each of flash-flood causative factor is presented in
the following rows.

Slope relief is one of the factors computed with the help of Dig-
ital Elevation Model (DEM) extracted from Shuttle Radar Topo-
graphic Mission (SRTM) database at 30 m spatial resolution
(Mamede da Silva et al., 2018). The values of this morphometric
index are directly related to the velocity of the surface runoff
(Fontanine and Costache, 2013b; Fontanine and Costache, 2013a;
Costache et al., 2014, 2015; Costache, 2019b; Costache, 2014).
The higher the slope angle, the active the surface runoff. In order
to obtain the spatial distribution of slope values across the study
area, the Slope tool from Spatial Analyst extension of ArcGIS 10.5
software. The DEM was used as input data in the aforementioned
tool. In the case of the present study the slope map was carried
out by dividing its values into the following five classes according
to the literature (Pravalie and Costache, 2013; Pravalie and
Costache, 2014): <3°, 3-7°, 7.1-15°, 15.1-25°, >25° (Fig. 2a). L-S
factor is a morphometric index that was widely used to estimate
the combined effect of the slope length and the slope steepness
on surface runoff manifestation (Costache, 2019c; Zaharia et al.,
2017, 2015). The derivation of L-S factor is based on the following
formula (Moore and Wilson, 1992):

5= (22313>m (()S.i(r)lég)sy M

where A is the unit contributing area (m?), 0 is the slope value in
radians, m (0.4-0.56) and n (1.2-1.3) are exponents. Regarding
the Basca Chiojdului catchment, the L-S factor was computed by
using the DEM as input in the Basic Terrain Analysis module of SAGA
GIS 2.1.4. The values of m and n exponents were automatically opti-
mized by the GIS software according to the characteristics of DEM
used as input data. The L-S factor values were classified into the fol-
lowing classes based on Natural Breaks method: 0-3.75, 3.76-7.17,
7.18-10.75, 10.76-15.33, 15.34-41.49 (Fig. 2e). Another factor
whose values were calculated using the Digital Elevation Model
(DEM) is Topographic Wetness Index (TWI). The high values of
TWI highlight the areas with an important potential for runoff con-
centration. The application of the following formula allows the
computation of TWI values:

TWI = In (W) 2)

where o represents the total upslope region draining through a
point (per unit contour length) and tan B represents the slope angle
value measured at the point. By implementing the previous formula
(2) in Map Algebra of ArcGIS software the TWI values were deter-
mined. The raster for the catchment area or upslope region (o)
was derived in SAGA GIS by using the DEM as input data, while
for the slope value (B) was taken into the raster already derived
in ArcGIS 10.5. As in the case of L-S factor, the Natural Breaks
method was also used to divide the TWI values as following:
3.15-6.1, 6.11-7.78, 7.79-10.21, 10.22-14.5, 14.51-24.59 (Fig. 2i).
The Topographic Position Index (TPI), derived in SAGA GIS 2.1.4
(Conrad et al., 2015) from DEM, is a flash-flood conditioning factor
used to compare the altitude of a point with the mean altitude of
the neighbouring surface (Costache, 2019b). The positive values of
TPI indicate a higher altitude for that specific point comparing to
the adjacent areas (Mieza et al., 2016). It should be mentioned that,
within the SAGA GIS 2.1.4, there exists a dedicated tool for TPI com-
putation which was used also in the present research. Along with
the input data represented by the DEM at 30 m cell size, the TPI
computation required the establishment of a neighbourhood size.
Given the fact that in the present study is analysed the susceptibil-
ity to flash-floods which requires a high detailed representation of
relief landforms, a circular neighbourhood with a small radius
should be selected (Skentos, 2018). Therefore, in order to take into
account, the first cells located near the cell on which the TPI is cal-
culated a radius of 65 m was selected. It should be mentioned that
the radius is calculated from the centre of cell on which the TPI is
calculated. The classification of TPI values was done through the
Natural Breaks method as following: (—20)-(-3.8), (—=3.7)-(—1.1),
(-1.1)-1.3, 1.4-4.5, 4.6-20 (Fig. 2h). The Natural Breaks method
was used to classify the values of L-S Factor, TWI, and TPI flash-
flood predictors because it is considered a clustering method that
creates one of the best arrangement of values into different classes
and determines the minimization of variance for objects from the
chosen subsets and maximization of variance between the subsets
(Rosati et al., 2010). Another morphometric index used as causative
factor for flash-flood phenomena is the Profile Curvature. The values
of this variable allow to differentiate the surfaces characterized by
accelerated runoff from those with a decelerated runoff. The nega-
tive values represent the areas characterized by an accelerated run-
off while the positive values indicate the surfaces with a
decelerated runoff. The Profile curvature raster was obtained based
on DEM which was used as input data in Curvature tool from Spatial
Analyst extension of ArcGIS 10.5 software. The profile curvature
map was created by dividing its values into three classes according
to the literature (Minea, 2013): (-3)-0, 0.1-0.9, 1-2 (Fig. 2j). Given
the fact that through its values the areas with a high degree of drai-
nage convergence are identified, Convergence index is a very impor-
tant flash-flood causative factor (Costache and Bui, 2019). Due to
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Fig. 2. Flash-flood conditioning factors (a. slope, b. land use/land cover, c. convergence index, d. lithology, e. L-S Factor, f. hydrological soil group, g. Stream Power Index, h.
Topographic Position Index, i. Topographic Wetness Index, j. Profile Curvature).

the low concentration time of the runoff, the areas highlighted by Index indicate the presence of the valleys, while the positive ones
negative values of Convergence Index, are the most favourable to indicate the presence of the interfluvial areas. As in the case of L-
flash-flood phenomenon. In fact, the negative values of Convergence S Factor and TWI, the Convergence Index was derived in SAGA GIS
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2.1.4. with the help of Basic Terrain Analysis module in which the
DEM was the only input data. The classes of Convergence Index
were established according to the literature (Costache et al.,
2019): (=99)—~(-3), (-2.9)-(-2), (-1.9)-(-1), (-0.9)-0, 0-99
(Fig. 2c). Stream Power Index (SPI), derived from DEM, highlights
the capacity of the flowing water to transport the sediments along
a river valley (Moore et al., 1991). Its computation is based on the
following formula:

SPI = o x tanf (3)

where o represents the total up slope region draining through a
point (per unit contour length) and tan B represents the slope angle
value measured at the point. As in the case of TWI factor, the SPI
values were determined by implementing the Eq. (3) in Map Alge-
bra of ArcGIS software. The upslope region (o) and slope value (B)
are the same parameters as in the case of TWI. SPI values were
divided into the following classes: <50, 50-500, 501-2000, 2001-
5000, >5000 (Fig. 2g). Due to its influence on the runoff velocity,
land use/land cover, extracted in the present case from Corine Land
Cover, 2018 dataset (Kucsicsa et al., 2019), is considered a very
important flash-flood causative factor (Wang et al., 2019b; Tien
Bui et al., 2020). Thus, the built-up areas are the most favourable
to runoff occurrence, while the forest areas are the most restrictive.
Across the research zone the following 8 land use category were
identified: built-up areas, agriculture zones, vineyards, fruit trees,
pastures, forests, transitional shrub-land, and water bodies
(Fig. 2b). Hydrological soil group is a geographical factor that con-
trols the water infiltration process (Costache, 2019c). In order to
establish the hydrological groups in a first step the soil texture
was extracted from the Digital Soil Map of Romania, 1:200,000. Fur-
ther was realized the association between the soil texture and the
hydrological soil group according to (Chendes, 2011). In terms of
Basca Chiojdului river basin, all the 4 hydrological soil groups are
present (Fig. 2f). Another factor that exerts an important influence
on water infiltration process is the lithology. Within the research
area a number of 10 lithological groups were mapped (Fig. 2d).

In order to be employed in the present workflows, the following
flash-floods conditioning factors were transformed from a polygon
vector format to a raster format with the cell size of 30 m: land
use/land cover, hydrological soil group and lithology.

2.1.3. Inventory of the surfaces affected by torrential phenomena and
creation of training and validating dataset

The detection and mapping of the surfaces affected by torren-
tiality in Basca Chiojdului Catchment was the first stage of the pre-
sent study. The usefulness of integrating this information in the
present research is explained by the fact that flash-floods are more
likely to produce in the areas with similar features as those where
have already occurred. Further, it is necessary to understand the
spatial relationship between the presence of torrential processes
and flash-flood predictors. Therefore, the areas affected by torren-
tiality were digitized based on aerial imagery and field measure-
ments. Were considered the surfaces with a unified presence of
the torrential microforms such as ravines and gullies (Costache
and Zaharia, 2017). After this step, a number of 36 polygons, with
a total area of approximately 34 km?, were identified as affected by
torrentiality. These surfaces accounts for 10% of the study area. 70%
of the total digitized areas were used as training dataset, while 30%
were used to validate the results. In order to divide these areas into
training and validating dataset the Generate Subset Polygons tool
from ArcGIS Pro 2.2 was used. In order to be used in the present
study, the surfaces affected by torrential phenomena were trans-
formed from polygon shapefile format to raster with a cell size of
30 m. This spatial resolution was chosen because it is equal to
the cell size of the Digital Elevation Model (DEM) extracted from

Shuttle Radar Topography Mission (SRTM) database (Mamede da
Silva et al., 2018). The DEM represents the data source for a num-
ber of 7 morphometric factors taken into account in the present
analysis which were presented at 2.1.2. Therefore, a total number
of 37,723 pixels were identified as being affected by torrential phe-
nomena. Further, a number of 26,406 pixels were included in train-
ing data, and the other 11,317 were included in validating data set.
Due to the fact that the flash-flood potential mapping is based on a
binary classification of pixels, another dataset, representing the
areas not affected by torrential phenomena, was created. This data
set contains the same number of pixels (37,723) as torrential areas
dataset and was created through a random selection of pixels
located in general on surfaces with a low slope angle, close to 0°,
where the surface runoff is almost impossible. It should be men-
tioned that the non-torrential dataset was divided also in training
(70%) and validating samples (30%). Due to the fact that training
and validating areas will be used as a binary dataset, value 1 was
assigned to regions with torrential processes, while the value 0
was assigned to areas characterized by the absence of torrential
phenomena.

2.2. Methods used

In order to estimate the flash-flood susceptibility for Basca
Chiojdului catchment the collected data, presented above, were
included in many methodological processing steps. The scheme
of the entire methodological workflow is graphically represented
in Fig. 3.

2.2.1. Variance inflation (VIF) and tolerance (TOL) for multicollinearity
assessment

In this study, multi-collinearity analysis was used to evaluate
the inter-associations or correlation between the flash-flood pre-
dictors. Multi-collinearity occurs when the predictors have a high
correlation with each other. It can causes the mistake description
of relevant factors in the statistical models and thus can affects
the models’ results (Dou et al., 2019). Therefore, the variance infla-
tion factor (VIF) and tolerance (TOL) were used to detect the multi-
collinearity among the predictors in this study. This two indicators
are commonly used for multi-collinearity examination (Dou et al.,
2019; Garosi et al., 2019; Wang et al., 2019a). Let X = {X;, X, ...,
Xy} define independent predictors and R? indicates the coefficient
of determination when the j independent predictor X; is regressed
on all other predictors in the model. The VIF is calculated as follows:

! (4)

VIF =
1-R

If the VIF value >10 or the TOL value <0.1, the corresponding
predictors are collinear and need be removed from the prediction
models (Dou et al., 2019; Wang et al., 2019a).

2.2.2. Information Gain (IG) for feature selection

Due to the fact that certain geographical factors, from those
taken into account for the present analysis, have a low influence
on surface runoff, a selection of the flash-flood predictors, based
on a statistical model, was realized. Information Gain (IG) is one
of the most popular method in this type of research (Dai and Ji,
2014; Gao et al., 2017; Javidi and Mansoury, 2017) and, therefore,
was also used in the present study. IG method, proposed by Hunt
et al. (1966), is very useful in order to assess an attribute of quality.
The value of IG for each flash-flood predictor, was estimated using
the following formula (6) (Chen et al., 2018):

IG(YiXi) = H(Y) — H(Y|Xi) (5)
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Fig. 3. The scheme of the workflow implemented for Flash-Flood Potential calculation.

where H(Y) is the entropy value of Yi and H(Y|Xi) is the entropy of Y
after associating the values of the flash-flood conditioning factor Xi
(Chen et al., 2018).

In a first step, the calculation of IG values assumed the prepara-
tion of the data regarding the presence and absence of the torren-
tial phenomena in the ArcGIS 10.5 software. The data was
processed in the same attribute table, along with the data regard-
ing the conditioning factors. Subsequently, the resulting attribute
table was processed in Microsoft Excel 2016 software. These data
was further imported in WEKA v. 3.9.2 software developed by
The University of Waikato, Hamilton, New Zeeland (Hall et al.,
2009). Using this software, dedicated mainly to machine learning
applications, IG values for each flash-floods conditioning factor
were calculated.

2.2.3. Statistical index (SI)

This method was used for the first time in a research regarding
natural risks by (van Westen, 1997). In this method, the weight of a
class or category of factor in the final result (FFPI SI) considered to
be the natural logarithm of the density of the torrential phenom-
ena within that class or category of factor divided by the density
of the torrential phenomena throughout the entire study area
(Rautela and Lakhera, 2000). Statistical Index weights for each
class/category of factors were calculated by using the following
formula, by Van Westen et al. (1997):

Npix(S;)

f ij Npix(N;)
Wi=1In (T) =In S~ Npis) (6)
> Npix(N;

where: Wj; - is the weight given to a certain class/category i of
parameter j; f; - is the torrential pixels density within the class i
of parameter j, f - is the torrential pixels density within the entire
map, Npix(Si) is the number of torrential pixels in parameter class

i, and Npix(Ni) is the total number of pixels in the same parameter
class.

In order to apply the Statistical Index Model, a workflow that
involved the use of ArcGIS 10.5 software as well as Microsoft Excel
2016 software, was developed. Therefore, in a first step, the rasters
corresponding to flash-flood conditioning factors and the surfaces
with torrential processes, were imported in GIS environment. Fur-
ther, in order to quantify the number of torrential pixels within
each class/category of factor, each raster corresponding to a single
flash-flood conditioning factor was combined with the raster cor-
responding to the regions with torrential processes. After this step,
in order to determine the final weights of a class/category of fac-
tors, the data were processed in Microsoft Excel 2016. The weights
already obtained were assigned to each factor class/category in
ArcGIS 10.5 software. Once the weight values were assigned to
each class/category, the FFPISI was computed through the sum
operation implemented in Map Algebra. Positive weights highlight
a class/category that is favourable to flash-flood phenomenon,
while a negative weight value highlights a class/category that
reduces the potential of flash-flood occurrence.

2.2.4. Logistic regression (LR)

The main aim of the logistic regression method is to determine
the best fitting model which describes the relationship between
the dependent binary variable (Y) and a set of independent
(explanatory) variables (Kavzoglu et al., 2014; Lee and Pradhan,
2007; Pradhan, 2010; Pradhan and Lee, 2010). In the logistic
regression model, a dependent variable is formed only by two
classes | categories (presence and absence). Therefore, the logistic
regression model is mainly useful to predict the presence or the
absence of a certain phenomenon, prediction based on the values
of the independent variables and also based on the relationship
between the dependent and independent variables. The variables
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considered in the Logistic Regression model could be continuous,
discrete or a combination of both.

The generalized linear model of the logistic regression method
can be calculated by using the following equation (Bui et al,
2011; Kavzoglu et al., 2014; Pradhan, 2011):

1
T 14e?

(7)

where p is the probability of an event, Z is a value from —oo to +oo,
defined by the following equation:

Z =P+ P1X1 + PoXa + - + BuXn (8)

p

where by is the intercept of the model, the ; (i=0, 1, 2, ..., n) are
the slope coefficients of the logistic regression model, and the x;
(i=0,1,2,...,n) are the independent variables.

When predictor variables are highly correlated in a logistic
model, it can be assumed that there exists a multicollinearity
between independent variables (Midi et al., 2010). The multi-
collinearity can cause inaccurate estimates and may also affect
the hypothesis tests and the confidence intervals (Midi et al.,
2010). In the present paper, the multicollinearity diagnosis
between independent variables will be assessed according to the
procedure described at 2.2.1.

2.2.5. Classification and regression tree (CART)

The machine learning technique was used especially in studies
regarding landslide susceptibility (Felicisimo et al.,, 2013; Hong
et al., 2015; Pradhan, 2013; Yeon et al., 2010; Youssef et al.,
2016). CART is a method based on rules that presents the informa-
tion in an intuitive and easy to visualize way. Three types of inde-
pendent variables could be included into the analysis (number,
binary and categorical), this fact being another advantage of this
technique. In order to construct the trees, each predictor is selected
so as to reduce data errors. The measure to which a predictor is
preferred in relation to another is the entropy value.

A missing value of a particular predictor will not be used to
determine the optimal ramification of a tree. If CART is used to pre-
dict new data, missing values are handled by substitutes (surro-
gates) (Breiman et al., 1984). The predicted values of a terminal
node represent the average of the response values in that node
(Breiman et al., 1984). In CART algorithm, there is an optimal sam-
pling rule named modified towing that is based on a direct com-
parison of target attribute in two child nodes. This process is
performed according to the Eq. (9):

I(Split) = |0.25(q(1 — q))" Z |PL(k) — PR(k)]| 9)
k

where: k is the index of the target classes, PL(k) and PR(k) represent
the probability distributions of the target in the left and right child
nodes, respectively, and the power term u embeds a user-trollable
penalty on splits that create child nodes with unequal sizes (Wu
et al., 2008).

The result of CART algorithm is a complex decision tree that
needs to be pruned in order to keep only the most important
information.

2.2.6. Multilayer perceptron (MLP)

MLP is one of the most commonly used artificial neural net-
works. It is an effective technique that could capture the complex
non-linear relationship between predictors and a specific phe-
nomenon (Jahani and Mohammadi, 2019). This model has been
used in many fields like spatial prediction of flood (Costache and
Bui, 2019) and landslide susceptibility assessment (Pham et al.,
2017). Through the back-propagation algorithm weights of feed-
forward network structure are updated and optimized (Costache

and Bui, 2019). Therefore it can be distinguished a forward training
stage and backward training stage (Costache and Bui, 2019). In the
forward stage, the inputs are propagated forward through the hid-
den layer to compute the output classes which are compared to the
observed values in order to estimate the difference between them.
In the backward stage, the connection weights were adjusted in
order to improve the output with the root mean square error
(RMSE, Eq. (10)) (Pham et al., 2017). In order to achieve an accept-
able value of RMSE the process already described will be iteratively
repeated.

RMSE = % zn:(c,»—é,-)2 (10)

i=1

where n is the number of the torrential pixels, ¢; and ¢; are the
observed flash-flood potential values and the computed flash-
flood potential values, respectively.

2.2.7. Random forest (RAF)

Random forests (RAF), developed by Breiman (2001), are very
flexible and powerful ensemble learning method based on decision
trees which can be used for both classification and prediction.
Recently, RAF was applied in different areas to solve classification
problems (Ibarra-Berastegi et al., 2011; Arabameri et al., 2019; Dou
et al.,, 2019; Pham et al., 2019a,b; Woznicki et al., 2019).

RAF can be defined as a bunch of random trees (decision trees).
The RAF is based on the fundamental idea to grow several decision
trees on random subsets in the following steps: i) take the training
data and re-sample the data several times; ii) select a set of ran-
dom features for each re-sample; iii) determine a decision tree
for the given re-sample and a random set of features; iv) aggregate
the set of determined decision trees to get a single decision tree.
Each decision tree contributing one vote, then the class which
received the most votes is the final prediction class (Woznicki
et al., 2019). In this study, RF was implemented to categorize two
classes including the value of “0” which was assigned to areas
characterized by the absence of torrential phenomena, and the
value of “1” which was assigned to regions with torrential
processes.

2.2.8. Support vector machine (SVM)

The SVM is a machine learning method based on the principle of
the structural risk minimization from statistical learning theory. In
a binary classification, the main objective of the SVM algorithm is
to find a hyper-plane which can divide the training data in an opti-
mally manner. The hyper-plane is constructed by transforming the
original input space into a higher-dimensional feature space
(Naghibi et al., 2017). Once the optimal hyper-plane is delineated,
the support vectors located closest to the hyper-plane can be iden-
tified (Pham et al., 2019a,b). Having the support vectors identified
and the optimal hyper-plane defined, a specific kernel function will
be employed to transform the input data into two distinct classes
(Choubin et al., 2019). According to Naghibi et al. (2017), if the
points of the classes are located above the hyper-plane they will
be classified as positives (torrential pixels = 1), while if they are
located below the hyper-plane the points will be classified as neg-
atives (non-torrential pixels = —1). In terms of kernel function, in
the present research the Radial Basis Function will be employed
because it outperforms others kernel function suc as: linear, poly-
nomial and sigmoid (Choubin et al., 2019; Tien Bui et al., 2012).

2.3. Configuration of hybrid models for FFPI computation

In order to configure the five hybrid models used for FFPI com-
putation the SI coefficients determined following the procedure
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described at 2.2.3. were used as input data in the machine learning
models. According to the literature (Cherukuri et al., 2019), the
data used as input in machine learning algorithms should be
rescaled in the same range of values. Therefore, the SI coefficients
were normalized between 0.1 and 0.9 by using the following equa-
tion (Costache, 2019a):

(x — min(d)) * (max(n) — min(n))

y= max(d) — min(d) +min(n) (In

where: y - standardized value of x; x - current value of variable; d-
range value limits; n - standardization range limits.

It is important also to mention that the training sample, which
represents 70% of the total torrential areas, was further split into
another training sample (70%) used to run the models, and a test-
ing sample used to test the performances of the models (30%). Thus
the new training sample will contain 18,482 torrential pixels and
18,482 non-torrential pixels, while the testing sample will contain
7922 torrential pixels and 7922 non-torrential pixels.

2.3.1. LR-SI

In the present analysis, the areas with presence/absence of tor-
rential phenomena, across Basca Chiojdului river basin, represent
the binary variable. In order to be included in the analysis, the
value of 1 was assigned to the areas affected by torrential phenom-
ena, and the value of 0 was assigned to areas without torrential
phenomena. Further, the next step of the analysis consisted of
the combination of each raster representing flash-flood condition-
ing factors, having SI coefficient assigned, with the raster repre-
senting presence or absence of torrential phenomena. The
resulted data in tabular format was further used in SPSS software
where logistic regression analysis was carried out. A very impor-
tant parameter used in the Logistic Regression (LR) modelling is
the classification cut-off value which usually is set to 0.5 by
default. Though, in the present analysis, in order to establish the
best cut-off value, the LR modelling was repeated by using a num-
ber of eleven cut-off values (0.01, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8,
09 and 0.99) according to the literature (Soureshjani and
Kimiagari, 2013). Finally, will be chosen the cut-off value which
allows the achievement of the best performances demonstrated
by the highest value of sum between Specificity and Sensitivity
of the model. Additionally, in order to assess the significance of
input data, the quality of the applied model and also to analyse
the overdispersion, the following parameters were also computed:
standard error (S.E.), Wald x? with p-value, residual deviance (RD),
degree of freedom (DF) and Akaike Information Criteria (AIC).
Specifically, the presence of overdispersion, which may affect the
logistic regression results, is indicated by a high difference
between RD with DF values (Aitkin, 1996). The final weight of each
independent variable will be equal to the logistic regression coeffi-
cients (i) value. According to Eq. (9), Z values of each raster cell
will be derived in GIS environment by summing the constant value
of the intercept of the model (fy), and the rasters of flash-flood pre-
dictors (x;), each of them being multiplied with (;) coefficient. It
should be taken into account that the rasters of flash-flood predic-
tors will have assigned the SI values. Further, in order to derive the
FFPI values in map algebra, the raster having the values of cells
equal to Z, will be used in Eq. (8).

2.3.2. CART-SI

The construction of decision tree trough CART algorithm was
possible by using the input data represented by SI coefficients
and absence/presence of torrential areas in Salford Predictive
Modeler v 8.2 software (Fitriani and Siahaan, 2016). Some specific
parameters, used to train the CART model, has been optimized
after a trial process through which the best values of AUC was

determined. The optimization of the parameters was performed
with the help of testing sample which accounts a number of
15,844 pixels. Thus, the minimum cases of parent nodes was estab-
lished at 28, the number of minimum cases of terminal nodes was
set at 13, the sample size is equal to the number of torrential and
non-torrential pixels in training data (approximately 37,000), and
the tree depth was automatically established by the software after
the application of the aforementioned parameters.

2.3.3. MLP-SI

The SI coefficients were also used as input data in Multilayer
Perceptron (MLP) model which was run in SPSS 21 software. In
the present case the architecture of MLP-SI ensemble consists of
the following elements: i) one input layer which includes eight
neurons represented by the flash-flood predictors; ii) one hidden
layer with a specific number of neurons; iii) one output layers with
2 neurons represented by the presence and absence of torrential
phenomena. A very important step in the configuration and train-
ing MLP-SI ensemble is the establishment of the optimum number
of hidden neurons within hidden layer. According to (Sheela and
Deepa, 2013), most of the researchers used a trial-error process
in order to select the optimum number of hidden neurons. There-
fore, in the present case was selected the number of hidden neu-
rons which determined the achievement of the lowest Root Mean
Square Error (RMSE).

The lowest error indicates the highest stability of the model,
while a higher error highlights a worst stability (Sheela and
Deepa, 2013).

2.3.4. RAF-SI

Like in the case of the three ensembles analysed above, the
computed SI values were used as input data in RAF model. The
RAF-SI ensemble was run with the help of Forest-based Classifica-
tion and Regression tool from ArcGIS Pro 2.2 software. A very impor-
tant output of the RAF modelling process is the out-of-bag (OOB)
error which is directly related with the stability and the accuracy
of the model. The OOB error is calculated by using the cases that
were unselected by the RAF algorithm during the random selection
of training data set (Trigila et al., 2015). In order to reach the min-
imum OOB error the RAF model was automatically run in ArcGIS
Pro 2.2 software for 300 times with a number of trees from 1 to
300. Finally, for FFPI computation was selected the RAF model
characterized by the minimum OBB error with a minimum trees
number. The model outputs contain also the importance of each
flash-flood predictor in terms of FFPI computation. It should be
mentioned that the final raster of FFPI was automatically derived
in ArcGIS Pro 2.2 software, without applying an additional
weighted sum in Map Algebra.

2.3.5. SVM-SI

The SVM-SI ensemble was implemented by using the SI coeffi-
cients as input data in SVM model, together with the pixels repre-
senting the torrential and non-torrential areas. The configuration
and training of SVM-SI was carried out through Weka 9.3 software
where the data obtained from GIS workflows was processed. An
essential step in the application of SVM model with Radial Basis
Function (RBF) is represented by the selection of penalty parameter
C and y term. The values of these indicators have a crucial influ-
ence on the accuracy of the model because they prevent the mod-
el’s over-fitting (C penalty) and the degree of nonlinearity (y term).
In order to optimize the values of the two parameters a cross-
validation procedure was applied. Thus, many pairs (C, y) were
tested until the best accuracy of the model was achieved. Finally,
for C parameter a value of 2.1 was attributed, while the optimum
value of y term was established at 0.12.
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2.4. Models performance assessment and results validation

The models performance assessment represents an essential
step within the workflow developed in order to identify areas sus-
ceptible to flash-floods (Chen et al., 2017).

2.4.1. Statistical measures

In order to test the performances of the applied models the fol-
lowing statistical metrics will be used: specificity, sensitivity, accu-
racy, kappa index. These statistical indices can be determined
using the following relations:

Do — Pe

k=="">¢ 12
1 — De ( )
L TP

Sensitivity = TP - FN (13)
s TN

SPEClﬁClty = m—m (14)

TP + TN

ACCUTIEY = 5 B+ TN + PN 1)
where FP (false positive) and FN (false negative) are the numbers of
pixels erroneously classified; k is kappa coefficient, p, is the
observed torrential pixels, and p. is the estimated torrential pixels.

2.4.2. ROC curve

ROC Curve and Area Under Curve (AUC) represent the second
method used in order to validate the results and to test the model
performance. Area Under Curve (AUC) is the most important indi-
cator of ROC Curve. Its value is sub-unitary and highlights the per-
formance degree of the applied models. The closer value gets to 1,
the better the model is. Training areas pixels were used in order to
construct the success rate, meanwhile validating areas pixels are
used to construct prediction rate. Success rate shows how well
the results match the training areas, while the prediction accuracy
of the models was assessed through the prediction rate. By using
the number of pixels representing the areas affected by torrential-
ity, and the calculated values of FFPI, ROC Curve was constructed.
In order to assess the ability of the models to predict the presence
or the absence of flash-flood potential, the Area Under Curve (AUC)
values were used. The AUC can be calculated as follows:

SXTP + 3 IN)

(
AUC = PN (16)

where TP (true positive) and TN (true negative) are the number of
pixels that are correctly classified, P is the total number of pixels
with torrential phenomena and N is the total number of pixels with-
out torrential phenomena.

3. Results
3.1. Multicollinearity assessment and feature selection

The results obtained after the modelling in SPSS 21 software
show that the TOL values for the independent variables considered
for this study, are within the range between 0.459 (TWI) and 0.923
(Land use/land cover). In terms of VIF values, it can be noted a
range between 1.01 (TPI) and 3.332 (Convergence Index) (Table 1).
Following the analysis of the VIF and TOL values, there are no seri-
ous multi-collinearity conditions between the variables. Further
the predictive ability of the flash-flood conditioning factors was
tested.

The computed Information Gain (IG) values offer some useful
information regarding the influence that flash-floods conditioning

Table 1

The predictive ability and multicollinearity analysis for independent variables.
Factor TOL VIF IG
Slope 0.463 2.083 0.0775
TPI 0.595 1.010 0.0391
TWI 0.459 3.272 0.0441
Land use/land cover 0.923 1.045 0.0564
Lithology 0.894 1.118 0.0334
Convergence index 0.515 3.332 0.0290
L-S Factor 0.489 2.875 0.0491
Hydrological Soil Groups 0.849 1.177 0.0379
Aspect 0.721 2.561 0
Profile curvature 0.612 1.813 0

factors have on flash-floods phenomena. The highest value
(IG = 0.0775) was assigned to slope relief factor (Table 1). Thus,
according to the IG analysis, the slope relief has the highest impor-
tance on flash-flood occurrence process. On the second position is
the land use/land cover (IG = 0.0564), followed by L-S Factor
(IG = 0.0491), topographic wetness index (TWI) (IG = 0.0441), topo-
graphic position index (TPI) (IG = 0.0391), hydrological soil group
(IG = 0.0379), lithology (IG = 0.0334) and convergence index
(IG = 0.0290). On the last two position, with IG = 0, are profile cur-
vature and aspect. It should be noted that even if the morphome-
tric factors have as data source the Digital Elevation Model, their
IG values are different. The main explanation is that the IG values
are estimated based on the spatial relationships between the val-
ues of each flash-flood conditioning factor and the presence/
absence of the torrential areas. Due to the fact that the last two fac-
tors, with IG = 0, have no predictive ability in terms of flash-floods
occurrence process, these will be removed from the analysis.

3.2. Statistical index computation

The weight values corresponding to the statistical index coeffi-
cients were assigned to each class/category of flash-flood condi-
tioning factors considered for the analysis. For the slope relief
factor, weights values range from —1.17 (slope class between 0-
3°) and 0.5 (slope class >25°). Regarding TPI factor, the highest
value of Statistical Index weights was 0.32, being assigned to the
range class between 4.6 and 20. The middle-class interval of TWI
(7.79-10.21) contains the highest value of SI weight (0.12). Land
use/land cover category represented by built-up areas has the
highest SI weight value (3.09) from the entire data set used in
the present study (Table 2). Regarding land-use, it can be noted
that with the decrease of the Manning roughness coefficients, the
SI weight values increase for each category. This relationship
between Manning roughness coefficients and SI weight value could
be explained by the fact that flash-flood occurrence is more likely
on the surfaces with lower roughness coefficient, such as built-up
areas. From the lithology point of view, the highest SI weight was
assigned to Sandstone of Rachitasu, the hardest rock in the study
area. The L-S Factor values are directly proportional to the SI
weight values, while regarding the convergence index situation is
inverse. Thus, the highest values of SI weights are assigned to con-
vergence index negative values located in river valleys areas.
Regarding the hydrologic soil groups, the lowest value of SI weight
value (—0.64) was assigned to class C, while the highest value is
specific to class D.

Table 2 Normalized SI values and weights of flash-floods condi-
tioning factors.

3.3. Performances of the modelling process

After the calculation of Statistical Index coefficients, the nor-
malized values corresponding to each factor class/category were
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Table 2
Normalized classes of flash-floods conditioning factors used.

Factor Class “Pp (%) “Pt(%) SI Sy LR-SI (B;) CART-SI MLP-SI RAF-SI SVM-SI

Slope 0-3° 5.84 1.80 -1.17 0.10 3.06 0.18 0.23 0.2 0.25
3.1-7° 14.38 14.22 -0.01 0.66
7.1-15° 47.99 58.09 0.19 0.75
15.1-25° 28.52 2391 -0.17 0.58
>25° 3.27 1.99 0.5 0.90

TPI (-20)-(-3.8) 18.19 19.31 0.05 0.28 0.37 0.07 0.11 0.08 0.06
(-3.7)-(-1.1) 23.65 22.92 -0.03 0.10
(-1)-1.3 26.39 19.40 03 0.85
1.4-4.5 21.07 23.56 0.11 0.42
4.6-20 10.70 14.81 0.32 0.90

TWI 3.15-6.1 12.78 13.09 0.02 0.73 1.63 0.09 0.1 0.11 0.12
6.11-7.78 28.43 30.58 0.07 0.82
7.79-10.21 24.81 28.01 0.12 0.90
10.22-14.5 22.08 20.07 —-0.09 0.55
14.51-24.59 11.90 8.25 -0.36 0.10

Landuse Forest 49.46 27.48 -0.5 0.36 2.69 0.21 0.17 023 0.18
Fruit trees, Shrub 21.35 24.98 0.15 0.46
Agricole areas, Vineyards 6.95 0.73 -2.2 0.10
Pastures 15.81 46.53 1.07 0.59
Built areas 6.42 0.29 3.09 0.90

Lithology Sands, Gravels, Loess 5.65 2.32 -0.88 0.10 1.01 0.16 0.12 0.13 0.15
Marls, clay 29.80 18.13 -0.49 0.23
Gypsum, Limestone 38.57 49.14 0.24 0.46
Sandstone, Tuffs, Schysts 2217 29.65 0.29 0.48
Sandstone of Rachitasu 3.80 0.71 1.6 0.90

L-S Factor 0-3.75 21.85 14.91 -03 0.10 1.73 0.11 0.13 0.09 0.08
3.76-7.17 29.74 37.42 0.22 0.73
7.18-10.76 26.30 30.12 0.13 0.62
10.77-15.33 16.63 13.76 -0.18 0.25
15.34-41.59 5.47 3.79 0.36 0.90

Convergence index 0.1-99 16.84 13.62 -0.21 0.10 —0.46 0.03 0.05 0.04 0.06
(-0.9)-0 46.20 44.34 -0.04 0.49
(-1.9)-(-1) 9.62 10.50 0.08 0.76
(-2.9)-(-2) 7.14 8.27 0.14 0.90
(-99)-(-3) 20.21 23.28 0.14 0.90

Hydrological soil groups A 0.08 0.00 0.19 0.50 2.48 0.15 0.09 0.12 0.1
B 25.32 30.71 0.11 0.46
C 52.40 58.59 -0.64 0.10
D 22.20 10.70 1.03 0.90

" Pp(%) - percentage of class pixels; Pt(%) - percentage of torrential pixels.

used in order to train the five hybrid models proposed for the com-
putation of flash-flood potential within Basca Chiojdului catch-
ment. The performances of the five hybrid models were assessed
through several statistical measures for both training and testing
sample. In terms of Sensitivity the MLP-SI hybrid model achieved
the highest value for both training (91.7%) and validating sample
(89.9%), while the SVM-SI hybrid model obtained the lowest per-
formances for training areas (88.1%) and LR-SI for validating areas
(87.2%) samples (Table 3). If we discussed about the Specificity, we

Table 3
Statistical measures values.

can observe that the MLP-SI obtained the highest performances,
93.1% for training areas and 93.2% for validating sample, while
the RAF-SI has the lowest performance in terms of training areas
(89.4%) and LR-SI has the lowest performance in terms of validat-
ing areas (89.3%). The Accuracy indicator revealed that the MLP-SI
has the highest values for training (92.4%) and validating (91.5%)
areas, while the lowest performances were achieved by SVM-SI
for training sample (89%) and LR-SI for validating sample (88.2%).
Regarding the Kappa index, it can be observed that the highest val-

Metrics Training sample Testing sample
LR-SI CART-SI MLP-SI RAF-SI SVM-SI LR-SI CART-SI MLP-SI RAF-SI SVM-SI

TP 16,906 17,061 17,234 16,514 16,696 7095 7240 7400 7316 7165
TN 16,408 16,680 16,913 16,613 16,220 6882 7050 7095 6960 6966
FP 1576 1421 1248 1968 1786 824 682 521 606 757
FN 2074 1802 1569 1870 2262 1040 872 827 962 956
PPV (%) 91.5 92.3 93.2 89.4 90.3 89.6 91.4 93.4 92.4 90.4
NPV (%) 88.8 90.3 91.5 89.9 87.8 86.9 89.0 89.6 87.9 87.9
Sensitivity (%) 89.1 90.4 91.7 89.8 88.1 87.2 89.3 89.9 88.4 88.2
Specificity (%) 91.2 92.2 93.1 89.4 90.1 89.3 91.2 93.2 92.0 90.2
Accuracy (%) 90.1 91.3 92.4 89.6 89.0 88.2 90.2 91.5 90.1 89.2
Kappa 0.803 0.826 0.848 0.792 0.781 0.764 0.804 0.830 0.802 0.784
AUC 0.915 0.929 0.942 0.903 0.894 0.889 0913 0.928 0.904 0.897




12 R. Costache et al./Science of the Total Environment 711 (2020) 134514

ues for training (0.848) and for validating (0.83) samples were
assigned to MLP-SI, while the lowest values were attributed to
SVM-SI for training areas (0.781) and to LR-SI for validating areas
(0.764). The same situation is present also in the case of AUC val-
ues, with MLP-SI being the most performant model and SVM-SI
and LR-SI having the lowest performances.

Overall, we can state that all the models obtained very good
performances in terms of statistical measures.

3.4. Flash-flood potential Index mapping

Once established that all the models obtained very good results,
as well as the fact that the results are statistically significantly dif-
ferent, the Flash-flood Potential Index was determined by means of
the mentioned models.

3.4.1. Statistical Index stand-alone model

After assigning SI weight values for each class/category of flash-
flood conditioning factor, the resulted rasters were summed up in
ArcGIS 10.5 software, so the FFPI SI was obtained. FFPI SI values
ranging between —1.72 and 7.63 were normalized between 0.1
and 0.9 in order to have the same range as the results provided
by the other models. Further these values were classified in five
intervals using the following 4 classification methods available in
ArcGIS software: Natural Breaks, Quantile, Equal Intervals and Geo-
metrical Intervals. In order to establish the best classification
method, the frequency of all torrential pixels was determined for
each of the five classes. In this regard, will be taken into account
the percentage of torrential pixels located in the Very High class.
The highest percentage of torrential pixels within the very high
class the better the classification method is. In case of SI model,
the highest percentage of torrential pixels in the fifth class of FFPI
was established for the classification performed through Natural
Breaks method (62.32%), followed by Geometrical Intervals
(58.43%), Quantile (53.75%) and Equal Intervals (50.23%) (Fig. S1a).
Therefore, for the classification of FFPI-SI values in the final map,
the Natural Breaks method was selected (Fig. 4a). Very low values
of FFPI SI cover approximately 14.1% of the Basca Chiojdului river
basin. These areas have a relatively homogeneous distribution
across the study area, excepting the central part where they are
absent. Low FFPI SI values cover approximately 27% of the study
area. Medium FFPI SI values are spread relatively uniformly
throughout the Basca Chiojdului River basin, and are spread on
approximately 27.3% of Basca Chiojdului River basin. Approxi-
mately 20% of study area is covered with high FFPI SI values, while
very high values are extended on 10.7%. High and very high values
of flash-flood potential are specific to the central part of Bisca
Chiojdului River basin especially.

3.4.2. LR-SI hybrid model

As was mentioned at 2.3.1, the best cut-off value used in the
final LR-SI model was established after the repeated application
of LR modelling with eleven different values between 0.01 and
0.99. According to the results provided in Table S1, the highest
sum of Sensitivity (89.1) and Specificity (91.2) was obtained by
using a cut-off value equal to 0.7. Therefore, this cut-off was used
in order to perform the LR-SI model. In order to investigate the sta-
tistical significance of the flash-floods conditioning factors, the
Wald x? statistical test, Residual Deviance (RD) and Akaike Infor-
mation Criteria (AIC) were used (Table S2). The results of three
aforementioned indicators revealed the fact that all the variables
and factor categories have a significant contribution in the training
of LR-SI ensemble (Table S2). The value of RD, estimated as a
goodness-of-fit parameter for the logistic regression model, was
compared with the degrees of freedom (DF) in order to analyse
the overdispersion. According to the results, RD value of 1113.43

is very close to the DF value of 1106. Their ratio value of 1.006 is
very close to 1. Therefore, we can state that no overdispersion
was detected in the present case. Following the training of LR-SI
hybrid model the intercept of the model (3, = 1.82) and the regres-
sion coefficients (B;) were determined for each flash-flood condi-
tioning factor (Table 2). If we analyse the values of regression
coefficients (f;) we can see that the highest value was assigned
to slope angle (3.06), followed by land use (2.69), hydrological soil
group (2.48), L-S Factor (1.73), twi (1.63), lithology (1.01), tpi (0.3)
and convergence index (—0.46). In can be observed that seven pre-
dictors obtained positive values, while another one achieved a neg-
ative regression coefficient. Positive values highlight the fact that a
certain flash-flood conditioning factor has a positive influence on
flash-floods occurrence process, while negative values show
restrictive conditions for flash-floods occurrence.

Finally, the FFPI LR-SI was computed by implementing the Eq.
(8) in ArcGIS 10.5, according to the workflow described at 3.4.2.

After the computation of FFPI LR-S], its values were normalized
between 0.1 and 0.9. As in the case of FFPI-SI, the same four meth-
ods were used to classify the FFPI LR-SI values into five intervals. In
terms of percentage of torrential pixels located in the very high
class, the Quantile methods achieved the highest value (71.44%),
followed by Geometrical Intervals (68.43%), Natural Breaks
(66.33%), Equal Intervals (53.11%) (Fig. S1b). Therefore, the Quantile
method was used to carry out the final FFPI LR-SI map (Fig. 4b).
Very low values represent approximately 5.8% of Basca Chiojdului
River Catchment and are especially located on interfluvial lines
where surface runoff is less probably to occur (Fig. 4b). 23.6% of
the study area is characterized by low flash-flood potential index
values, these areas being relatively homogeneously distributed in
the southern half of Bisca Chiojdului River catchment. The largest
areas are characterized by a medium potential for flash-flood
occurrence. Medium values of FFPI LR cover approximately 44.3%
of the study area. Due to the fact that high and very high FFPI LR
values cover approximately 26.7% of the study area, Basca Chiojdu-
lui River catchment is considered to be very exposed to flash-flood
phenomena.

3.4.3. CART-SI hybrid model

The result of the training process applied for CART-SI hybrid
consisted of a very complex decision tree which was pruned in
order to select that part containing the most important informa-
tion (McKenney and Pedlar, 2003). Therefore, the tree whose ter-
minal nodes have recorded the highest values of the success
parameters, presented in Table 3, was selected.

The optimal pruned regression tree for the study area has a
number of 11 terminal nodes (Fig. S2). As it can be noted, all
flash-floods conditioning factors were considered in the decision
tree construction process.

According to the scheme of the optimally pruned regression
tree for the study area, the most important factor that influences
flash-flood occurrence is the land use (0.21), followed by slope
(0.18), lithology (0.16), hydrological soil groups (0.15), L-S factor
(0.11), twi (0.09), tpi (0.07) and convergence index (0.03).

In order to determine the FFPI CART-SI values within the study
area, the relative weights of flash-flood conditioning factors were
used in GIS environment.

In terms of normalized values of FFPI CART-SI, the best classifi-
cation was attributed to Natural Breaks method, with 73.21% of tor-
rential pixels in the very high class, followed Geometric Intervals
(69.31%), Quantile (68.43%) and Equal Intervals (54.4%) (Fig. S1c).
In this case, the FFPI CART-SI values were mapped with the help
of Natural Breaks method. Very low values of Flash-Flood Potential
Index were estimated for approximately 5.5% of Basca Chiojdului
River catchment (Fig. 4c). These are located especially within the
interfluvial areas where runoff occurrence is less likely to occur.
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Fig. 4. Spatial distribution of FFPI values (a. FFPI SI; b. FFPI LR-SI; c. FFPI CART-SI; d. FFPI RAF-SI; e. FFPI MLP-SI; f. FFPI SVM-SI).

Around 30.9% of the study is covered by the second class of FFPI largest part of Basca Chiojdului River catchment, being present
CART-SI, which indicate a low potential for flash-flood occurrence. on 32.7% of the study area. Generally, these values are spread
As well as FFPI LR-SI, the FFPI CART-SI medium values cover the homogenously across the entire research area. The areas covered
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with high and very high values of FFPI CART-SI are spread on
approximately 31% of the Basca Chiojdului River catchment.

3.4.4. MLP-SI hybrid model

As it was mention at sub-section 2.3.4 the number of hidden
neurons was established following a trial-error process intended
to determine the MLP architecture with the lowest RMSE value.
In the present case the RMSE value was estimated for a number
of 50 MLP architectures (Fig. S3). According to the results obtained
the RMSE value decrease continuously from 0.473, obtained with a
single hidden neuron, to 0.014 which was achieved by applying an
architecture with 19 hidden neurons. From 19 to 50 hidden neu-
rons the RMSE value has stabilized at 0.014. It should be men-
tioned that the excessive number of hidden neurons can cause
the over fitting (Sheela and Deepa, 2013). Therefore, in order to
compute the FFPI, was chosen the MLP architecture with a number
of 19 hidden neurons (Fig. S4). Further, the weight of each flash-
flood predictor, obtained after the MLP-SI training, were used in
a weighted sum operation in order to derive the Flash-Flood Poten-
tial Index values.

In order to map the FFPI MLP-SI values, the same procedure as
in the previous cases was applied. Thus, the most performant was
the Geometric Intervals classification method, with 74.23% of tor-
rential pixels in the fifth class of FFPI MLP-SI, followed by Quantile
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Fig. 5. ROC Curve (a. Success Rate; b. Prediction rate).

(69.23%), Natural Breaks (64.22%) and Equal Intervals (59.35%)
(Fig. S1d). Using the Geometrical Intervals, the normalized values
of FFPI MLP-SI, between 0.1 and 0.9, were spatially represented.
The first class, between 0.1 and 0.21, covers approximately 5.6%
of the Basca river catchment, while the second accounts around
16.5%. The medium values, between 0.46 and 0.61, are spread on
approximately 45% of the total, while the high and very high FFPI
is encountered on 32% of the research area (Fig. 4d).

3.4.5. RAF-SI hybrid model

By running the RAF-SI model it was observed that the increase
in the number of trees generates a decrease in the OOB error. This
tendency is maintained until 234 trees from this point the OOB
becoming stable at 0.0831 (Fig. S5). Therefore, in order to derive
the FFPI the RAF-SI model applied was characterized by a structure
with 234 trees. The flash-flood predictor with the highest influence
in RAF-SI model was the land use (0.23), followed by slope (0.2),
lithology (0.13), hydrological soil groups (0.12), twi (0.11), L-S fac-
tor (0.09), tpi (0.08) and convergence index (0.04).

In terms of FFPI RAF-SI values, the best classification was
obtained by applying the Geometrical Intervals method (71.52%),
followed by Natural Breaks (67.32%), Quantile (65.4%) and Equal
Intervals (59.32%) (Fig. S1e). The Geometrical Intervals method used
to represent the spatial distribution of MLP-SI, revealed that the
first class of flash-flood potential cover only 5.4% of the study area,
while the low values are present on approximately 24.6% of the
total surface (Fig. 4e). The largest areas (39.7%) are occupied by
the medium values of FFPI MLP-SI, while around 30% of the
research zone has a high and very high flash-flood potential.

3.4.6. SVM-SI hybrid model

Following the training procedure of SVM-SI hybrid model the
weights of each flash-flood predictor was derived. Thus, the slope
obtained the highest weight (0.25), followed by land use (0.18),
lithology (0.15), twi (0.12), hydrological soil groups (0.1), L-S Factor
(0.08), tpi (0.06) and convergence index (0.06).

After the application of weighted sum which involved the use of
SI coefficients and the weights of each flash-flood predictors, the
values of FFPI SVM-SI was derived. Further the four classification
methods were applied in order to establish the which is the most
performant. The Geometric Intervals provides again the best classi-
fication, with a percentage of 68.32% of torrential pixels within the
very high class. This method was followed by Quantiles (64.29%),
Equal Intervals (61.3%) and Natural Breaks (59.3%) (Fig. S1e). By ana-
lysing the results of the Geometric Intervals classification, it can be
noted that the very low values of FFPI SVM-SI are spread on 11.1%
of the Basca Chiojdului catchment, while low values occupy 22.5%.
The surfaces located on a medium flash-flood potential has an
weight of 27.6%, while the high and very high values cover a total
percentage of 38.8%.

3.5. Results validation (ROC Curve)

According to Fig. 5a, the most performant model in terms of
training areas pixels, is the MLP-SI (AUC = 0.94), followed by
CART-SI (AUC = 0.939), RAF-SI (AUC = 0.933), SVM-SI
(AUC = 0.929), LR-SI (AUC = 0.925) and SI (AUC = 0.92). AUC values
higher than 0.85 in all three cases highlight a very high efficiency
of all the models used to determine the areas with flash-flood
potential. In terms of Prediction Rate, the MLP-SI was also the first
with AUC = 0.927, followed by CART-SI (AUC = 0.922), SVM-SI
(AUC = 0.918), RAF-SI (AUC = 0.914), SI (AUC = 0.91) and LR-SI
(AUC = 0.901) and (Fig. 5b).

The significance of the differences between AUC values was
evaluated through the Wilcoxon signed-rank test. Usually, if p-
value exceeds 0.05 and z-value ranges between —1.96 to +1.96,
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then we can state that the differences between AUC values are not
significant from the statistical point of view. In terms of Success
Rate, the highest statistical difference, highlighted by a z-value
equal to —12.084, was recorded in the case of the comparison
between SI and MLP-SI models (Table S3). For the Prediction Rate,
the highest statistical difference (z-value = —10.322) was estimated
after the comparison between LR-SI and MLP-SI models. However
according to the results of Wilcoxon signed-rank test the p-
values resulted from all the comparison are <0.05. Therefore, we
can state that all the differences between the AUC values are statis-
tically significant.

4. Discussion

The determination of FFPI values across Basca Chiojdului river
catchment was already performed in other researches from the
international literature. The first attempt to calculate the FFPI val-
ues across Basca Chiojdului river catchment, based on a simple
overlaying of flash-flood conditioning factors in GIS environment
without considering the areas already affected by torrential phe-
nomena, was carried out by Pravalie and Costache (2014). By com-
paring with the results of the present study it can be observed that
the weights of 28% of the surfaces with high and very high FFPI val-
ues obtained by Pravalie and Costache (2014) are close to the
weights achieved by applying LR-SI (26.3%), RAF-SI (30.4%),
CART-SI (30.9%), SI (31.4%) and MLP-SI (32%). This fact occurs even
if the methods used to determine the spatial variability of FFPI val-
ues were different. Another attempt to determine the FFPI values
across Basca Chiojdului river catchment was done by (Costache
and Zaharia, 2017). In the mentioned study, the calculation of FFPI
values was carried out by using two statistical models: Weights of
Evidence and Frequency Ratio. In this case, the application of
Weights of Evidence highlighted a weight of 33% for high and very
high FFPI values, while the application of Frequency Ratio revealed
a weight of 39% which is similar to the weights achieved in the case
of SVM-SI (38.8%). It can be noted the fact that in the present study,
as well as in the case of the previous two studies, the high and very
high values of flash-flood potential index are located in the central
part of Basca Chiojdului river catchment. It is also important to
note that the application of ROC Curve provides more accurate
results in the present study, in which the minimum AUC value of
Success Rate was 0.92 (SI), comparing to the 0.73 (Weights of Evi-
dence) that was obtained in the previous study performed by
Costache and Zaharia (2017). Moreover, the accurate results
achieved in the present study recommend the involvement of the
methods and the eight flash-flood conditioning in computation of
FFPI on other areas. In fact, these flash-flood predictors, which
can be considered relevant for FFPI determination, were used in
the past, together with others predictors, in order to assess the
flash-flood susceptibility on other areas. Thus, Costache (2019a)
tried to calculate the FFPI on Prahova river catchment (Romania)
through a number of 4 hybrid models resulted from the combina-
tion of LR and SVM models on the one hand with the Frequency
Ratio (FR) and Weights of Evidence (WoE) on the other hand. The
results obtained by Costache (2019a) revealed that the high and
very high FFPI values cover between 31% (SVM-WOoE) and 45%
(LR-WOoOE) of the study area. Instead the performances of the mod-
els, estimated through ROC Curve were slightly lower than the per-
formances achieved in the present research using also ROC Curve.
Many decision trees based models were used in other study by
Costache (2019c) in order to estimate the FFPI on Prahova river
catchment. In this case also the performances of the models in
terms of ROC Curve were slightly lower than the performance
achieved in the present research. The SI stand-alone model pro-
vides very good results in the assessment of flash-flood susceptibil-

ity on Haraz river catchment (Iran). Thus, Khosravi et al. (2016)
showed that SI stand-alone model can reach to an accuracy of
99.71% in terms of flash-flood susceptibility evaluation.

The use of such modern methods characterized by high accu-
racy in predicting areas potentially affected by flash-floods and
floods is of high importance in the context of predictions regarding
global climate change. Thus, in the future, an increase in the fre-
quency of flash-floods will be expected due to the changes in the
manifestation of rainfalls which will have a more pronounced tor-
rential character (Maghsood et al., 2019). It should be noted that
the magnitude of the flash-floods is expected to increase in the
future due to the deforestation activities that are carried out on
large areas in the mountainous area of Romania (Petrisor, 2015),
and also due to the extension of urbanized surfaces that causes
the conversion of more surfaces into impervious areas. The defor-
estation activities and the increase in the severity and frequency of
flash-floods will have a direct impact also in the woody and bed-
load transport which will be more actively in the future (Hooke,
2019). In Basca Chiojdului river catchment, the bedload transport
has a high influence on riverbed dynamics which can further influ-
ence the characteristics of floods and flash-floods (Murarescu et al.,
2012). During the flash-flood events, the sediment dynamics and
woody transport can be very dangerous for the buildings and
infrastructure elements which are affected by this phenomenon.
Therefore, it is very important, in the future research works, to
identify across the Basca Chiojdului river basin, those torrential
catchments which are susceptible to sediment and woody
transport.

5. Conclusions

Nowadays, a very important part of the researcher’s activity is
represented by the study of the flash-flood susceptibility. In the
present study, the flash-flood potential (FFPI) was calculated by
using one bivariate statistical method (SI) and other five ensembles
(LR-SI, CART-SI, MLP-SI, RAF-SI, SVM-SI). These models were
trained through a number of 8 flash-flood predictors along with a
sample representing the presence/absence of areas affected by tor-
rential phenomena. According to the applied algorithms, a percent-
age between 26.3% and 38.8% of the research zone is covered with
high and very high values of FFPI. The application of ROC Curve in
the results validation process, revealed that MLP-SI model has the
highest efficiency among the applied models (AUC = 0.94 - training
areas; AUC = 0.927 - validating areas).

As any other research, the results obtained in the present study
could be subject to errors and uncertainties due to certain factors
such as: possible errors occurred in the digitization of the areas
affected by torrential phenomena; errors that could occur due to
inexact spatial representation of flash-flood conditioning factors.

We can state that the main novelty of the present study is rep-
resented by the use of the five hybrid models to calculate the FFPI
values for a small river catchment.

In order to increase the accuracy of flash-flood forecast and
warning, the results of the present study could successfully be used
by the National Institute of Hydrology and Water Management
from Romania. In terms of policy implications, the results of the
present study can represent a useful tool for central and local
authorities which should prioritize the interventions in the areas
which are more susceptible to flash-floods occurrence than other
regions. These interventions could consist in measures taken
before flash-flood events, which are intended to reduce the suscep-
tibility to these hazards, and post flash-flood events, which should
refer to the increase of the resilience of the affected environment,
the restoration of the socio-economic elements affected and to the
help of the affected population. Interdiction of deforestation in the
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susceptible areas, by legislation changes, the afforestation and the
correct management of torrential areas are the most important
measures taken to reduce the flash-flood susceptibility.
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GRAPHICAL ABSTRACT

One of the first attempts to calculate
Flash-Flood Potential using hybrid
models

Areas affected by torrential phenomena
were considered into the analysis.

10 flash-flood conditioning factors were
selected based on statistical analysis.
Areas with high flash-flood susceptibil-
ity were identified.

By using three methods the results' val-
idation was carried out.
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An accurate assessment of Flash-Flood Potential for certain areas is mandatory for the improvement of flash-flood
forecast and warnings. The main aim of the present study is represented by the calculation of Flash-Flood Poten-
tial Index within the upper and the middle sector of Prahova river catchment (Romania) by using 4 hybrid
models: Logistic Regression-Frequency Ratio (LR-FR) model, Logistic Regression-Weights of Evidence (LR-
WOoE) model, Support Vector Machine-Frequency Ratio (SVM-FR) model and Support Vector Machine-Weights
of Evidence (SVM-WOoE). The identification of areas affected by torrential phenomena represents the first step
performed in the present research. These areas with a total surface of 260 km? were divided into training areas
(70%) and validating areas (30%). By the mean of Linear Support Vector Machine (LSVM) model, 10 flash-flood
conditioning factors were selected and further used for the Flash-Flood Potential assessment. Based on the spatial
relationship between areas affected by torrential phenomena and flash-floods conditioning factors characteris-
tics, the FR and WoE coefficients were calculated. In order to be integrated into Logistic Regression and Support
Vector Machine (RBF) analysis, these values were standardized. According to the results of the 4 hybrid models
used for FFPI calculation, the high and very high Flash-Flood Potential are spread over 33% of the study area. The
model performance assessment and results validation were carried out by the mean of the three different
methods: i) relative frequency distribution of torrential phenomena pixels within FFPI classes; ii) ROC Curve
(Success Rate and Prediction Rate) and AUC value; iii) statistical measures represented by Sensitivity, Specificity
and Accuracy.
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1. Introduction

Worldwide, many regions are frequently affected by water excess
related natural hazards. When these phenomena occur suddenly, they
become very dangerous for human communities. Flash-floods are natu-
ral phenomena characterized by a very high occurrence velocity. In the
last decades, climate changes led to an increase in the frequency and se-
verity of these phenomena. At the same time, the large damages gener-
ated annually by floods and flash-floods reveal the high vulnerability of
many regions to these widespread hazards (Costache and Zaharia,
2017). Given this situation, the study of flash-flood characteristics and
occurrence conditions, as well as the identification of flash-flood sus-
ceptible areas, occupies an increasingly important part in the natural
hazards research field. The most important components of an efficient
flash-flood forecast and warning system are represented by the rainfall
estimation based on radar data and flash-flood susceptibility assess-
ment for a certain area of interest. By analyzing the flash-flood suscep-
tibility, at the same rainfall intensity, for an area highly susceptible to
flash-flood occurrence, it can be decided to issue a flash-flood warning,
while for a less exposed area it can be decided to not issue a flash-flood
warning. European Flash-Flood Awareness System (EFAS) is the first
operational European system that provides flood warning, with a
flash-flood component (Bartholmes et al., 2009; Thielen et al., 2009).
Nonetheless, the flash-flood component of EFAS estimates the hazard
to these phenomena only based on rainfall data and river size catch-
ment. An accurate estimation of the possibility of flash-flood occurrence
in a given region requires, alongside with rainfall data, a detailed analy-
sis of the main flash-flood conditioning factors such as: slope angle, land
use, lithology, hydrological soil group etc. The identification and analysis
of the areas affected by torrential phenomena in the past is also recom-
mended for flash-flood susceptibility studies. According to other studies
focused on natural hazard research, the information regarding the past
events represent the key for predicting future events (Tehrany et al.,
2014; Cao et al,, 2016; Rahmati et al., 2016; Youssef et al., 2016a,
2016b). In this regard, in order to determine the susceptibility of certain
areas to different natural risk phenomena, different methods were pro-
posed: Weights of Evidence, Frequency Ratio, Logistic Regression, Sup-
port Vector Machine, artificial neural network, decision tree etc.
(Tehrany et al., 2013; Regmi et al., 2014; Demir et al., 2015; Youssef
et al., 2016a, 2016b; Khosravi et al., 2018; Le et al., 2018; Samanta
et al., 2018). The application of these models in the susceptibility re-
search has a positive effect in growing the objectivity of final results.

In order to increase the results quality, the integrated use of statisti-
cal techniques with those specific to machine learning field is recom-
mended (Goetz et al,, 2015; Althuwaynee et al., 2016). In order to
identify the surfaces with a high potential for flash-flood occurrence,
in the past studies Flash-Flood Potential Index (FFPI) was used (Davis,
2002; Kruzdlo and Ceru, 2010; Ceru, 2012; Pravalie & Costache;
Minea, 2013; Zaharia et al., 2015; Costache and Zaharia, 2017). The
main drawback of the methods applied in these studies is that the
models designed to estimate the flash-flood susceptibility do not con-
sider the location of the past events, the calculation of Flash-Flood Po-
tential Index being carried out by using a simple overlay process of
flash-flood conditioning factors in GIS environment (Wahid et al.,
2016; Shehata and Mizunaga, 2018). For this reason, we consider that
an analysis based on statistical methods and machine learning tech-
niques, which also takes into account the past events, is necessary. In
this type of research, the assessment of the model's performance and
the results validation process are also mandatory. Therefore, the main
purpose of the present paper is represented by the estimation of
Flash-Flood Potential across the upper and middle sector of Prahova
river catchment, Romania, by using four hybrid models: Logistic
Regression-Frequency Ratio (LR-FR) model, Logistic Regression-
Weights of Evidence (LR-WoE) model, Support Vector Machine-
Frequency Ratio (SVM-FR) model and Support Vector Machine-
Weights of Evidence (SVM-WOoE). The assessment of model

performance and results validation will be performed by the mean of
three methods: i) relative frequency distribution of torrential phenom-
ena pixels within FFPI classes; ii) ROC Curve (Success Rate and Predic-
tion Rate) and AUC value; iii) statistical measures represented by
Sensitivity, Specificity and Accuracy.

The results of present analysis could be successfully used in order to
improve the flash-flood forecast and warnings issued for regions located
within the study area.

2. Study area

The upper and the middle sector of Prahova river catchment are lo-
cated in the central-southern part of Romania (Fig. 1). These areas oc-
cupy 2600 km? and record altitudes ranging between 128 m a.s.l. and
2500 m as.l.

The study area is characterized by a variety of landforms. The drain-
age density values decrease from Carpathian sector (North) to
Subcarpathian sector (South), from over 0.7 km/km? to <0.5 km/km?.
The slope angle values range between 0° and 73° with a mean of
12.43°. Considering the total area of the upper and the middle sector
of Prahova river catchment, it is obvious that the mean slope value is
very high. The average value of afforestation coefficient of the study
area is around of 52%, while from the pedological point of view, the hy-
drological soil group A prevails (801 km?), followed by the hydrological
soil group B (727 km?) and the hydrological soil group D (682 km?).

Annual precipitation amount ranges between 600 and 1000 mm,
being considerably influenced by altitudes. The rainfalls have a torren-
tial regime, especially in May-July, when approximately 15% from the
total annual amount is recorded, leading often to flash-floods occur-
rence. According to Zaharia et al. (2017), the most important flash-
floods across the study area were recorded in the following years:
1970, 1975, 1998, 2001, 2002 and 2005 (Table 1). It is noteworthy the
fact that these events were recorded at the outlets of several catchments
with surfaces <100 km? which are most susceptible to flash-flood
occurrence.

As reported by the Ministry of Environment and Water Management
of Romania (MEHWM, 2006), the flash-floods events in 2005 caused
important damages within the study area, on many infrastructure ele-
ments as follows: 3000 houses and household annexes, 59 socio-
economic units, 490 bridges and culverts, approximately 5000 km of
roads and around 1500 ha of agricultural surfaces. The total economic
losses were estimated at 27 million euros (Zaharia et al., 2017).

From the economic point of view, the upper and the middle sector of
Prahova river catchment are one of the most developed regions from
Romania. The Carpathian region of the study area is well known for
the tourist activities. There are tourist centers such as Sinaia, Busteni,
Azuga and Predeal. According to the Romanian National Institute of Sta-
tistics (2018), in the study area is located 12 cities with 152,000 inhab-
itants. In terms of transport infrastructure, the study area is crossed by
the most circulated road from Romania with a continental importance
(European Road 60-E60). The railway infrastructure is also very well
represented within the study area.

Taking into the account the high population density, the economic
development and the past flash-floods events, we can assume the fact
that the study area has a high vulnerability to floods and flash-floods.

3. Materials and methods

Regarding the methodology developed in the present study,
geospatial data represented by Digital Elevation Model, the areas af-
fected by torrential phenomena, land use, hydrological soil groups and
lithology were exclusively used. The data sources will be mentioned
bellow.

The applied methodology is presented schematically in Fig. 2 and
consists of the following main steps: i) inventory and mapping of
areas affected by torrential phenomena; ii) flash-flood conditioning
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Fig. 1. Study area location in Romania.

factors selection using statistical methods; iii) integrated use of statisti-
cal techniques (Frequency Ratio and Weights of Evidence) with those
specific to machine learning field (Logistic Regression and Support Vec-
tor Machine) for estimating the Flash-Flood Potential Index (FFPI)
values within the study area.

3.1. Inventory and mapping of areas affected by torrential phenomena

In order to calculate the flash-flood susceptibility for a given region,
the identification of the areas affected by torrential phenomena in the
past is an essential step. Performing this stage is mandatory in the per-
spective of correct conclusions, regarding the relationship between en-
vironmental variables and natural risk phenomena. The inventory of
areas with torrential phenomena was carried out by using the

Table 1
The main flash-floods events within the study area (adapted after Zaharia et al., 2017).
River Gauging station ~ Catchment Qmax Date
surface (km?)  (m3/s)  (month/year)

Azuga Azuga 83 94 July 1975
924 September 2001
81.5 March 2007
74.6 July 1988
53.8 May 1984

Valea Cerbului  Busteni 26 62.3 June 2001
54.2 July 1988
24.7 August 1999
22.2 July 1969
222 June 1981

Slanic Varbilau 42 175 July 2002
158 July 1975
130 June 1998
127 August 2005
106 July 1979

Teleajen Cheia 41 85 August 1970
66.2 July 1975
57.8 July 1969
51.7 May 1984
46.4 June 1985

Qmax = peak flow of flash-flood event.

orthorectified aerial imagery provided by NACREA (2016), these sur-
faces being validated by field surveys. The areas affected by torrential
phenomena were considered those that are characterized by the unified
presence of torrential microform of relief such as ravines and gullies
which are generated by surface runoff (Costache and Zaharia, 2017)
(Fig. 3). The areas affected by torrential phenomena are spread on ap-
proximately 10% of the upper and middle sector of Prahova river catch-
ment. Therefore, a total number of 288,121 pixels were identified as
affected by torrentiality. 70% of areas affected by torrentiality were ran-
domly selected as training sample, while the other 30% were used for re-
sults validation. In order to be incorporated into the analysis, the areas
characterized by the presence of torrentiality were converted from
polygon format into raster format. The areas without torrential phe-
nomena were also converted in raster format. Value of 1 was assigned
to areas affected by torrentiality, while 0 was assigned to areas without
torrential phenomena.

3.2. Flash-flood conditioning factors

In some of the previous studies, a number of maximum 5 flash-flood
conditioning factors were considered for FFPI calculation (Brewster,
2009; Zaharia et al., 2012; Fontanine and Costache, 2013). In order to in-
crease the degree of accuracy of the final results, in this study, 10 factors
that influence the surface runoff, were included in the analysis. There-
fore, the following 10 environmental variables were considered: slope
angle, land use, lithology, hydrological soil group, convergence index,
topographic wetness index (TWI), topographic position index (TPI), as-
pect, plan curvature and profile curvature. A number of 7 morphometric
factors, from the total of 10, were derived from the Digital Elevation
Model retrieved from the SRTM, 30 databases (NASA Earth Data,
2018). Thus, the factors such as slope angle, aspect, profile curvature
and plan curvature were obtained in ArcGIS 10.5 software, while the
values of the other 3 factors (convergence index, tpi and twi) were cal-
culated in SAGA GIS 2.0.1 software. The cell size for raster of all the
above-mentioned factors was established at 30 m. Flash-flood condi-
tioning factors such as land use, lithology and hydrological soil group
were extracted from vector datasets. In order to be included in the
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Fig. 2. Flowchart of the methodology.

analysis, these factors were converted to raster format with the same
cell size as the morphometric factors.

Slope angle is considered the factor that has the most significant in-
fluence on surface runoff process (Costache et al., 2015; Tehrany et al.,
2015; Termeh et al.,, 2018). According to the international literature,
slope values were grouped into five classes as following: <3°, 3-7°,
7-15°,15-25°,>25° (Fig. 4a). Unlike low slope values that favor flooding
phenomenon, flash-floods are more likely in areas with high slopes
where surface runoff occurs. From the analyze of the frequency distribu-
tion of torrential areas within slope classes, it can be noted that approx-
imately 92% areas are spread on slopes higher than 15° (Fig. 6a). A
percent of 42% of study area is characterized by slopes ranging between
7° and 15°.

Land use is another flash-flood conditioning factor with a great influ-
ence on surface runoff process and consequently on flash-floods occur-
rence. In order to carry out the land use map for the study area, Corine
Land Cover database (EEA, 2006) was used. The forest is one of the

land use category with an essential hydrological role that diminishes
the runoff and minimize the possibility of flash-floods occurrence
(Calder, 2002; Carvalho-Santos et al., 2014; Costache et al., 2014;
Cojoc et al., 2015; Romanescu et al., 2018). Approximately 52% of the
upper and middle sector of Prahova river catchment is covered by for-
ests (Fig. 4b). Given the fact that, in the last decades, the deforestation
rate in Romania has rapidly intensified (Andronache et al., 2017) and
the forest coverage percentage at national level is around 30,2%
(Stancioiu et al., 2018), we can state that the afforestation percentage
of the study area is relatively high and has a significant role in reducing
the potential damages caused by flash-floods. The fact that around 5% of
the areas affected by torrential phenomena are located within forests'
perimeter is also remarkable (Fig. 6). The pastures and natural grass-
lands include the largest area affected by torrential phenomena - 70%
of the total torrential areas. Alongside with built-up areas, these land
use categories are characterized by the lowest values of Manning rough-
ness coefficients.
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Fig. 4. Flash-flood conditioning factors (a. Slope; b. Land use; c. Hydrological Soil Group; d. Lithology; e. Convergence index; f. Topographic Wetness Index).

Profile curvature is the morphometric factor that highlights the cur-
vature of surfaces in vertical plan on the slope direction (Duman et al.,
2006). Due to the influence on surface runoff velocity, this morphomet-
ric factor is very important for Flash-Flood Potential assessment. For the
study area the profile curvature values range between —8.2-9.7
(Fig. 5a). The negative values of this parameter highlight the areas
with accelerated runoff, while the positive values indicate the presence
of surfaces with low runoff velocity. Areas with torrential phenomena
are mainly distributed over negative values of profile curvature
(Fig. 7a).

Plan curvature is another morphometric factor that influences the
surface runoff. This parameter shows the contour line formed by the in-
tersection of a horizontal plane with the soil surface. In fact, its values
make the difference between the areas with divergent runoff and
those with convergent runoff. Plan curvature values ranging between
0.1 and 0.5 are distributed on approximately 50% of study area
(Fig. 5b). Most torrential phenomena are spread on positive values of
plan curvature (Fig. 7b).

The Aspect of slopes (Fig. 5b) has an indirect influence to flash-flood
occurrence by imposing a specific regime to soil humidity. For example,
on the shaded slopes, the soil moisture and therefore the water infiltra-
tion in the soil are diminished and the surface runoff becomes more in-
tense. During the winter, due to the long-lasting snow cover, shaded
slopes are less favorable to flash-flood occurrence, while during spring,
due to the snow melt process which is very intense on sunny slopes,
flash-floods are more likely to occur. In the present study, 20% of the
areas affected by torrential phenomena are located on the eastern
slopes (Fig. 7d).

The Topographic Position Index (TPI) is one of the factors derived in
SAGA GIS 2.0.1. The values of this morphometric index reflect the alti-
tude difference between a focused cell and the neighbor cells (Jenness,
2000). TPI values were grouped in five classes by using Natural Breaks
method, according to the classification procedure used by Costanzo
et al. (2012) (Fig. 5¢). The Natural Breaks method is highly recom-
mended for certain indicators with spatial distribution for which spe-
cific classes intervals were not established before, so that the similar
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values are best grouped and the differences between classes are maxi-
mized (Chen et al., 2013). The Over 40% of the study area is character-
ized by TPI values ranging between —0.8 and 0.1. Approximately 80%
of the areas affected by torrentiality are located within the surfaces
with positive values of TPI (Fig. 7c).

Topographic Wetness Index (TWI) values were calculated in SAGA
GIS 2.0.1 software, based on the following Eq. (1) (Moore et al., 1991):

TWI= In (%HB) )

where « is the cumulative up slope area draining through a point (per
unit contour length) and tan {3 is the slope angle at the point.

This index highlights the water accumulation tendency to a given
point of hydrographic basin. For the study area, TWI values range be-
tween —9.7-25 (Fig. 4f). The highest values are specific to valleys.
Around 35% of torrential areas are spread within the middle-class values
of TWI (8.5-12) (Fig. 6f).

The Lithology layer used in the present study was extracted from
Digital Geological Map of Romania, 1:200,000 (NGIR, 2002). By
influencing the pedological characteristics and also the water infiltra-
tion process, this factor has an important influence to surface runoff
(Pravalie and Costache, 2013). Across the upper and middle sector of
Prahova river catchment, a number of 12 rocks group were identified
(Fig. 5d). Marls, flysch and conglomerates cover the largest areas from
the study zone. Sand and gravels are specific to valleys perimeter. Al-
most 90% of the torrential areas are found on sedimentary rocks men-
tioned above.

According to the National Engineering Handbook (2007), hydrolog-
ical soil groups (Fig. 4c) were established for the study area. Over 60% of
torrential phenomena are located in areas characterized by the presence
of hydrological soil group B (Fig. 6¢).

Convergence Index is a morphometric factor which was used in pre-
vious flash-flood susceptibility studies (Zaharia et al., 2015). According

to the international literature, five classes were used in order to group
convergence index values (Costache and Zaharia, 2017) (Fig. 4e). Nega-
tive values highlight a high degree of hydrological network conver-
gence, while the positive values indicate the presence of interfluvial
zones. Around 50% of the areas affected by torrential phenomena are
spread over surfaces with positive values of convergence index (Fig. Ge).

3.3. Selection of flash-flood conditioning factors

In a study whose main purpose is the assessment of susceptibility to
a specific phenomenon, it is very important to analyze the factors which
influence the hazard and a carefully selection of these factors, based on a
statistical analysis, is also recommended. Due to the fact that the consid-
ered variables have a different influence on flash-flood occurrence the
factors selection process in the present study is mandatory.

In studies related to the estimation of susceptibility to different nat-
ural hazards the selection of conditioning factors is a widely used pro-
cess. Here are some of the many selection methods that have been
proposed in the literature: Gain Ratio (Pham et al., 2016a, 2016b; Bui
et al., 2012), consistency (Dash and Liu, 2003); Information Gain (Bui
et al., 2016a, 2016b), Symmetrical uncertainty (Senthamarai Kannan
and Ramaraj, 2010), fuzzy rough set (Dai and Xu, 2013); PSO-based fea-
ture selection (Ajit Krisshna et al.,, 2014), chi-square statistic (Chen et al.,
2009). In the present study, for flash-flood conditioning factors selec-
tion and for the assessment of their predictive capability, Linear Support
Vector Machine (LSVM) method, proposed for the first time by Guyon
and Elisseeff (2003), was employed. By using the results of LSVM
method, the irrelevant and unnecessary input variables could be re-
moved (Lin et al,, 2008; Bui et al., 2017).

By considering the training areas and using the Eq. (1), specific to
LSVM model, prediction capabilities of ten flash-flood conditioning fac-
tors were assessed (Eq. (2)):

f(x) = sign(w'*a+b), 2)
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where w' is the inverse matrix of weight matrix assigned in each land-
slide conditioning factor,a = (al, a2, ...,al1) is the vector of inputs that
contains eleven landslide conditioning factors, b is the offset from the
origin of the hyper-plane (Bui et al,, 2017).

According to Mladenic et al. (2004) an flash-flood conditioning factor
with a weight (w) value close to 0 has a smaller predictive capability than
other flash-flood conditioning factor with a higher weight (w) value.

a.Slope; b. Land use; c. Hydrological Soil Group; d. Lithology;

3.4. FFPI calculation method

In order to calculate FFPI values within the present study area, sev-
eral steps were followed.

Thus, in a first stage, for each factor class/category Frequency Ratio
(FR) and Weights of Evidence (WoE) weights were determined. The
weights value will be the results of the spatial relationships between
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Fig. 8. Optimally hyper-plane for a linearly separable data.

the areas affected by torrential phenomena and each factor class/cate-
gory. Once computed the FR and WoE weights for each factor class/cat-
egory, a new raster of flash-flood conditioning factors was created in GIS
environment. By incorporating the new rasters into the Logistic Regres-
sion (LR) and Support Vector Machine (SVM) analysis, FFPI values were
calculated across the study area.

3.4.1. Frequency Ratio (FR) model

FR is an easy to use and understanding bivariate statistical model
(Pradhan and Lee, 2009). The FR weights were assessed by applying
the ratio between the number of pixels with torrential phenomena in-
side a factor's class and the total number of pixels with torrential phe-
nomena over the whole study area (Eq. (3)) (Lee and Pradhan, 2007;
Youssef et al.,, 2015a, 2015b; Costache and Zaharia, 2017):

Np(LXi)
> i1 Np(LXi)

Np(Xi) 3
ZT:]NP(XD

FR =

where: FR-the Frequency Ratio of class i of factor j, Np(LXi) - the num-
ber of pixels with torrentiality within class i of factor variable X, Np(Xj)
is the number of pixels within factor variable Xj, m is the number of clas-
ses in the factor variable Xi, and n is the number of factors in the study
area.
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In order to estimate FR weights, the combination of each flash-flood
conditioning factor raster with the raster corresponding to areas af-
fected by torrential phenomena, was performed. The combination re-
sults in tabular format were imported in Excel 2016 and the calculus
was carried out. Once established, FR weights were assigned to each
corresponding factor class/category.

3.4.2. Weights of Evidence (WoE) model

WOE is a bivariate Bayesian statistical model widely used in studies re-
garding the assessment of natural hazards susceptibility (Youssef et al.,
20154, 2015b). This data-driven method developed initially for geological
studies (Agterberg, 1992; Bonham-Carter, 2002) was taken over by other
researchers and used in studies related to the analysis of susceptibility to
different hazards such as: landslides, flood and flash-flood (Kayastha
et al., 2012; Tehrany et al., 2014; Khosravi et al., 2016a.; Khosravi et al.,
2016b.; Rahmati et al., 2016; Youssef et al., 2016a, 2016b). By applying
WOoE method in the present study, the data was prepared to be incorpo-
rated in SVM and LR models for FFPI calculation. The WoE coefficients
values were estimated based on the relationship between the absence
and the presence of torrential areas, and each factor class/category. The
calculation of each coefficient value requires the computation of the pos-
itive weight (W™) and the negative weight (W ™). Positive weights reflect
the presence of areas affected by torrential phenomena while negative
weights show the absence of areas affected by torrential phenomena.
The following equations are used in order to compute the two types of

Torrential

areas

Fig. 9. Optimally hyper-plane for a non-linearly separable data using kernel function.
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Fig. 10. Prediction capability of the flash-flood conditioning factor.

weights (Bonham-Carter, 1994):

w+ — 1n TIB/S (4)
P{B/s}

and

w-— i B (5)
P{B/s}

where: W™ - positive weight, W™ - negative weight, P - the probability,
B - the presence of runoff predictive factor, B - the absence of a runoff pre-
dictive factor, S - the presence of torrentiality, S - the absence of
torrentiality.

The results of the combination process performed on the previous
point were used in order to implement the Egs. (4) and (5) in ArcGIS
10.5 software environment. Therefore, these two equations can be re-
written as (Van Westen et al., 2003):

and
Npix,
— . Npix; + Npix,
W~ = lninix‘1 (7)

Npix3 + Npix,

where: Npix; - number of pixels with torrentiality in the class; Npix,
number of pixels with torrentiality from outside of the class; Npixs -
number of pixels in the class without torrentiality; Npix, - number of
pixels without torrentiality from outside of the class; W+ - positive
weight, W™ - negative weight.

The factors' final weighting (Wf) was obtained with the formula
(Van Westen et al., 2002; Costache and Zaharia, 2017):

Wf = Wplus + W mintotal—Wwin, (8)

where: Wplus - positive weight of a class factor, Wmin - negative
weight of a class factor, Wmintotal - the total of all negative weights
in a multiclass map.

i Npix, i 3.4.3. Support Vector Machine (SVM)
W' = In Npix, + Npix, (6) Support Vector Machine (SVM) is a classification model based on
Npix; statistical learning theory, this method being applied both in classifica-
Npixz + Npixy tion and regression problems with large amount of data (Vapnik, 1995;
5
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Fig. 11. Frequency Ratio and Weights of Evidence coefficients value distribution within flash-flood conditioning factors classes/category.


Image of Fig. 10
Image of Fig. 11

1124 R. Costache / Science of the Total Environment 659 (2019) 1115-1134

25'4lll‘D‘E

Eﬂ‘DI’O“E ZG‘Z?U'E

45‘3::0'1«

45‘1.?‘0'"

Legend

[ ] Study area limit

FFPI LR - FR

I very low (-4.63 - -2.56)
[ Low (-2.55--1.34)

[ | Medium (-1.33 - -0.91)
[ High (-0.9--0.2)

T
45730°0°N

T
45"150°N

B Very high (-0.19 - 0.93)
25'4:J'D'E

25%400°E

45°00°N

T
450N

26°200°E

45“3?‘0'“

Legend

[ Study arca limit
FFPI LR - WoE

B very low (4.2 --2.4)
[ Low (-2.3--1.7)

[ ] Medium (-1.6 - -1)
[ uigh (-0.9 - -0.38)

=
45°30°0°N

T
45115TN

B Very high (-0.37-0.94) i

|
|
1
1)
500N

45°00°N

T
2500°E

T
B/BUTE

Fig. 12. Spatial distribution of FFPI values (a. FFPI LR-FR and b. FFPI LR-WOoE).

Hua and Sun, 2001; Pourghasemi et al., 2013). The main objective of the
algorithm is to identify a hyper-plane that optimally divides the training
data (Fig. 8). The closest data to the hyper-plane are called support
vectors and represent essential elements of training data. Once the

optimum surface of hyper-plane obtained, it can be used for classifying
the new data.

By adapting to the present study, we consider the pair (X; y;) cu x;
ER™ y;€{1,—1}and i = 1, ..., m, where X is a vector of the input
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space containing the slope angle, profile curvature, lithology, land use,
aspect, twi, tpi, convergence index, plan curvature and hydrological
soil group, while y represent the areas affected by torrential phenomena
when y = 1, and areas without torrential phenomena wheny = —1.In
a two-dimensional space, SVM algorithm seeks to solve the problems by
identifying a line which most efficiently separates the points inside the
positive class (areas affected by torrentiality) from those inside the neg-
ative class (areas without torrentiality).

If training data are linear separable, the hyper-plane is defined by
the following relation (Eq. (9)) (Bui et al., 2012):

y(W X +b)21-§;, 9

where w is a coefficient vector that determines the orientation of the
hyper plane in the feature space, b is the offset of the hyper plane
from the origin, and §; is the positive slack variables (Bui et al., 2012).

In order to find the optimally hyper-plane the following problem
need to be solved:

- 1
Mlmmlzezi":]oq—Ezsj:]aiajyiyj(xi,xj), (10)

Subject to Y_; ;ayy; = 0 0<i<C, (11)

where o are Lagrange multipliers, C is the penalty parameter that con-
trols the trade-off between the complexity of the decision function and
the number of training examples misclassified (Hong et al., 2016).

The function necessary for new data classification by using a linear
hyper-plane can be written as (Bui et al., 2012):

n
f(x) = sign <Z VigiX;, +b> . (12)
i1

In practice, there are many situations in which a non-linear separa-
ble hyper-plane is needed to be used, and therefore the original input
data may be transferred into a high-dimension feature space (Fig. 9).
In these cases when a nonlinear kernel function should be applied, the
Eq. (12) will be rewritten as follows (Kavzoglu et al., 2014):

f(x) = i(ai—ai*)l((xi,x) +Db, (13)

i=1

where ; and o are Lagrange multipliers (o > 0, o < C) and K(x;, X;) is
the kernel function.

The application of SVM model in the present study for FFPI cal-
culation has been facilitated through Weka Software v. 3.9.2 2, de-
veloped within The University of Waikato Hamilton, New Zealand.

From a total of 4 types of kernel functions usually used in SVM
models, Radial Basis Function is considered one of most efficient
in this type of research (Cherkassky and Mulier, 2007; Kavzoglu
et al,, 2014), and, therefore, was selected to be applied in the pres-
ent study also.

The mathematical representation of Radial Basis Function (RBF) is
reproduced below (Pourghasemi et al., 2013):

l((Xi,Xj) = (—y||Xi—Xj||)7'y>O, (14)

where 7y is the gamma term in the kernel function for all kernel types
except linear.

The accuracy of SVM model results depends both on the correct se-
lection of kernel function and on the estimation of C and -y (Tehrany
et al., 2015). Therefore, a careful determination of the 2 parameters is
required. According to Hong et al. (2015) a high value of C may lead
to over fit while a small value of C factor will lead to under fitting. One
of the most common methods used for estimating SVM parameters is
represented by the grid search method on C and <y by using cross-
validation (Kavzoglu and Colkesen, 2009; Chang and Lin, 2011). This
method was also applied in the present study, in which many pairs (C,
v) where tested until the pair with the best cross-validation parameters
was selected (C = 2.5,y =0.1).

Beside the SVM parameters (C, 7y), the input model data consisted of
the areas affected by torrential phenomena as well as flash-flood condi-
tioning factors with FR and WoE weights assigned for each class/
category.

3.4.4. Logistic Regression

A very popular multivariate statistical analysis method, the Logistic
Regression is used for analyzing the relationship between a dependent
binary variable (Y) and several independent variables (X;) which can
explain the spatial distribution of independent variable (Kavzoglu
etal, 2014). The dependent variable in the Logistic Regression is binary,
its two classes being characterized by the presence (1) or absence (0) of
the analyzed phenomenon. Depending on the spatial relationships be-
tween the phenomenon and the factors classes/categories, the Logistic
Regression model performs a spatial prediction of the susceptibility to
this phenomenon. In terms of independent variables within the Logistic
Regression model, both continuous data (slope angle, profile curvature,
plan curvature etc.) and discrete data (land use, lithology, hydrological
soil group) could be incorporated. In the present study, the value of 1
has been attributed to areas affected by torrential phenomena and a
value of 0 has been attributed to areas without torrential phenomena.
In order to be able to perform the analysis, the raster corresponding to
the binary variable will be combined in GIS environment with the ras-
ters associated with all flash-flood conditioning factors obtained after
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the application of FR and WoE models. Subsequently, the table associ- By using the following equation the generalized linear model of the
ated to the new resulted raster, will be exported in a format specific to Logistic Regression method can be calculated (Kavzoglu et al., 2014):
SPSS 21 software. By using SPSS 21, the weight of each independent var-

iable expressed by the value of the Logistic Regression coefficients will p= 1 (15)
be calculated. 1+e2’
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Fig. 15. Relative distribution of torrential pixels within FFPI classes (a. training dataset; b. validating dataset).

where p is the probability of an event. Z is a value from — to +, de-
fined by the following equation:

z =Dbg + byXy + byxy + ... + bpXnp, (16)

where by is the intercept of the model, the b; (i =0, 1, 2, ..., n) are the
slope coefficients of the Logistic Regression model, and the x; (i =0, 1,
2, ..., n) are the independent variables (Lee and Sambath, 2006).

Due to the fact that Logistic Regression model is sensitive to collin-
earities among the independent variables, the multicollinearity analysis
is mandatory (Hosmer and Lemeshow, 1989). In the present study, by
using SPSS 21 software, Tolerance (TOL) and Variance Inflation Factor

(VIF), which are two of the most important indicators of a possible
multicollinearity among the independent variables, will be calculated.
Values <0.2 of TOL indicate the possibility of multicollinearity existence,
as well as in case of values higher than 4 of VIF (Menard, 1995; Dou
et al., 2018).

3.5. Results validation and model performance assessment

3.5.1. Relative distribution of training and validating areas within FFPI
classes

Relative distribution of training and validating areas within FFPI
classes was the first method used for results validation and for
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Fig. 16. ROC curves with associated AUC values computed from training samples (a. Success Rate) and validation samples (b. Prediction Rate).

assessment of the model performance. Training areas were considered
in order to assess the model performance, while validating areas were
used for results validation. This method is widely used within the stud-
ies regarding the assessment of susceptibility to different natural haz-
ards (Hong et al., 2018a, 2018b). A good efficiency of the models is
highlighted by a consistent presence of areas with torrential phenom-
ena inside the High and Very High values of FFPI

3.5.2. Receiver operating characteristics (ROC)

The second method used for assessing the model performance and
results validation is represented by the ROC Curve and AUC (Area
Under Curve). ROC Curve is mainly used to judge the discrimination
ability of the statistical models that combine different test results for
predictive purposes (Hanley and McNeil, 1982). This method describes
the capacity of a system to correctly predict the occurrence of an event.
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By the mean of ROC Curve, the connection/trade-off between sensitivity
and specificity is represented in a graphical way. Therefore, the ROC
Curve graphic can be constructed by representing sensitivity on Y axis
and specificity on X axis (Chen et al., 2018). This graphic model is widely
used in order to assess the performance of the various methods applied
in the analysis of the surfaces susceptibility to natural hazards (Youssef
et al,, 2015a, 2015b; Bui et al., 2016a, 2016b; Chapi et al., 2017; Termeh
et al,, 2018). The effectiveness measure of a model is given by the AUC
value. The closer value gets to 1, the better the model is (Pallant, 2013).

The equation underlying the AUC calculation has the following form
(Hong et al., 2018a.):

(TP + 3 TN)
AUC = BT (17)
where TP (true positive) and TN (true negative) are number of pixels
that are correctly classified, P is the total number of pixels with torren-
tial phenomena and N is the total number of pixels without torrential
phenomena.
The success rate, constructed by the mean of training areas, will as-
sess the models performance, while prediction rate constructed by the
mean of the validating areas will be used to validate the results.

3.5.3. Statistical measures

In the susceptibility studies that incorporate into the analysis the
presence and absence of the phenomenon, the model assessment and
results validation through statistical method has a crucial role (Hong
et al., 2018a). In the present research, specificity and accuracy, were
used as statistical indices. In the previous studies, these parameters
were especially used in landslide susceptibility models assessment
(Bui et al., 20164, 2016b; Chen et al., 2017; Chen et al., 2018). By the
mean of the following equations, the three indicators were calculated:

Sensitivity = TPE-—PFN’ (18)

Specificity = FPE—%’ (19)
TP + TN

ACCURACY = 15 B TN + FN” (20)

where FP (false positive) and FN (false negative) are the numbers of
pixels erroneously classified.

4. Results and discussion
4.1. Predictive capability of flash-flood conditioning factors

By applying LSVM method, described at Section 3.3, the predictive
capability for each flash-flood conditioning factors, expressed as Aver-
age Merit (AM) values, was determined (Fig. 10).

As it can be observed in Fig. 10, slope angle has the highest predictive
capability with an AM value of 9.4. The result agrees with other research
papers that consider the slope angle as the factor with the highest influ-
ence on surface runoff process (Tehrany et al.,, 2015; Dai et al., 2017;
Abdulkareem et al., 2018).

On the next position, in terms of predictive capability, is land use fac-
tor with an AM value of 8.9. This is explained by the fact that the large
variety of land use types generates very different surface runoff behav-
iors in a given area (Niehoff et al., 2002; Hundecha and Bardossy, 2004).

Considering the AM values, land use factor is followed by the profile
curvature (AM = 8.6), lithology (AM = 6.7), plan curvature (AM =
6.5), twi (AM = 5.7), hydrological soil group (AM = 5.4), convergence
index (AM = 4.7), tpi (AM = 3.9) and aspect (AM = 3.1).

As it can be seen, the AM values of flash-flood conditioning factors
range between 3.1 and 9.4. Even if the AM value specific to slope

angle, exceeds about 3 times the AM value of aspect, all 10 variables ini-
tially considered in the present study show a significant contribution to
the flash-flood occurrence and therefore will be further included into
the analysis.

4.2. Application of hybrid models LR-FR and LR-WoE

According to the methodological approach described at Section 3.4,
in a first stage of the workflow FR and WoE coefficients were estimated
for each factor class/category. A total number of 61 values were
established for both FR and WoE coefficients. Minimum and maximum
FR values in the entire dataset were estimated for two land use catego-
ries. The Natural Grasslands category is the most favorable to flash-flood
occurrence (FR = 2.13), while Forest surfaces represent the most re-
strictive category for this phenomenon (FR = —2.86) (Fig. 11). The sur-
faces with slopes exceeding 25° have also a high potential for flash-flood
occurrence (FR = 1.07).

A similar situation is also applicable to Weights of Evidence coeffi-
cients, the maximum value being assigned to Natural Grassland (WoE
= 5.17), followed by Moors and Heatland (WoE = 3.36), Transitional
wood-land shrub (WoE = 1.71) and slopes higher than 25 ° (WoE =
1.51). It is also noted that forest areas are characterized by the smallest
WOoE coefficient value (—3.8) (Table 2).

In order to be included in the Logistic Regression and Support Vector
Machine models, FR and WoE coefficient were standardized, in range
0.1-0.9, by using the following equation (Pradhan and Lee, 2010):

y="% ming;(fd()im;(i?l)(;) ] (21)

where: y - standardized value of x; X - current value of variable; d -
range value limits; n - standardization range limits.

The multicollinearity analysis was performed before the application
of Logistic Regression model. The results of the analysis show that there
is no serious multicollinearity between flash-flood conditioning factors.
The lowest value of TOL belongs to Slope factor (0.87), while the Aspect
(0.99) recorded the highest value (Table 3). In terms of VIF values the
situation has reversed, Aspect (1.01) having the lowest value, while
Slope (1.15) recorded the highest value (Table 2).

Further, by integrating FR and WoE values into the Logistic Regres-
sion model, the FFPI g g and FFPI g wor Values were computed. Follow-
ing the analysis performed in SPSS 21, Logistic Regression coefficients
for the both two applied models (LR-FR and LR-WOoE), were calculated.
In terms of FFPI g_rg computing equation, the highest value of LR coeffi-
cients (0.2) was attributed to slope factor, followed by lithology (0.19),
aspect (0.152), land use (0.11), twi (0.031), hydrological soil group
(0.024), profile curvature (0.017), plan curvature (0.006), tpi
(—0.005) and convergence index (—0.045). The equation underlying
the FFPI g gr calculation has the following form:

Zpg = 0.2" [Slope] + 0.19" [Lithology] + 0.152" [Aspect] + 0.11" [Land use]
+0.031" [TWI] + 0.024" [HSG] + 0.017" [Profile curvature]
+0.006" [Plan curvature]—0.005" [TPI]—0.045" [Convergence Index]
—4.347
(22)

Regarding the FFPI g wor computation, the highest value of 3 calcu-
lated by Logistic Regression model was assigned to lithology factor
(0.189), followed by slope (0.149), aspect (0.127), land use (0.113),
twi (0.041), hydrological soil group (0.02), profile curvature (0.015),
plan curvature (0.005), tpi (—0.011) and convergence index
(—0.037).
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Table 2
Standardized classes FR and WoE values of flash-flood conditioning factors.

Factor Class FR coefficients FR standardized coefficients WoOE coefficients WOoE standardized coefficients
Slope <3° —1.93 0.10 —2.15 0.10
3-7° —0.58 0.46 —0.71 0.42
7-15° —0.24 0.55 —0.43 0.48
15-25° 0.35 0.71 0.58 0.70
>25° 1.07 0.90 1.51 0.90
TPI (—20)-(—3.8) 0.54 0.90 0.66 0.88
(=3.7)-(—1.1) 0.11 0.48 0.15 0.53
(—1)-13 —0.27 0.10 —0.50 0.10
1.4-4.5 0.01 0.38 0.01 0.45
4.6-20 0.52 0.87 0.69 0.90
TWI —9.7-4.5 0.05 0.90 —0.01 0.80
4.6-8.4 0.01 0.83 0.08 0.90
8.5-12 0.05 0.90 —0.08 0.71
13-15 —0.06 0.76 —0.59 0.10
16-25 —0.53 0.10 0.07 0.89
Landuse Built-up areas —1.68 0.29 —1.86 0.27
Agriculture zone —1.26 0.36 —1.44 0.31
Vineyards —0.49 0.48 —0.53 0.39
Fruit trees —0.50 0.48 —0.59 0.39
Pastures 0.75 0.68 0.97 0.53
Forest —2.86 0.10 —3.80 0.10
Natural grassland 213 0.90 5.17 0.90
Moors and heatland 1.97 0.87 3.36 0.74
Transitional woodland-shrub 1.26 0.76 1.71 0.59
Water bodies —2.05 0.23 —2.16 0.25
Lithology 1 0.44 0.90 0.76 0.90
2 —1.42 0.40 —1.53 0.37
3 —2.56 0.10 —2.67 0.10
4 0.10 0.81 0.12 0.75
5 0.01 0.78 0.01 0.72
6 —0.40 0.68 —0.44 0.62
7 —0.82 0.56 —0.89 0.51
8 0.37 0.88 0.65 0.87
9 —0.38 0.68 —0.48 0.61
10 —1.90 0.28 —2.26 0.20
11 0.01 0.78 0.01 0.72
12 0.01 0.78 0.01 0.72
Profile curvature —8.2-0 0.08 0.36 0.18 0.53
0-0.9 —0.09 0.1 —0.19 0.10
0.9-9.7 0.42 0.9 0.49 0.90
Plan curvature —11.8-0 0.08 0.36 0.22 0.67
0.1-0.5 —0.09 0.1 —0.41 0.10
0.6-8.5 0.42 0.9 0.47 0.90
Aspect Flat surfaces —2.27 0.10 —2.37 0.10
North —0.20 0.76 —0.24 0.74
North-East 0.06 0.84 0.07 0.83
East 0.23 0.90 0.32 0.90
South-East 0.18 0.88 0.04 0.82
South 0.07 0.85 0.09 0.83
South-West —0.01 0.82 —0.02 0.80
West —0.34 0.72 —0.42 0.68
North-East —0.40 0.70 —0.47 0.67
Convergence index 0-95 —0.05 0.10 —0.07 0.10
(-=1)-0 0.05 0.90 0.07 0.89
(—2)-(—1) 0.06 0.90 0.07 0.90
(—3)-(—-2) 0.03 0.67 0.03 0.69
(—96)-(—3) 0.01 0.48 0.01 0.50
HGS A 0.00 0.58 0.01 0.48
B 0.41 0.90 1.04 0.90
C —0.60 0.10 —0.93 0.10
D —0.27 0.36 —0.35 0.34

Thus, the FFPI g wor computation equation has the following form:

Zwor = 0.149" [Slope] + 0.189" [Lithology] + 0.127" [Aspect]
+0.113" [Land use] + 0.041" [TWI] + 0.02" [HSG]
+0.015" [Profile curvature] + 0.005 [Plan curvature|—
+0.011" [TPI]—0.037" [Convergence Index]—4.682 (23)

In order to find out the statistical significance of 3 coefficients assigned
to each flash-flood conditioning factor considered into Logistic Regression
analysis, Wald x? statistical test was employed. The Wald x? values in-
crease with significance of 3 coefficients (Kavzoglu et al., 2014). Among

the variables considered, slope is the most effective flash-flood condition-
ing factor (Waldgr = 43.285, Waldywog = 29.75), while aspect is the less
effective (Wladgg = 4.482, Waldwg = 2.521) (Table 4).

FFPligrr and FFPIg.wor Were calculated and mapped by
implementing the Logistic Regression Eqs. (22) and (23) in the Map Al-
gebra tool from ArcGIS 10.5 software.

The resulting FFPI _pg values for the upper and middle sector of
Prahova river catchment range from (—4.63) to 0.93, and were grouped
in 5 classes, by using the Natural Breaks classification method (Fig. 12a).
The areas with very low values of Flash-Flood Potential are located espe-
cially in the southern part of study area. These surfaces are spread on
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Table 3
The multicollinearity analysis for independent variables.

Variables Collinearity statistics
TOL VIF

Aspect 0.99 1.01
Convergence index 0.94 1.06
Land use 0.97 1.03
Lithology 0.89 1.12
Slope 0.87 1.15
Plan curvature 0.97 1.03
Profile curvature 0.98 1.02
TWI 0.95 1.05
HSG 0.94 1.07
TPI 0.93 1.08

approximately 10% of the upper and middle sector of Prahova river
catchment being characterized by FFPIig pr values ranging from
(—4.63) to (—2.56). The second FFPI g gr value class ranges between
(—2.55) and (—1.34) and totals 28% of the study area. Within these
areas the potential of flash-flood occurrence is low, these phenomena
being possible in case of very heavy rainfall. The surfaces included in
the second FFPI;_gr class of values are located only in the southern
half of the research area. The FFPI k g class value corresponding to the
medium Flash-Flood Potential ranges between (—1.33) and (—0.91)
and is spread on a quarter of study area. The high and very high
FFPI;r_rr Values, ranging from (—0.9) to 0.93, are located in the moun-
tain sector of the northern part of study area, and occur mainly on slopes
higher than 15° that characterize the areas with Naturals grasslands.
Within these areas, that cover approximately 38% of study area, the
main touristic mountain resorts from Romania are located (Sinaia,
Busteni, Azuga, Predeal).

By applying the LR-WoE hybrid model FFPI g wog, Values ranging be-
tween (—4.2) and 0.94, were calculated and mapped. The resulting
values were grouped in five classes by the Natural Breaks classification
method. The first FFPI g wog value class (very low) ranges from (—4.2)
to (—2.4) and covers about 14% of study area. Similar to FFPIjg_gg,
these surfaces are present especially in the southern part of the upper
and middle sector of Prahova river basin. The areas that belong to low
Flash-Flood Potential are present on approximately 15% of the study
area, being spread as fragmented surfaces in the southern half of re-
search area. Medium values of FFPI; g wo included in the range between
(—1.6) and (—1), are spatially distributed on 26% of study area. These
values are mainly located, as compact surfaces, in the central part of re-
search area and, in a fragmented manner, in the northern part. FFPI 5
wok Values higher than (—0.9), highlighting the surfaces with high
and very high Flash-Flood Potential, are spread on 45% of study area,
and are located especially in the Carpathian region.

Table 4

The outputs of the Logistic Regression model.
Factor B Std. error Wald x?

FR WoE FR WoE FR WoE

Slope 0.200 0.149 0.003 0.003 43.285 29.75
TPI —0.005 —0.011 0.002 0.002 15.23 11.13
TWI 0.031 0.041 0.004 0.004 7.714 11.26
Land use 0.110 0.113 0.002 0.005 33.22 27.77
Lithology 0.190 0.189 0.003 0.002 12.08 14.20
Profile curvature 0.017 0.015 0.004  0.003 4.789 2.819
Plan curvature 0.006 0.005 0.002 0.004 6.980 6.655
Aspect 0.152 0.127 0.006 0.002 7.063 4.967
Convergence index —0.045 —0.037 0.002  0.004 4482 2.521
HGS 0.024 0.020 0.002 0.003 2.241 12.26

4.3. Application of hybrid models SVM-FR and SVM-WoE

As in the case of Logistic Regression analysis, FR and WoE coefficients
values, established for flash-flood conditioning factors, were incorpo-
rated into the SVM modeling. The estimation of the values of the two
SVM essential parameters (C = 2.5, v = 0.1) offered the possibility to
calculate the weights held by each flash-flood conditioning factor in
the FFPIsynm_pr and FFPIsynwor cOmputation process. The value estima-
tion of the two SVM parameters (C = 2.5, y = 0.1), gave the possibility
to derive the weights held by each flash-flood conditioning factor in the
FFPIsyn.rr and FFPIsynv-wor computation process (Fig. 13). According to
the results of SVM-FR model, the highest importance is assigned to
slope angle (18%), followed by lithology (16.1%), land use (13.7%), hy-
drological soil group (9.4%), convergence index (8.5%), plan curvature
(7.9%), twi (7.8%), aspect (3.4%) and tpi (2.5%). Further, in the case of
SVM-WOoE, the hierarchy of the most important factors is unchanged,
slope angle being the most important (17.3%), followed by lithology
(14.9%), land use (14.1%), profile curvature (11.2%), hydrological soil
group (10.3%), plan curvature (8.6%), twi (8.4%), convergence index
(8.1%), tpi (4.6%) and aspect (4.6%) (Fig. 13).

By considering the weights of flash-flood conditioning factors re-
sulted after the application of SVM model, a weighted sum operation
in GIS environment was performed in order to compute FFPIsynm_rr
and FFPIsym-woE rasters.

FFPIsym-pr Values ranging between 1.3 and 8.8 (Fig. 14a) were
grouped in 5 classes by using the Natural Breaks classification method.
The lowest FFPIsy\rr Values cover approximately 14% of the study
area and range between 1.3 and 3.84. The second FFPlsyy_rr Value
class, which highlights a low Flash-Flood Potential is mainly presented
in the southern region of research area being spread on around 21% of
upper and middle sector of Prahova river catchment. The largest part
of the study area, around 33%, is occupied by the medium values of
FFPIsym-pr. The areas with high and very high flash-flood (FFPlIsym-rr
> 5.39) potential cover nearly 32% of the research area and are mainly
located in the Carpathian region.

In the case of FFPIsynwor, the spatial distribution of the five Flash-
Flood Potential classes is largely similar to the FFPIsy_r. Nonetheless,
there are some differences in terms of value range limits and regarding
the weights of each value class. Therefore, FFPIsyp.wor Values range
from 1.25 to 10.32 (Fig. 14a). The areas with very low Flash-Flood Po-
tential, ranging between 1.25 and 3.28, occupy about 17% of research
area. The FFPIsyn.wor Second value class is spread on approximately
27% of study area, while the medium value class covers a quarter of
the total surface of the upper and middle sector of Prahova river catch-
ment. Around 31% of study area presents a high and very high potential
to flash-flood occurrence.

It can be observed that the high and very high values of FFPIsyn.rr
and FFPIsym-wor have a more compact spatial distribution than those
obtained by the FFPI g gr and FFPI; g wor cOmputation.

4.4. Results validation and accuracy assessment

In Fig. 15a and b the relative distribution of torrential areas pixels,
within the FFPI classes for each of the 4-hybrid model applied, is repre-
sented. This method quantifies the measure in which the areas affected
by torrential phenomena overlap the surfaces with high and very high
Flash-Flood Potential. In the present study, the percentage of training
areas that are located within areas with high and very Flash-Flood Po-
tential, ranges between 79.04% (FFPI z-wor) and 84.21% (FFPI g_gr)
(Fig. 15a). In terms of validating areas, the highest percentage is held
by FFPIsynv-wok (82.91%) while FFPI; g gk (79.48%) is on the last position.
It can be observed that there are small differences between the models
in terms of percentage of torrential areas located within the high and
very high FFPI value classes. Therefore, from this point of view, the
models present a high accuracy of the results as well as a high efficiency
of the way in which the results were grouped into five value classes.
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Table 5
ROC Curve parameters using training dataset for success rate and prediction rate.

Models Training dataset Validating dataset

95% confidence interval 95% confidence interval

AUC  SE. Lower

bound

Lower
bound

Upper AUC SE.
bound

Upper
bound

FFPI LR-FR 0.888 0.023 0849 0.927 0901 0.021 086 0.941

FFPILR-WoE ~ 0.885 0.021 0.846 0.924 0904 0.021 0.863 0.945

FFPISVM-FR  0.887 0.022 0.848 0.926 0.876 0.023 0.831 0.921

FFPI 0.883 0.020 0.844 0.922 0.875 0.023 0.830 0.921
SVM-WoE

The second method designed for the model performance assessment
and results validation is represented by the ROC Curve for which both
Success Rate and Prediction Rate were constructed. In order to graphi-
cally represent ROC Curve and to calculate the AUC, the values of the 4
FFPI and the number of pixels with torrentiality (training data and val-
idating data) were used. The parameters represented by 95% - Confi-
dence Interval and Standard Error, were determined as well (Table 5).

In terms of Success Rate, designed by using training areas, the highest
AUC value belongs to LR-FR hybrid model (0.888), followed by SVM-FR
(AUC = 0.887), LR-WoE (AUC = 0.885) and SVM-WoE (AUC = 0.883)
(Fig. 16a). In the case of Prediction Rate, the highest AUC value was
assigned to LR-WoE hybrid model (0.904), followed by LR-FR (AUC =
0.901), SVM-FR (AUC = 0.876) and SVM-WoE (AUC = 0.875) (Fig. 16b).

AUC values for both Success Rate and Prediction Rate indicate a high
performance of the models applied as well as a good accuracy of the re-
sults obtained.

The third stage in results validation and model performance assess-
ment process consists of the estimation of several statistical indices.

By using the training dataset, the best performance in terms of the
classification of pixels with torrential phenomena was established for
LR-FR model (sensitivity = 0.719), followed by SVM-FR (sensitivity =
0.719), SVM-WoE (sensitivity = 0.713) and LR-WoE (sensitivity =
0.700). Regarding the classification of pixels without torrential phe-
nomena, the best performance was associated to SVM-FR (specificity
= 0.825) model, followed by LR-WOoE (specificity = 0.821), SVM-WoE
(specificity = 0.820) and LR-FR (specificity = 0.789) (Table 5). The
highest value of accuracy was obtained by SVM-FR model (0.724),
followed by SVM-WOoE (0.723), LR-FR (0.721) and LR-WOoE (0.708).

The use of validating dataset highlights the SVM-WOE (sensitivity =
0.78) as the model with the best performance regarding the classifica-
tion of pixels corresponding to torrential phenomena. On the following
positions, there are the models: SVM-FR (sensitivity = 0.77), LR-FR
(sensitivity = 0.742) and LR-WoE (sensitivity = 0.723). For pixels
without torrential phenomena the best classification was performed
by SVM-FR (specificity = 0.825) model, followed by LR-WoE
(specificity = 0.821), SVM-WOoE (specificity = 0.820) and LR-FR
(specificity = 0.789). The highest results accuracy was attributed to

SVM-WoE (0.801) model, followed by SVM-FR (0.797), LR-WoE
(0.772) and LR-FR (0.766) (Table 6).

5. Conclusions

In the context of rapid increase of flash-floods frequency, the activity
represented by the identification of areas susceptible to these phenom-
ena becomes very important, being, at the same time, the central subject
of many research papers from the international literature. In order to in-
crease the accuracy of flash-flood forecasts and warnings, the assess-
ment of areas susceptible to these phenomena, is an essential step.
The use of new statistical and machine learning techniques and espe-
cially combining them, in order to obtain hybrid models, leads to a sig-
nificant increase in the accuracy of the results obtained. In the present
study, the potential for flash-floods occurrence was calculated by inte-
grating 10 flash-flood conditioning factors into a 4 hybrid models (LR-
FR, LR-WOoE, SVM-FR and SVM-WoE). The importance of the present
study is also given by the high development degree of the research
area, the upper and middle sectors of Prahova river catchment being
the main tourist areas of Romania and one of the most important indus-
trial regions of the country. An attempt to determine FFPI values across
the study area was performed by Zaharia et al. (2017). In order to carry
out the analysis, the authors of the mentioned study didn't consider the
presence of the areas previously affected by torrential phenomena, FFPI
values being calculated by using a simple overlapping of the flash-floods
conditioning factors in GIS environment. The authors conclude that 35%
of study area is characterized by a high and very high Flash-Flood Poten-
tial, this percentage being close to those obtained in the present study
by applying the following models SVM-WOoE (31%), SVM-WOoE (32%)
and LR-FR (38%). Instead, by applying the LR-WoE model, 45% of
study area resulted to be affected by a high and very high Flash-Flood
Potential.

The great advantage of this study is given by the possibility to test
the performance of the applied models and to validate the results ob-
tained, through several methods. In this regard, three methods were
employed for the present analysis. Thus, by performing the relative dis-
tribution of torrential pixels within FFPI classes, FR-LR was highlighted
to be the most effective model in terms of FFPI value classification,
while SVM-WOoE was indicated as the best model regarding the accu-
racy of the results. In case of Success Rate constructed by mean of ROC
Curve procedure, LR-FR model (AUC = 0.888) was the most effective,
while LR-WoE model (AUC = 0.904) was the most effective in terms
of Prediction Rate. The results of the third method used highlight the
SVM-FR (accuracy = 0.724) for training areas and the SVM-WoE
(accuracy = 0.801) for validating areas as being the most accurate
models.

The possibility to evaluate the applied models performance as well
as to validate the obtained results, by considering the surfaces previ-
ously affected by torrential phenomena gives a high degree of objectiv-
ity for the present study comparing to others.

Table 6

Model performance using training and validating datasets.
Parameters FFPI LR-FR FFPI LR-WOoE FFPI SVM-FR FFPI SVM-WoE

Training Validating Training Validating Training Validating Training Validating

True positive 141,830 62,298 136,997 62,547 139,873 64,578 137,293 65,372
True negative 139,853 66,543 135,901 70,320 137,853 69,224 136,534 71,349
False positive 55,232 17,767 53,784 15,336 50,983 14,678 49,832 15,672
False negative 53,987 21,678 58,654 23,987 54,783 19,335 55,231 18,394
Sensitivity 0.724 0.742 0.700 0.723 0.719 0.770 0.713 0.780
Specificity 0.717 0.789 0.716 0.821 0.730 0.825 0.733 0.820
Accuracy 0.721 0.766 0.708 0.772 0.724 0.797 0.723 0.801
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As in any other research work, the results of the present study are
subject to errors mainly due to the errors occurred in the delineation
process of the areas affected by torrential phenomena and the errors oc-
curred in the spatial representation of flash-flood conditioning factors.

In order to issue flash-flood forecast and warning, the results of the
present research could be successfully used by the National Institute
of Hydrology and Water Management from Romania.
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Abstract

Flash-floods are among the natural risk phenomena that annually cause important material damages and losses of human
lives worldwide. One of the main activities for mitigating the negative effects of these phenomena consist of the identi-
fication and spatial representation of the surfaces prone to surface runoff occurrence. Flash-Flood Potential Index (FFPI) is
the common method used to assess the degree of susceptibility to flash-floods of a certain surface. The main drawback of
the aforementioned method is represented by the fact that, in the majority of the studies, the geographical factors
considered for FFPI calculation received equal weights, even if they do not influence in the same measure the surface
runoff process. Moreover, within the methodologies developed in the previous studies, the areas affected by torrential
phenomena have not been considered for FFPI computation. To address these shortcomings, in the present study, FFPI
values are estimated by using a number of 4 stand-alone models (Alternating Decision Tree (ADT), Rotation Forest,
Weights of Evidence (WOE), Logistic Model Tree) and 3 hybrid models generated by the integration of WOE model with
each of the other decision tree-based algorithms. The first stage of the study consisted of the inventory of the areas where
torrential phenomena occurred in the past, 70% of them being included in the training sample, while the others 30% in the
validating sample. Further, 12 flash-flood conditioning factors, selected through the correlation-based feature selection
algorithm, were used to train the 7 models applied for FFPI calculation. The results of the 7 models revealed that the
surfaces with a high and very high flash-flood susceptibility occupy between 23.3 and 43.7% of the entire study zone. The
ROC Curve method was involved in the models performance assessment and in the results validation procedure. From this
point of view, the best results were obtained by the ADT-WOE hybrid model.

Keywords FFPI - Weights of evidence - Decision trees models - Prahova river catchment - Hybrid integration

1 Introduction

During the last years, the studies whose main aim was the
evaluation of susceptibility to different natural disasters
have increased both in number and complexity. Moreover,
there is also an increase in the number of modern methods
used for this purpose. In terms of susceptibility assessment,
the most studied phenomena are: floods, flash-floods and
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landslides (Lee 2005; Yesilnacar and Topal 2005; Pradhan
and Youssef 2011; Tehrany et al. 2015; Khosravi et al.
2016; Youssef et al. 2016). Floods and flash-floods are one
of the most widespread risk phenomena, causing the most
economic damage and loss of human life (Glas et al. 2017,
Arrighi et al. 2018). In this context, the measures taken to
prevent and mitigate the negative effects of these phe-
nomena on human communities are extremely important.
Many non-structural measures adopted in emergency situ-
ations are based on the flash-flood forecasting and early
warning activity. The previous assessment of areas sus-
ceptible to these phenomena is extremely important for the
flash-flood warning activity. In the literature, the flash-
flood susceptibility or severity was evaluated by using
several indices such as: Flash-Flood Potential Index (FFPI)
(Smith 2003), Flashiness (Saharia et al. 2017) or Flash-
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Flood Guidance (FFG) (Georgakakos 2006). Generally, the
assessment of flash-flood susceptibility through FFPI
method is performed in GIS environment by overlapping
several physiographic factors that influence the surface
runoff intensity. The FFPI results are qualitative, in raster
format, the highest values indicating the areas prone to
flash-flood occurrence. The Flashiness index method esti-
mates the severity of rapid floods based on the difference
between the peak discharge and action stage discharge
normalized by the flooding rise time and catchment area
(Saharia et al. 2017). Thus, the initial results of Flashiness
method are estimated individually for each gauging station,
being then extrapolated for a given zone, in format raster,
by correlating the initial Flashiness values with those of
several factors such as slope index, curve number or mean
annual precipitation. Therefore, the quality of the results
provided by Flashiness method will depend on the gauging
stations density, discharge measurements accuracy and the
spatial resolution of the conditioning factors, unlike FFPI
results whose accuracy is influenced only by the spatial
resolution of the geographical factors. FFG method esti-
mates the amount of rainfall of duration required to pro-
duce bank full conditions at the outlet of a small river
basin. Therefore, along with Flashiness index, the FFG is
another method whose results are influenced by the accu-
racy of the data measured at gauging stations or provided
by the weather radar. Given the manner in which each
index can be computed, we can state that the FFPI method
is more accessible in terms of method complexity and
required data, being therefore easier to be implemented,
comparing to the other two indices. The utility of this
method was initially demonstrated by Smith (2003), which
calculated, for the first time, the FFPI values across the
Colorado river catchment. At that time, in order to deter-
mine FFPI, the author integrated in GIS software a number
of 4 variables that influence the surface runoff process
(slope, soil type, vegetation and land use). The same
method was taken over by other researchers and adapted
for other areas in the US (Kruzdlo and Ceru 2010), or for
other countries (Pravalie and Costache 2014; Costache and
Zaharia 2017; Zaharia et al. 2017). The equal weights
assigned for flash-floods conditioning factors in the FFPI
calculation process is the main drawback of the initially
proposed method. Moreover, in the initial method, the
areas affected in the past by the torrential phenomena were
not considered. The weighting of the conditioning factors
and the consideration of the areas already affected by a
certain phenomenon are exemplified in many research
studies whose central subject is the evaluation of suscep-
tibility to the occurrence of various natural phenomena
such as: floods (Chapi et al. 2017) and landslides (Conforti
et al. 2014; Regmi et al. 2014; Demir et al. 2015; Dou et al.
2015; Goetz et al. 2015). The most commonly used
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methods in these studies are: frequency ratio (Cao et al.
2016; Youssef et al. 2016; Siahkamari et al. 2018), weights
of evidence (Wang et al. 2016; Ding et al. 2017; Shafapour
Tehrany et al. 2017; Hong et al. 2018a, b), logistic
regression (Althuwaynee et al. 2014; Kavzoglu et al. 2014;
Lombardo et al. 2015), decision trees (Bui et al. 2013;
Tsangaratos and Ilia 2016; Pham et al. 2017a, b), artificial
neural network (Bui et al. 2016; Chen et al. 2017a, b, c;
Dou et al. 2018), naive bayes etc. (Pham et al. 2016a, b;
Hong et al. 2017; Chen et al. 2018).

Due to the fact that Romania is one of the countries most
affected by flash-floods phenomena in Europe (Hanger
et al. 2018; Romanescu et al. 2018), the studies that
investigate the susceptibility to these natural disasters are
extremely useful in drawing up flood risk management
plans as well as in the forecasting and warning activity.
Regarding the Romanian territory, one of the most exposed
areas to flash-floods phenomena is Prahova river catch-
ment. The flash-floods occurred in the last years have
caused major material damage especially to the infras-
tructure from the study area. The present research aims to
evaluate the potential of flash-floods occurrence across the
upper and middle zone of Prahova river catchment. In this
respect, techniques specific to machine learning, bivariate
statistics and their novel hybrid integration will be used. As
machine learning techniques, three decision tree models
(Rotation Forest, Logistic Model Tree and Alternating
Decision Tree) have been selected, while as bivariate
statistic method, the Weights of Evidence model was
chosen. Because it is considered that hybrid techniques
provide more accurate results than stand-alone models
(Shirzadi et al. 2017), a hybrid integration of the 3 machine
learning techniques with Weights of Evidence model was
performed. It is for the first time in the literature when FFPI
values are calculated by using 3 decision tree models and
also by the mean of their hybrid integration with WOE
model. In order to calculate the FFPI through the afore-
mentioned models, a number of 12 flash-flood predictors
along with the surfaces affected in the past by torrential
processes, were included in the analysis. The results vali-
dation process was carried out by 2 methods: density of
torrential areas inside the FFPI classes and ROC Curve.

2 Study area

The study area is part of the Romanian territory and lies
between 45°32/21.85"N and 45°00'23.33"”N latitude, and
25°27'32.00"E and 26°27'10.19”E longitude (Fig. 1).

The altitudes range from 128 m, in the southern part of
the research area, to 2505 m in the north-western part, near
the most important tourist localities of Romania: Sinaia,
Busteni, Azuga and Predeal. On a total area of 2600* km,
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Fig. 1 Location of the study area

approximately 1000 km of rivers, included in the Roma-
nian River Cadastre, are located. Valea Cerbului and Valea
Rea, situated in the upper part of the research area, are two
examples of river basins that were affected by severe flash-
floods events during the last years. An extremely important
factor for the potential of flash-floods triggering is the slope
angle of relief. Across the study area the average slope
angle value is 12.43°. It could be considered a relatively
high value, taking into account the total surface of the basin
on which this study is focused. The highest slope angle
values occur in the mountain sector of the research area
where the annual precipitation average records approxi-
mately 1000 mm. Hard rocks, such as sandstones and
conglomerates, along with the impermeable soils and
deforested surfaces, also contribute to the flash-floods
occurrence especially in the summer season when con-
vective rain is more likely. The main socio-economic ele-
ments threatened by flash-floods are the tourist cities
located in the North-Western part, as well as the National
Road 1 (E60), which is the main road in Romania of high
importance at European level. Taking into account the
economic development of the study area, as well as the
high frequency of flash-floods, we believe that carrying out
detailed flash-floods susceptibility studies is of major
importance for the considered area.

T
26°200°E

The study area has a relatively large extent on the
perimeter of the Carpathian and Subcarpathian Curvature,
with many sub-catchments characterized by a high variety
in terms of morphometry (slope values, altitude values),
climatic elements (precipitation values), lithology, vege-
tation and soil. Therefore, given all the aforementioned
elements, it can be assumed that the present paper and the
research area are representative especially for the moun-
tainous and hilly areas of the entire Carpathian Chain. The
presence of human settlements across the study area is
another element that makes the upper and middle sector of
Prahova river catchment a representative one for other
areas of the Carpathian Chain characterized by a large
number of socio-economic elements. From a methodolog-
ical point of view, we can state that the representativeness
of the present study is also due to the fact that all variables
and models taken into account for FFPI computation can be
reproduced in any region of the globe.

3 Data and methods

In order to identify the zones prone to surface runoff, geospatial
and meteorological data were used. The data are referring to the
Digital Elevation Model, land use, soil, lithology, rainfall data
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and areas affected in the past by torrential phenomena. The
aforementioned data were used in the following steps of the
methodological workflow: (i) torrential areas inventory; (ii)
estimation of predictive ability of flash-flood predictors and
their selection based on statistical principles; (iii) application of
stand-alone and hybrid models for the estimation of FFPI
variability across the research area; (iv) flash-flood suscepti-
bility assessment and FFPI maps creation; (v) results validation
and the assessment of models performance. The workflow
developed in the present study is synthetically presented in the
Fig. 2.

3.1 Torrential areas inventory

Mapping the areas affected in the past by flash-floods is an
essential step towards an accurate evaluation of the

relationships between flash-flood predictors and FFPI val-
ues (Tehrany et al. 2015). In the present research, the
identification of torrential area, covering approximately
260 km?, was performed by using the aerial imagery, these
surfaces being validated in the field, where a GSP Trimble
GeoXH 2008 Series device was used, for a high mea-
surement accuracy. Those surfaces having as characteristic
the unitary presence of microforms, such as ravines and
guiles, have been considered to be areas affected by tor-
rentiality (Costache and Zaharia 2017). The smallest zone
with torrential phenomena has an area of 0.35 sq. km,
while the largest is of 71.1% km. In order to be involved in
the methodological workflow, these surfaces have been
randomly split into training sample (70%) and validating
sample (Fig. 3). A number of 289,000 pixels, which is
approximately equivalent to the surface covered by

Fig. 2 The scheme of the
methodological workflow
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torrential pixels (260 km?), were included in the analysis as
non-torrential areas. It should be noted that the non-tor-
rential pixels were randomly selected from those charac-
terized by slope angles lower than 5°, where it was
considered that runoff is less likely to be generated. As in
the case of torrential areas, the non-torrential pixels were
included into training sample (70%) and validating sample
(30%). Therefore, the training sample comprises a number
of 202,300 torrential pixels and 202,300 non-torrential
pixels, while the validating sample contains a number of
86,700 torrential pixels and 86,700 non-torrential pixels.

3.2 Flash-flood influencing factors

The next step of the workflow was represented by the
selection and mapping of flash-flood predictors. Thus, a
number of 12 geographical variables has been considered
for FFPI estimation. The land use and hydrological soil
groups influence in a great measure the characteristics of
the runoff process (Costache 2014; Vaezi et al. 2017). For a
better characterization of the study area in terms of runoff
potential, the land use factor extracted from Corine Land
Cover, 2012 database, and hydrological soil group factor
which was obtained based on the Digital Soil Map of
Romania, 1:200000, were combined in order to derive the

Curve Number (CN) index. The CN is an empirical
parameter widely used in hydrology in order to estimate the
direct runoff from a rainfall event (Saharia et al. 2017). The
CN values, ranging from 0 to 100, are influenced only by
the land use type and the hydrological soil group. It should
be mentioned that the CN values close to 100 indicate a
very high potential for runoff occurrence (Ryu et al. 2016).
Regarding the study area, the Natural Breaks method was
employed to divide the CN values into the following six
classes: 0-43, 43-52, 52-69-69-80, 80-89, 88-100
(Fig. 5e). The CN values ranging from 43 to 80 cover more
than 70% of the research zone (Fig. 7). Lithology has, also,
a crucial role in terms of runoff manifestation due to its
major influence on water infiltration process. The mapping
of lithological categories, within the Prahova basin, was
based on the Geological Map of Romania, 1:200000. The
lithological categories represented by marls, flysch and
conglomerates are spread on approximately 40% of the
research area (Fig. 5f). Taking into account their classes
and categories, the 2 factors mentioned above were trans-
formed from vector dataset into raster dataset with a 30 m
cell size, which is equal to the spatial resolution of the
Digital Elevation Model. The Modified Fournier Index
(MFI), proposed by Arnoldus (1980), is another flash-flood
conditioning factor that was used to highlight the spatial
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Fig. 3 The location of torrential areas within the study area
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variability of rainfall intensity across the study area
(Kazakis et al. 2015; Zaharia et al. 2015). Its computation
was possible by using the following formula (Kourgialas
and Karatzas 2011):
12 Pg
MFI = - (1)
= P
where P; is the mean monthly precipitation (mm), and P—
is the mean annual precipitation.

In order to derive the raster data corresponding to each
of the 12 months of the year, the average monthly rainfall
data (1980-2015) was used. This data was collected from
a number of 23 weather stations located in the upper and
middle basin of Prahova river, and in its surrounding area.
The Spline method, considered to be the most appropriate
for this type of analysis with a relatively small number of
points (Kourgialas and Karatzas 2011), was employed to
interpolate the data from the weather stations. Once
obtained, the raster data related to the average monthly
rainfall amount were used as input in Eq. 1. Using the
Natural Breaks method, the MFI values calculated in GIS
environment at a cell size of 30 m, were classified into
the following 5 classes: 53.56-57.43, 57.44-62.83,
62.84-68.69, 68.7-75.14, 75.15-83.46 (Fig. 5d). The lar-
gest surfaces, quantifying about 28% of the study area,
are covered by the first class (53.56-57.43) and the third
class (62.84-68.89) of MFI values. Areas characterized by
the presence of MFI values ranging from 68.7 to 75.14,
include the highest percentage of torrential pixels
(36.65%). The values of the other morphometric vari-
ables, involved in the analysis, were calculated based on
the Digital Elevation Model (SRTM, 30 m). The first one,
considered to be the most important factor on the surface
runoff process, is slope angle (Wu et al. 2017). Slope
angle is a morphometric factor that influences water
infiltration rate and controls the velocity of runoff (Rah-
mati and Pourghasemi 2017). Steep slopes are favourable
to rapid surface runoff occurrence, while flat surfaces are
prone to inundation phenomena due to water stagnation
process. Across the upper and middle basin of Prahova
river, slope angle values were divided into 5 classes
according to the international literature (Zaharia et al.
2015): < 3°, 3-7°, 7-15° 15-25° > 25° (Fig. 5a).
Almost 41% of the study area has slopes ranging from 7°
to 15°. 37% of the torrential areas belongs to the slope
class between 15° and 25° (Fig. 7). Because it highlights
the areas with accelerated surface runoff, profile curvature
is an extremely important factor in generating an over-
view regarding the flash-flood potential that exists within
a specific area. Profile curvature values were calculated
by using the following formula applied to a moving
window (Alkhasawneh et al. 2013) (Fig. 4):
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(Zo + Z3) /2 — Zs)
2w

: (2)

where: Z—altitude value of a grid cell, ®—cell size.

The profile curvature map was produced by dividing its
values in three classes as following: — 8.2-0, 0.1-0.9,
0.6-9.7 (Fig. 6d).

The plan curvature is another morphometric factor
considered in the present analysis. The values of this
variable highlight the difference between the convex, flat
and concave surfaces. As in the case of profile curvature,
the plan curvature values were derived based on a formula
applied to a moving window:

((Z4 + Z6)/2 — Z5)

Pl ture = . 3
an curvature o (3)

Profile curvature =

The plan curvature map was produced by classifying its
values in three groups as following: 11.8-0, 0.1-0.5,
0.6-8.5 (Fig. 6¢).

The convergence index (CI) was involved in several of
the previous attempts to calculate the Flash-Flood Potential
Index (Zaharia et al. 2015, 2017). According to Costache
and Zaharia (2017), in order to classify the CI values 5
classes were established: (— 99)—(— 3), (— 3)—(— 2),
(= 2)~(— 1), (= 1D)-0, 0-99 (Fig. 5b). The values of the
Topographic Position Index (TPI) can be calculated by
using the difference between the altitude of a certain cell
and the altitude of the neighboring cells. (Jenness 2000).
According to Fig. 6a, the TPI map was created by diving
its values into the following five classes using the Natural
Breaks method: (— 34.82)—(— 2.08), (— 2.07)-(— 0.84),
(— 0.83)-0.14, 0.15-1.12, 1.13-27.96. The topographic
wetness index (TWI) is a widely used factor that shows the
flow water accumulation tendency in certain point of
hydrographic catchment. Using the Eq. (4) the values of

Zj Vi, Zs

/4 Zs Zs

L7

N
<C—>

<—W—>

Fig. 4 3 x 3 moving window
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this morphometric factor were calculated (Moore et al.
1991):

o
TWI =In | —
! <tanﬂ>’

where a is the area of upslope catchment that drains into a
point (per unit contour length) and tan B is the average
slope angle of the upslope catchment measured in that

(4)

point. As in the case of TPI, TWI values were reclassified
by using the Natural Breaks method: (— 9.7)-4.5, 4.6-8.4,
8.5-12, 13-15, 16-25 (Fig. 6b). Slope aspect is a variable
that influences the physiographic characteristics which can
affect runoff regime and soil moisture. Within the upper
and middle basin of Prahova river, the largest areas are
covered by the eastern and south-western slopes. The
catchment shape is another morphometric factor that
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controls the flash-floods potential within a hydrographic
basin. Its main influence is related to the value of con-
centration time of a catchment. Generally, a circular-
shaped watershed will have a lower concentration time
than a watershed with a long narrow shape (Musy and Higy
2010). The sub-catchments of the study area were delin-
eated based on a GIS workflow which implied the use of
the Digital Elevation Model. In the present study, the
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Catchment Shape Index was expressed with the help of the
circularity ratio (R.) formula (Zaharia et al. 2017):

47A
?7 (5)

where A is the area of the catchment (in km?) and P is the
perimeter of the catchment (in km). A circular catchment
shape is indicated by an Rc value close to 1 (Zaharia et al.

R, =
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2017). In the present research, the Catchment Shape Index
values were divided into following the 8 classes, by using
the Natural Breaks method: 0.14-0.21, 0.22-0.26,
0.27-0.3, 0.31-0.33, 0.34-0.37, 0.38-0.41, 0.42-0.47,
0.48-0.53. The largest areas are covered by catchments
characterized by values between 0.27 and 0.3, while the
highest percentage of torrential pixels (27%) are located
inside the class between 0.34 and 0.37 (Fig. 6e).

The contributing area is a morphometric factor which
has a great influence on flash-floods occurrence process
(Diakakis et al. 2016; Samela et al. 2018). In order to
compute the upslope contributing area (km?) across the
study area, the flow accumulation raster, obtained from the
DEM, was multiplied with the value of a raster cell surface
(900 mz) and then divided by 1.000.000. The final map of
contributing area was obtained by grouping its values into
the following 6 classes: < (.2 kmz, 0.2-0.5 kmz,
0.5-2 km?, 2-5 km?, 5-8 km?, > 8 km” (Fig. 6f). Over
98% of the study has an upslope contributing area lower
than 0.2 km? (Fig. 7).

The classes and categories adopted for each flash-flood
influencing factor were used in the computation of the
weights of evidence coefficients according to the method-
ology described at 3.4. Instead, in order to be included in
the Correlation-based Feature Selection model described at
3.3., the values of the continuous variables were normal-
ized within the range between O and 1. This transformation
was carried out for all the conditioning factors, excepting
aspect and lithology, which are the only categorical vari-
ables taken into account in the present analysis. Even if the
normalization process has no impact in the performance of
the decision tree-based algorithms, the normalized values,
aspect directions and lithological categories were also
involved in the training process of the decision tree stand-
alone models applied in the present study.

3.3 Factor selection using correlation-based
feature selection (CFS)

According to Ozcift and Gulten (2011), a factor is of a
major importance for a model if it is highly correlated to
the presence of the analyzed phenomena, and uncorrelated
to any of the other factors. Thus, a high correlation between
each flash-flood conditioning factor and areas with tor-
rentiality demonstrate a good predictive capability of that
factor compared to the others. Correlation-based Feature
Selection (CFS) model identifies very fast and displays the
information that are irrelevant, redundant and noisy (Hall
1999). Usually, a factor is redundant if it is highly corre-
lated with other factors. Therefore, the greatest CFS scores
will be assigned to flash-flood conditioning factors which
are highly correlated with torrential phenomena location.

The scores are defined by the following equation (Ozcift
and Gulten 2011):

kr
CFS=—— 4 (6)

Vi +k(k =y’
where CFS is the correlation between each flash-flood
predictor and the presence/absence of torrential areas, k is
the number of flash-flood predictor, r is the average cor-
relation between flash-flood conditioning factor and areas
with torrentiality, and ry is the average intercorrelation
between flash-flood predictors.

The determination of CFS scores will be performed by
integrating the normalized and categorical values of flash-
flood influencing factors, and the torrential/non-torrential
areas in Weka 9.3.2 software.

3.4 Weights of evidence

Proposed for the first time in geological studies (Agterberg
1992), the Weights of Evidence (WOE) model was used by
many researchers to assess the susceptibility of the surfaces
to different disasters, such as: landslides, floods and flash-
floods (Kayastha et al. 2012; Tehrany et al. 2014; Costache
and Zaharia 2017). This data-driven method represents a
Bayesian bivariate statistical model widely used in the
geoscience research field.

In this paper, the Weights of Evidence was used as a
stand-alone model for the computation of FFPI across the
study area, and also, as a method for the derivation of input
data involved in the training process of the ensemble
models resulted from the hybrid integration of the WOE on
the one hand and the decision tree models (Rotation Forest
(RF), Logistic Model Tree (LMT) and Alternating Deci-
sion Tree (ADT)) on the other hand.

Since flash-flood conditioning factors, within WOE
model, are constant in time, the weights of each factor
class/category will be estimated based on the spatial rela-
tionships between them and the presence/absence of tor-
rential phenomena. In fact, the calculation of weights
assigned to each class/category of flash-flood conditioning
factors, is based on Bayes’ conditional probability theorem
which is described by the following relation (Regmi et al.
2014):

P{A} _ lnP(ﬁ)X P(A) o

B P(B)

where P is the probability, B is the presence of flash-flood
conditioning factor and A is the presence of torrential
areas.

The estimation of WOE coefficients requires, in a first
stage, the calculation of negative weights (W™) and posi-
tive weights (W"). The negative weights highlight the
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Fig. 7 The percentage of class
pixels and torrential pixels

within the classes/categories of
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overlay between a class/category of a predictor and an area
characterized by the absence of torrential phenomenon,
while the positive weights indicate the overlay between a
class/category and an area with torrential phenomena (Van
Westen 2002).

According to Bonham-Carter et al. (1994), the values of
negative and positive weights can be derived using the
formulas:

., PiBIS)

(B[S} ®)
and
_ . P{BIS}
=By ©)

were W is the positive weight, W is the negative weight,
P is the probability, B is the presence of a flash-flood
influencing factor, B is the absence of a flash-flood influ-
encing factor, S represents the presence of torrential phe-
nomena, S represents the absence of torrential phenomena.

For an easy implementation in GIS environment, the
form of the above equations can be changes as following
(Van Westen et al. 2003):

Npix|

Npix|+Npi
Wt = In-2 (10)
JUE%]

Npix3+Npixs

and

ANpixz i
L (11)
Npix3+Npixy

where Npix; is the number of pixels with phenomena inside
a factor class/category; Npix; is the number of pixels with
torrential phenomena outside the factor class/category;
Npix; is the number of pixels without torrential phenomena
inside a factor class/category; Npix, is the number of pixels
without torrential phenomena outside a factor class/cate-
gory; Wt is the value of positive weight and W~ is the
value of negative weight.

The last step is represented by the calculation of the final
weights of evidence coefficients assigned to each factor
class/category. In this regard the following relation will be
used (Costache and Zaharia 2017):

Wf = Wplus + Wmintotal — Wmin, (12)
where Wplus is the positive weight of a class factor, Wmin
is the negative weight of a class factor, Wmintotal is the

total of all negative weights in a multiclass map. Further,
the FFPIyog will be calculated as following:

FFPIyor =Y _ Wfij, (13)
=1

j=

where Wfij is the final weight of class i in parameter ; and
n is the numbers of variables.

Instead, when the WOE coefficients are used to train the
hybrid models designed for FFPI calculations, their values
will be normalized through the formula (Pradhan and Lee
2010):

(Wf — min(d)) * (max(n) — min(n))

Y= max(d) — min(d) +min(n),  (14)

where: y—standardized value of Wf; Wf—current value of
variable; d—Ilimits of Wfrange values within a flash-flood
conditioning factor; n—standardization range limits. The
standardization range was considered between 0.1 and 0.9.

3.5 Rotation forest (RF)

Rotation Forest (RF) is a relatively new and powerful
classification method (Rodriguez et al. 2006). In the recent
years, the RF model was used also to evaluate the sus-
ceptibility to different natural risk phenomena (Pham et al.
2016a, b; Chen et al. 2017a, b, c¢; Pham et al. 2017a, b;
Hong et al. 2018a, b). Being an ensemble method, it is
considered that RF model provides more accurate results
compared to a single-based classifier method (Ozcift and
Gulten 2011). In the RF method, the classifier ensembles
are generated through the feature extraction process. In
order to create the training dataset required by a base
classifier, the feature set is randomly split into many
K subsets (K is a model parameter), and a Principal
Component Analysis (PCA) is subsequently applied for
each subset (Rodriguez et al. 2006). The main steps of RF
procedure are described in the next rows.

Let g = [gy,..., g10] be the vector of flash-flood condi-
tioning factors described by n classes/categories, let G the
dataset containing the conditioning factors in a form of N x
n matrix and let T = [¢,,t,] be a vector of torrential areas,
where t;—the presence of torrential phenomena and t,—
the absence of torrential phenomena. Presuming that the
dataset (F) is randomly divided into K subsets and L deci-
sion trees of the RF algorithm denoted by {Dj,..., D}, the
following steps will be required to construct the training
data set:

(i) Divide F randomly into many K feature subsets,
where an individual subset contains M = n/K
features.

(i) If we consider F; as the jth subset of features to
train the classifier D;, and G;; as the dataset for G,
then a bootstrap resampling procedure with 75%
of the dataset will be used in order to create a new
training dataset. Subsequently a linear transfor-
mation is applied to G;; to calculate the coeffi-
cients of the matrix C;;. The matrix will contain
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. M; .

the coefficients al(.dl-). e as N ’), each of them with a
size of M x 1.

(iii)  Derive the sparse rotation matrix R; containing the

obtained vectors with the related coefficients as

following:
) (2 (My)
E‘l7a[,])7"'7a[,1‘ 0 0
R = 0 az]1 v“:g_]) 761,(‘1\142) 0
0 0 A ags . ag)

(15)
The matrix obtained is rearranged with the coefficients
that correspond to each class, their values being derived by
using the average combination in the given test sample
which is described by the following equation (Chen et al.
2017a, b, c):
1 L
mj(g)=Z+Zdij(ng’),j:1,...,c, (16)
=1
where dj; (xR?) is the probability given by the classifier D;
for the hypothesis that x belongs to the class j.
In order to derive the FFPI values, RF model will be
applied both as stand-alone model, as well in a hybrid
combination with WOE statistical model. In both situations

the application of the models will be performed using
Weka 9.3.2 software.

3.6 Logistic model tree (LMT)

Logistic Model Tree represents a combination between
Logistic Regression method and decision tree machine
learning algorithm (Landwehr et al. 2005; Chen et al.
2017b). LMT model has the following advantages (Eristi
and Demir 2012): is a fast learning algorithm; the different
sensitive parameters do not need adjustment; is a simple
model with a very high learning efficiency. According to
Landwehr et al. (2005), the LMT structure is formed by
non-terminal nodes N (set of inner) and terminal nodes T
(set of leaves). The regression function is applied to the
results provided by decision tree algorithm at each leaves
level, while the CART algorithm is used for tree pruning
and information gain method for splitting (Chen et al.
2017b). The LogitBoost algorithm, employed in order to
apply the Logistic Regression function for each class C;
(torrential areas and non-torrential areas), is described by
the following relation (Bui et al. 2016):

F
Le(x) = Zﬁ;xi+ﬁo’ (17)
i=1
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where F' is the number of flash-flood influencing factors
and f; is the coefficient assigned to the i-th component in
the input vector x.

In the LMT model, the posterior probability for each
leaf node, is estimated by using the linear logistic regres-
sion model (Landwehr et al. 2005; Chen et al. 2017b):

exp(Lc(x))
p(Cl) = =) (18)
> exp(Lo(x))
where F is the number of classes.

Weka software was used for the implementation of both
LMT stand-alone model and LMT-WOE hybrid models.

3.7 Alternating decision tree

Alternating Decision Tree (ADT), proposed for the first
time by Freund and Manson (1999), provides a mechanism
which combines boosting algorithm with decision tree.
Unlike other decision tree algorithms, like CART and
Random Forest, ADT produce simpler structures of deci-
sion tree and classification rules easier-to-interpret (Liu
et al. 2005; Hong et al. 2015). This method is a natural
extension of voted-stumps and decision tree algorithms,
and it consists of alternating layers of prediction and
decision nodes (Freud and Manson 1999). According to
Hong et al. (2015), the prediction nodes are made of a
single number, meanwhile the predicate condition is
specified by the decision nodes. Therefore, the ADT
structure is formed by decision paths, where a path corre-
sponding to a decision node continues with the specific
offspring node and other path that corresponding to a
prediction node will continue with all of the offspring
nodes (Liu et al. 2005).

If we consider x; as precondition, x, as a base condition,
and two real numbers f and g, the values of f and g can be
calculated as following (Khosravi et al. 2018):

Wi (x1 Nxz) W, (x NX2)
W_(x; Nxp)’ W_(x1Nx%)’
(19)

f=05x%In g=05%*In

where W denotes the sum of the values from any prediction
node, and the best x; and x, are estimated by minimizing
the Z,(x;, x,), determined as following:

2(x1x2) = 24/ W (x1 Nxz) * W_(x1 Nxy)
+ VW (1 NT) * W_(x; NT) + W(T)

(20)

In the present study, the ADT with AdaBoost boosting
algorithm was used to estimate the Flash-Flood Potential
Index based on the information related to the 12 flash-flood
influencing factors and to the presence and absence of
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torrential phenomena. Considering the ADT structure,
FFPI value for a certain pixel will be calculated as the sum
of the values which are assigned to each prediction node
and which occur at the transition of the pixel through all
the applicable branches.

Within the entire ADT procedure, a number of 20
boosting iteration was applied. By using the training
sample and validating sample, the classification accuracy
was estimated for each iteration.

FFPI values were estimated both by the individual use of
ADT model, and by the hybrid integration with the WOE
model. ArcGIS 10.5 and Weka software were used in this
regard.

3.8 Evaluation of the model’s performance
and results validation

3.8.1 Density of torrential pixels inside the classes of FFPI

The first method used to assess the model’s performance
and to validate the results, is represented by the estimation
of torrential pixels density inside the classes of FFPI
resulted by applying the aforementioned models. This
widely used method in other studies related to natural
hazards susceptibility assessment (Costache and Zaharia
2017; Hong et al. 2018a, b), highlights a good performance
of the models when a large part of the torrential areas in the
training sample is located over the surfaces with a high and
very high flash-flood potential. The accurate results are
indicated by a high density of torrential areas in the vali-
dating sample within the FFPI classes characterized by
high and very high values.

3.8.2 Receiver operating characteristics curve (ROC Curve)

This method is used to evaluate the capacity of the model
to correctly predict an event. In order to construct the ROC
Curve, the sensitivity will be represented on Y axis against
the 1-specificity that will be represented on X axis with
various cut-off thresholds (Chen et al. 2017a, b, c). Area
Under Curve (AUC) is the quantitative indicator that shows
the measure in which a model is assessed as effective or
not. An efficient model is indicated by a value of AUC
close to 1, while a weak model is highlighted by an AUC
values close to O (Youssef et al. 2015; Costache and
Zaharia 2017). The AUC values could be calculated
through the relation (Hong et al. 2018a, b):

AUC:(ZTP+ZTN)

(P+N) ’ 1)

where TP (true positive) and TN (true negative) indicate
the sum of pixels correctly classified, P is the number of

torrential pixels and N is the number of non-torrential
pixels.

4 Results and discussions

4.1 Predictive capability of flash-flood
influencing factors

The predictive capability of the 12 flash-flood influencing
factors was estimated through the CFS method described at
3.3. The predictive capability was expressed in Average
Merit values (AM) (Fig. 8).

The application of CFS methods demonstrate that the
highest predictive capability was assigned to slope angle
with an AM value of 0.294. This result is in agreement with
the majority of the studies related to surface runoff mani-
festation process, in which the slope angle is considered the
most important influencing factor (Douvinet et al. 2015;
Bathrellos et al. 2016; Ozturk et al. 2018). Regarding the
Average Merit values, slope angle is followed by curve
number (0.258), lithology (0.193), profile curvature
(0.182), Modified Fournier Index (0.175), TWI (0.169),
plan curvature (0.151), catchment shape index (0.144),
convergence index (0.125), contributing area (0.083),
aspect (0.078) and TPI (0.035).

Since the average merit computed for each flash-flood
conditioning factor is higher than 0, all the variables will be
employed into the analysis.

4.2 Application of weights of evidence stand-
alone model

The first stage accomplished within the FFPI estimation
process through WOE model, consisted of the calculation
of WOE coefficients for each factor class/category. These
values were determined according to the methodology

0.35
0.3
0.25
0.2
0.15
0.1
0.05

Average merit

Fig. 8 Average Merit assigned to the flash-flood conditioning factor
using CFS method
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described at 3.4. The highest Wf value (2.38) pertain to
Curve Number class ranging from 88 to 100 (Table 1).
Given the fact that the value of Curve Number is deter-
mined by the intersection of land use type with the
hydrological soil group, we can state that the these high
values of Wf are mainly explained on the one hand by the
presence of a land use type characterized by low values of
Manning roughness coefficients which are favorable to an
intense manifestation of surface runoff, and on the other
hand by the presence of a hydrological soil group charac-
terized by a low degree of permeability (Costache 2014).
The analysis showed that high values of Wf were also
recorded by MFI class between 68.7 and 75.14 (1.65),
Slope angles higher than 25° (1.51), MFI class between
75.15 and 83.46 (1.32), and Catchment Shape Index class
between 0.31 and 0.33 (0.94). It can be observed that the
Slope angles higher than 25°, are related to the highest
value of positive weights (W) (1.87) (Fig. 9). The lowest
values of Wf, among the 72 factors classes/categories, have
been estimated for the Slope angles lower than 3° (— 2.15),
lithological group 10 (— 2.26), MFI class ranging from
53.56 to 57.43 (— 2.35), flat surfaces (— 2.37) and litho-
logical group 3 (— 2.67). The lowest negative weight (W)
of — 0.77, was established for the class of Contributing
area lower than 0.2 km?.

Once calculated, Wf values were attributed to the cor-
responding factor classes/categories in GIS environment.
Subsequently, flash-flood conditioning factors in raster
format were summed up in order to compute FFPlyog
values (Fig. 10). FFPIyog values, ranging from (— 25.35)
to 9.84 were grouped into 5 classes (very low; low; med-
ium; high; very high) through Natural Breaks method
available in ArcGIS 10.5. The first class, which denotes
very low FFPIyor values, occupies approximately 12.6%
of study area and ranges between (— 25.35) and (— 6.27).
Within these areas, located mainly in the southern region of
the upper and middle basin of Prahova river, the flash-
floods occurrence is almost impossible due to the small
slope angle. Low FFPIlyog values ranging from (— 6.26)
to (— 2.18), are characteristic to 28.3% of research area
while the medium values cover around 35.7% of total.
FFPIyor values included in the IVth and Vth classes
characterize 23.3% of the study area, being located on
compact areas situated mainly in the north-western region.
In case of heavy rainfall, the presence of these large
compact surfaces, with a very high susceptibility degree,
leads to severe flash-flood events.

4.3 Application of LMT stand-alone model
and LMT-WOE hybrid model

The analysis of the multicollinearity among flash-flood
conditioning factors, was realized by computing two
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parameters represented by the tolerance (TOL) and vari-
ance inflation factor (VIF) (Table 2). Since the smallest
TOL value is of 0.79 (Contributing area) and the highest
VIF values is of 1.19 (Convergence Index), it can be con-
cluded that there is not a serious collinearity among the
variables included in the analysis.

Additionally, a cross-validation procedure was
employed in order to establish the optimal number of
iterations used to assess the classification performance. In
this regard, LMT and LMT-WOE models were compared
with the other stand-alone and hybrid models considered in
the present research (Fig. 11). Of all models, the highest
accuracy was obtained by RF stand-alone model (93.4%)
after 18 iterations. In terms of LMT stand-alone model the
highest accuracy (92.1%) resulted after 18 iterations, while
for LMT-WOE hybrid model, the highest accuracy has been
reached after 19 iterations (Table 3).

Following the training process of LMT stand-alone
model and LMT-WOE hybrid model, the importance of
each flash-flood conditioning factor was determined
(Fig. 15). Therefore, in the case of LMT stand-alone
algorithm the slope angle (15.78%) was the most important
factor, followed by curve number (14.68%), lithology
(11.84%), plan curvature (10.57%),mfi (9.63%), twi
(7.45%), convergence index (7.1%), profile curvature
(6.17%), contributing area (5.52%), tpi (5.05%), aspect
(3.8%) and catchment shape index (2.41%). According to
the LMT-WOE hybrid model, the highest importance was
also recorded by slope angle (15.73%), followed by curve
number (14.48%), lithology (13.07%), plan curvature
(8.82%), mfi (8.17%), convergence index (7.56%), con-
tributing area (7.23%), tpi (6.78%), twi (5.68%), profile
curvature (4.73%), catchment shape index (4.73%) and
aspect (3%). Using the variables importance, FFPI; 7 and
FFPI; yrwor Were calculated in ArcGIS 10.5.

Therefore, considering the Natural Breaks classification
method, FFPIy . values, ranging from 0.11 to 0.89, were
grouped into 5 classes (Fig. 12a). The first class of values,
between 0.11 and 0.23, is characteristic to 6.4% of the
upper and middle basin of Prahova river and highlights the
regions with a very low flash-flood susceptibility degree.
The next class that ranges between 0.23 and 0.34, covers
19.6% of the upper and middle basin of Prahova river. The
highest weight, in terms of area, is held by the medium
values of FFPI;)7. Thus, the surfaces included in the
medium class are spread on around 30.3% of the total, a
slightly more than the high values of FFPI;,,r which cover
27.5% of study area. The values that characterize a very
high potential for flash-floods occurrence are encountered
on about 16.2% of the entire study area, and range between
0.69 and 0.89.

By including the WOE coefficients values in the training
process of LMT model, the results of LMT-WOE hybrid



Stochastic Environmental Research and Risk Assessment

Table 1 Standardized classes WOE values of flash-flood conditioning factors

Factor Class Class pixels (%) Torrential areas WOE WOE standardized
pixels (%) coefficients coefficients
Slope <3° 11.46 1.66 —2.15 0.10
3-7° 13.32 7.46 —0.71 0.42
7-15° 41.72 32.83 — 043 0.48
15-25° 26.42 37.35 0.58 0.70
> 25° 7.09 20.70 1.51 0.90
TPI (= 20)—(— 3.8) 2.71 4.67 0.66 0.88
(= 3.7—(— 1.1) 11.82 13.25 0.15 0.53
(= 1)-1.3 44.96 34.26 — 0.50 0.10
1.4-45 30.14 30.41 0.01 0.45
4.6-20 10.38 17.42 0.69 0.90
TWI —9.745 21.30 22.33 — 0.01 0.80
4.6-8.4 24.98 24.89 0.08 0.90
8.5-12 29.70 31.13 — 0.08 0.71
13 — 15 21.09 19.93 —0.59 0.10
16-25 2.93 1.72 0.07 0.89
Lithology 1 27.28 42.31 0.76 0.90
2 3.08 0.75 — 153 0.37
3 0.65 0.05 — 2.67 0.10
4 1.43 1.59 0.12 0.75
5 0.10 0.00 0.01 0.72
6 0.05 0.04 — 0.44 0.62
7 0.89 0.39 —0.89 0.51
8 28.62 41.59 0.65 0.87
9 14.30 9.77 — 048 0.61
10 23.45 3.52 —2.26 0.20
11 0.07 0.00 0.01 0.72
12 0.08 0.00 0.01 0.72
Profile curvature — 820 48.62 52.61 0.18 0.53
0-0.9 50.97 46.77 —0.19 0.10
0.9-9.7 0.40 0.62 0.49 0.90
Plan curvature — 11.8-0 32.68 37.05 0.22 0.67
0.1-0.5 56.65 47.66 — 041 0.10
0.6-8.5 10.66 15.29 0.47 0.90
Aspect Flat surfaces 0.08 0.01 — 237 0.10
North 8.64 7.10 —0.24 0.74
North—East 11.62 12.30 0.07 0.83
East 14.69 18.54 0.32 0.90
South—East 14.34 17.24 0.04 0.82
South 14.06 15.07 0.09 0.83
South—West 14.66 14.49 — 0.02 0.80
West 12.84 9.15 — 042 0.68
North—East 9.07 6.11 — 047 0.67
Convergence index 0-95 21.72 20.65 — 0.07 0.10
(= 1)-0 6.34 6.70 0.07 0.89
(=2-(—1 8.51 8.99 0.07 0.90
(= 3)—(—2) 10.62 10.89 0.03 0.69
(= 96)—(— 3) 52.81 52.77 0.01 0.50
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Table 1 (continued)

Factor Class Class pixels (%) Torrential areas WOE WOE standardized
pixels (%) coefficients coefficients
Curve Number 043 7.78 1.97 — 153 0.10
43-52 25.32 14.19 — 0.79 0.25
52-69 22.57 15.72 — 0.49 0.31
69-80 22.14 15.05 —0.52 0.31
80-88 13.80 16.61 0.25 0.46
88-100 8.39 36.46 2.38 0.90
Catchment Shape Index 0.14-0.21 6.34 4.12 — 050 0.79
0.22-0.26 14.04 8.24 — 0.65 0.78
0.27-0.3 22.70 18.81 —0.26 0.81
0.31-0.33 12.73 24.53 0.94 0.90
0.34-0.37 20.50 27.13 0.10 0.83
0.38-0.41 12.26 13.61 0.14 0.84
0.42-0.47 8.29 3.46 0.22 0.75
0.48-0.53 3.14 0.09 —1.26 0.10
Contributing area (km?) < 0.2 98.26 99.15 0.78 0.90
0.2-0.5 0.43 0.40 — 0.08 0.65
0.5-2 0.33 0.19 — 0.62 0.50
2-5 0.17 0.09 — 0.70 0.47
5-8 0.10 0.07 — 041 0.56
> 8 0.71 0.10 —2.02 0.10
Modified Fournier Index 53.56-57.43 27.03 3.88 — 235 0.10
57.44-62.83 23.99 6.46 —1.63 0.24
62.84-68.69 28.32 32.78 0.24 0.62
68.7-75.14 12.81 36.65 1.65 0.90
75.15-83.46 7.84 20.22 1.32 0.83

model were spatially modelled (Fig. 12b). Very low values
of FFPI, yrwor are characteristic for an area of 260 km?,
having a weight of 10.7% of the upper and middle basin of
Prahova river. The surfaces characterized by a low flash-
flood susceptibility cover around 24.6% of research area
and correspond to FFPI; yr.wor- ranging between 0.22 and
0.39. The next class of values ranges between 0.39 and
0.59 and is distributed on about 34.4% of the upper and
middle basin of Prahova river. Together, the high and very
high flash-flood susceptibility occupy around 30.3% of the
total.

4.4 Application of RF stand-alone model and RF-
WOE hybrid model

The application of RF stand-alone model and RF-WOE
hybrid model for FFPI calculation within the study area,
requires, in a first stage, an optimization process, this
operation having a large influence on the results accuracy
provided by the two methods. The parameters obtained
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after the optimization process are presented in Table 3. In
the same table are presented the optimal parameters cor-
responding to the other applied models.

As it was aforementioned, the accuracy of RF stand-
alone model (93.4%), was obtained after 18 iterations,
while for RF-WOE hybrid model the highest accuracy of
92.4% resulted after 16 iterations.

After the training process of RF and RF-WOE models,
the weight of each flash-flood conditioning factor was
derived. Similar to the previous models, the slope angle
obtained the highest importance both for RF and RF-WOE
model (Fig. 15). The variable weigths were further used to
calculate the FFPI values.

In both situations, the Natural Breaks method was
applied to classify the FFPI's value range. Therefore, in
terms of FFPIpr the first class of values, which indicates a
very low flash-flood susceptibility, covers around 8.9% of
the upper and middle basin of Prahova river, and range
between 0.13 and 0.22 (Fig. 13a). The next class of values,
ranging from 0.22 to 0.37, is present on around 20.1%,
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Table 2 The multicollinearity analysis for independent variables

Variables Collinearity statistics
TOL VIF
Aspect 0.93 1.03
Convergence Index 0.83 1.19
Curve number 0.97 1.02
Lithology 0.94 1.01
Slope 0.85 1.11
Plan curvature 0.87 1.14
Profile curvature 0.84 1.18
TWI 0.81 1.13
TPI 0.85 1.02
Modified Fournier Index 0.95 1.03
Contributing area 0.79 1.17
Catchment Shape Index 0.97 1.01

By using the WOE coefficients in the training process of
the RF model, the spatially distribution of FFPlrr ywor
values, across the study area, was represented. This time,
the very low values are spread on around 9.4% of the total,
while the low flash-flood potential covers about 20.5% of
the study area. The medium FFPIgp wor values, ranging
from 0.36 to 0.53, are distributed on about 29.6% of the
total research area. According to the results obtained, the
high and very high flash-flood susceptibility can be
encountered on around 40.4% of study area. Unlike
FFPIg, the high and very high values of FFPIzz yor have
a higher degree of compaction, which would increase the
possibility of severe flash-floods.

4.5 Application of ADT stand-alone model
and ADT-WOE hybrid model

For the ADT stand-alone model, the highest accuracy of
93.1% was reached after 19 iterations, while the ADT-WOE

Table 3 The optimal parameters of models applied in the present
study

Models No. iterations Seed Accuracy (%)
RF 18 4 93.4
RF-WOE 16 3 92.4
LMT 18 2 92.1
LMT-WOE 19 5 92.5
ADT 19 3 93.1
ADT-WOE 17 2 92.9

hybrid model achieved the highest accuracy (92.9%) after
17 iterations. The optimally pruned decision trees used in
the present analysis are represented in Fig. 14a, b.

The training process of ADT and ADT-WOE models
allows to estimate the weights that each flash-flood influ-
encing factor will have in the FFPI calculation procedure.
In this regard, the slope angle, curve number and lithology
were ranked on the first places (Fig. 15).

The FFPlspr values range between 0.14 and 0.86
(Fig. 16a). Further, the Natural Breaks method was used to
group the FFPI,pr values into 5 classes. Very low class
covers approximately 9.7% of study area, while the second
class is distributed on around 19.7%. Medium values of
FFPIl,pr, ranging from 0.33 to 0.46, have the largest
weight among the five classes. The IVth and Vth classes
are spread on around 36.7% of the total area, and charac-
terize the surfaces with a high and very high potential for
flash-flood occurrence. High and very high values of
FFPI,pr appear uniformly in all the regions of the upper
and middle basin of Prahova river.

The application of ADT-WOE hybrid model led to FFPI
values ranging from 0.07 to 0.89 (Fig. 16b). A total of
34.8% of the study area is covered by very low and low
FFPI pr.wor values. The largest areas (30.2%) are occu-
pied by FFPI,pr.wor values included in the medium class.
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About 35% of the research zone has high and very high
values of FFPlsprwor, these surfaces being located
especially in the northern half area.

4.6 Model performance assessment and results
validation

4.6.1 Density of torrential areas within FFPI classes

In terms of torrential pixels belonging to the training
sample, the best performance was achieved by the ADT-
WOE hybrid model (Fig. 17a). By applying this model,
around 88.24% of the training areas are situated inside the
IVth and Vth classes of FFPl prwor. The -ADT-WOE
hybrid model was followed by: RF (84%), LMT-WOE
(82.29%), RF-WoE (80.82%), LMT (80.26%), WOE
(79.37%), and ADT (72.73%). In order to demonstrate the
efficiency of the application of bivariate statistics and
machine learning techniques in the process of FFPI cal-
culation, the present results were compared with those
obtained by Zaharia et al. (2017) which calculated the same
index on the same study area. The FFPI values derived by
Zaharia et al. (2017), were calculated based on a Weighted
Sum (WS) operation, in which the importance of each flash-
flood conditioning factor was established in a subjective
manner. Thus, the results obtained in the aforementioned
work revealed that only 64.91% of the torrential pixels
from the training sample are located inside the IVth and
Vth classes of FFPIys.

As it was stated in the methodology section, validating
areas were considered for results validation. In this regard,
it can be seen that ADT-WOE is the best model with a
percentage of 79.76% of the total torrential pixels (vali-
dating sample) included into the IVth and Vth classes of
FFPI pr.woe The order of the other models in terms of
their accuracy is the following: LMT-WOE (76.92%), RF

Fig. 15 Flash-flood influencing
factors importance

Flash-flood conditioning factors
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Curve Number

Lithology

Plan curvature

Modified Fournier Index

Convergence index [r—
Contributing area
TWI

Profile curvature [
Catchment shape index [

(75.51%), LMT (75%), RF-WOE (71.43%), WOE (69.57%)
and ADT (68.09%) (Fig. 17b). All the 7 models performed
better than FFPIyg (Zaharia et al. 2017) whose IVth and
Vth classes include only 58.33% of the torrential pixels
(validating sample).

4.6.2 ROC Curve

ROC Curve represents the second method used to evaluate
the performances of the applied models and to validate the
obtained results. Additionally, Standard Error (S.E.) and
95%—Confidence Interval (Clgsq,) limits were defined
(Table 4).

The training area pixels were employed in order to
construct the Success Rate used to assess the model’s
performances (Fig. 18a). Success Rate demonstrates the
capacity of the models to correctly classify the areas
prone to flash-flood occurrence by comparison with
training areas. The best performance was assigned to
ADT-WOE ensemble (AUC = 0.917), followed by RF
model (AUC = 0.91), LMT (AUC = 0.909), LMT-WOE
model (AUC = 0.906), WOE model (AUC = 0.903), RF-
WOE model (AUC = 0.893) and ADT model (AUC =
0.889) (Fig. 18a). It can be observed that all the 7
models applied for FFPI estimation in the present study
perform better than the Weighted Sum method used by
Zaharia et al. (2017), for which an AUC value of 0.745
was obtained.

The validation of the results obtained by the seven
stand-alone and hybrid models, was done with the help of
the Prediction Rate. This graphic representation, con-
structed through the validation areas, highlights the
agreement between the observed and the predicted values
of FFPI (Tehrany et al. 2015). This time also, ADT-WoE
hybrid model was ranked first (AUC = 0.886), followed by
LMT-WOE model (AUC = 0.881), LMT model (AUC =

Aspect
0.00 5.00 10.00 15.00 20.00 25.00
Variable importance (%)
m ADT-WoE H ADT LMT-WoE LMT RF-WoE ® RF
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Fig. 17 Density of torrential areas within FFPI classes (a. Training
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0.876), RF-WOE model (AUC = 0.872), ADT model
(AUC = 0.863), WOE model (AUC = 0.841), and RF
model (AUC = 0.825) (Fig. 18b). Also, in this situation, all
the models applied in the present analysis have higher
performances than the Weighted Sum  method
(AUC = 0.711).

It should be noted that the ADT model performs better
when its capabilities are combined with those specific to
WOE method than in the case when it is used as a stand-
alone model. Therefore, it can be assumed that, at least in
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Fig. 18 ROC curves graphics (a. Success Rate; b. Prediction Rate)

the present situation, the ADT model has a higher perfor-
mance when the input data is represented by the weights of
evidence coefficients assigned to each class/category of
flash-flood conditioning factors.

Table 4 The values of ROC Curve parameters (Standard Error and 95%—Confidence Interval)

Models Training dataset Valitdating dataset
AUC S.E. Clysq, AUC S.E. Clyse,
Lower bound Upper bound Lower bound Upper bound

FFPI ADT 0.889 0.017 0.846 0.931 0.863 0.027 0.810 0.916
FFPI ADT-WOE 0.917 0.017 0.882 0.946 0.886 0.024 0.839 0.933
FFPI LMT 0.909 0.016 0.875 0.943 0.876 0.023 0.828 0.925
FFPI LMT-WOE 0.906 0.018 0.872 0.941 0.881 0.025 0.833 0.930
FFPI RF 0.910 0.018 0.877 0.943 0.825 0.028 0.770 0.881
FFPI RF-WOE 0.893 0.022 0.856 0.929 0.872 0.025 0.823 0.921
FFPI WOE 0.903 0.017 0.869 0.937 0.841 0.029 0.785 0.897
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Table 5 Statistical significance

of differences between AUC
values

Pair-wise comparison of AUC

Success rate

Prediction rate

z-value  p-value Significance z-value p-value Significance
ADT vs ADT-WOE —39.89 <0.0001 YES — 18.26 < 0.0001 YES
ADT vs LMT — 2792 <0.0001 YES — 10.13 < 0.0001 YES
ADT vs LMT-WOE — 2356 <0.0001 YES — 14.16 < 0.0001 YES
ADT vs RF —29.39 <0.0001 YES + 2723 <0.0001 YES
ADT vs RF-WOE — 537 <0.0001 YES —6.96 <0.0001 YES
ADT vs WOE —19.26 < 0.0001 YES + 16.15 < 0.0001 YES
ADT-WOE vs LMT +12.02 < 0.0001 YES —7.83 <0.0001 YES
ADT-WOE vs LMT-WOE + 16.39 < 0.0001 YES — 11.86 < 0.0001 YES
ADT-WOE vs RF + 10.55 < 0.0001 YES + 29.51 <0.0001 YES
ADT-WOE vs RF-WOE + 3454 < 0.0001 YES —4.66 <0.0001 YES
ADT-WOE vs WOE +20.69 <0.0001 YES + 18.44 < 0.0001 YES
LMT vs LMT-WOE + 437 <0.0001 YES —4.03 <0.0001 YES
LMT vs RF — 147 0.07 NO + 3731 < 0.0001 YES
LMT vs RF-WOE + 2256 < 0.0001 YES + 3.17 0.0013 YES
LMT vs WOE + 8.67 < 0.0001 YES +26.25 < 0.0001 YES
LMT-WOE vs RF —5.87 <0.0001 YES + 4131 <0.0001 YES
LMT-WOE vs RF-WOE + 18.19 < 0.0001 YES 4+ 7.21 <0.0001 YES
LMT-WOE vs WOE + 431 <0.0001 YES + 30.27 < 0.0001 YES
RF vs RF-WOE +24.03 <0.0001 YES —34.16 <0.0001 YES
RF vs WOE + 10.15 < 0.0001 YES — 11.1  <0.0001 YES
RF-WOE vs WOE —13.89 < 0.0001 YES + 23.09 < 0.0001 YES

Another remarkable aspect is that the AUC values of the
7 models are very close, with a maximum difference of
0.028 in the case of Success Rate and 0.061 in terms of
Prediction Rate. Although the AUC values obtained for the
7 models are very close, it is very important to analyse
whether there exists a statistically significant difference
between them. The statistical significance of the difference
between the AUC values related to each of the seven
models was tested using the methodology proposed by
Hanley and McNeil (1982). As a brief characterization, in
order to estimate the statistical significance of the differ-
ence between AUC values, this method takes into consid-
eration the following elements: the AUC values, the
standard error, and the number of positive (torrential pix-
els) and negative (non-torrential pixels) cases used to
construct the ROC Curve. The main outcomes of this
method are the z statistic value and the significance level
(p value). If p is less than 0.05, the difference between two
compared AUC values is statistically significant (Hanley
and McNeil 1982).

According to the results presented in Table 5, in terms
of Success Rate, the pair-wise comparison revealed a sig-
nificant difference between almost all the AUC values.
Among all the 21 pair-wise comparisons, the only differ-
ence which is not significant (p = 0.07) is between LMT
(AUC = 0.909) and RF (AUC = 0.91) stand-alone models.

The comparisons between the values of Prediction Rate,
show that all the differences between the AUC values are
statistically significant, the high p-value of 0.0013 being
obtained following the comparison between LMT and RF-
WOE models.

5 Conclusions

Over the last period of time, there has been an expo-
nential growth in the frequency of high-risk hydrolog-
ical phenomena, such as flash-floods, having a direct
effect on the increase of material damage and loss of
human lives. The mitigation of the negative effects
requires first of all the identification of the surfaces
with a high potential for the surface runoff manifesta-
tion. Until now, the most commonly used method for
determining the potential to flash-floods is represented
by the Flash-Flood Potential Index (FFPI). The main
goal of the present study was to calculate the FFPI
values across the upper and middle basin of Prahova
river, by combining the GIS techniques with those
specific to bivariate statistics (Weights of Evidence) and
machine learning fields (Rotation Forest, Logistic
Model Tree and Alternating Decision Tree). Three
hybrid models were formed by the combination of WOE
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model with each of the three decision tree-based
models. In order to train the models, it was necessary to
identify the areas with torrential phenomena occurred
in the study area, as well as to select a number of 12
flash-flood conditioning factors, whose predictive abil-
ity was tested through the correlation-based feature
selection (CFS) method. According to CFS model,
slope angle recorded the highest predictive ability. The
evaluation of results accuracy and models’ perfor-
mances was carried out by estimating the relative dis-
tribution of torrential areas within FFPI classes and by
using the ROC Curve model. ADT-WOE hybrid model
obtained the best performances for both results classi-
fication (AUC = 0.917) and results validation (AUC =
0.886). The lowest performance regarding the results
classification was assigned to ADT stand-alone model
(AUC = 0.889), while in terms of results accuracy RF
stand-alone model was the weakest (AUC = 0.825).
Nevertheless, all the models used in this study proved
to be more efficient than the subjective WS method
applied by Zaharia et al. (2017) in order to calculate the
FFPI on the same study area.

All the seven models have highlighted the north-western
part of the study area as the most exposed to the flash-flood
occurrence. Together, high and very high FFPI values had
total weights ranging from 23.3% (WOE model) to 43.7%
(LMT stand-alone model) of the study area.

The main novelty of the present study consists of the use
of three hybrid models and the consideration of the areas
affected in the past by torrentiality for FFPI calculation.

The results of this study can be used in the activity of
flash-flood forecasting which take place within the
National Institute of Hydrology and Water Management of
Romania. The present analysis can be also used by the
local authorities in order to prevent the construction of new
buildings in the areas prone to flash-floods phenomena.
Also, the high performance that characterises all the
models employed in FFPI computation recommends the
use of these methods and the flash-flood influencing factors
on other areas for which the assessment of flash-flood
susceptibility should be done. The way in which each flash-
flood conditioning factor was classified, and at least the
weights of the most important flash-flood conditioning
factors may represent a benchmark for studies carried out
within other catchments including those outside of
Romania.

Acknowledgements The author would like to thank the two anony-
mous reviewers of the Stochastic Environmental Research and Risk
Assessment journal, for their critical and valuable comments that
helped to improve the article. This study was financially supported by
the Research Institute of the University of Bucharest.

@ Springer

References

Agterberg FP (1992) Combining indicator patterns in weights of
evidence modeling for resource evaluation. Nat Res Res
1(1):39-50

Alkhasawneh MS, Ngah UK, Tay LT, Isa M, Ashidi N, Al-batah MS
(2013) Determination of important topographic factors for
landslide mapping analysis using MLP network. Sci World J
2013:1-12. https://doi.org/10.1155/2013/415023

Althuwaynee OF, Pradhan B, Park HJ, Lee JH (2014) A novel
ensemble bivariate statistical evidential belief function with
knowledge-based analytical hierarchy process and multivariate
statistical logistic regression for landslide susceptibility map-
ping. Catena 114:21-36

Arnoldus HM (1980) An approximation of the rainfall factor in the
universal soil loss equation. In: de Boodts M, Gabriels D (eds)
Assessments of erosion. Wiley, Chichester, pp 127-132

Arrighi C, Rossi L, Trasforini E, Rudari R, Ferraris L, Brugioni M,
Castelli F (2018) Quantification of Flood risk mitigation benefits:
a building-scale damage assessment through the RASOR
platform. J Environ Manag 207:92-104

Bathrellos GD, Karymbalis E, Skilodimou HD, Gaki-Papanastassiou
K, Baltas EA (2016) Urban flood hazard assessment in the basin
of Athens Metropolitan city, Greece. Environ Earth Sci
75(4):319

Bui DT, Ho TC, Revhaug I, Pradhan B, Nguyen DB (2013) Landslide
susceptibility mapping along the national road 32 of Vietnam
using GIS-based J48 decision tree classifier and its ensembles.
In: Cartography from pole to pole: selected contributions to the
XXVIth internationalconference of the ICA. Springer, Dresden,
p 303

Bui DT, Tuan TA, Klempe H, Pradhan B, Revhaug I (2016) Spatial
prediction models for shallow landslide hazards: a comparative
assessment of the efficacy of support vector machines, artificial
neural networks, kernel logistic regression, and logistic model
tree. Landslides 13(2):361-378

Cao C, Xu P, Wang Y, Chen J, Zheng L, Niu C (2016) Flash flood
hazard susceptibility mapping using frequency ratio and statis-
tical index methods in coalmine subsidence areas. Sustainability
8(9):948

Chapi K, Singh VP, Shirzadi A, Shahabi H, Bui DT, Pham BT,
Khosravi K (2017) A novel hybrid artificial intelligence
approach for flood susceptibility assessment. Environ Model
Softw 95:229-245

Chen W, Xie X, Wang J, Pradhan B, Hong H, Bui DT, Ma J (2017a)
A comparative study of logistic model tree, random forest, and
classification and regression tree models for spatial prediction of
landslide susceptibility. Catena 151:147-160

Chen W, Shirzadi A, Shahabi H, Ahmad BB, Zhang S, Hong H,
Zhang N (2017b) A novel hybrid artificial intelligence approach
based on the rotation forest ensemble and naive Bayes tree
classifiers for a landslide susceptibility assessment in Langao
County, China. Geomat Nat Hazards Risk 8(2):1955-1977

Chen W, Pourghasemi HR, Zhao Z (2017c) A GIS-based comparative
study of Dempster-Shafer, logistic regression and artificial
neural network models for landslide susceptibility mapping.
Geocarto Int 32(4):367-385

Chen W, Yan X, Zhao Z, Hong H, Bui DT, Pradhan B (2018) Spatial
prediction of landslide susceptibility using data mining-based
kernel logistic regression, naive Bayes and RBFNetwork models
for the Long County area (China). Bull Eng Geol Environ
78:1-20

Conforti M, Pascale S, Robustelli G, Sdao F (2014) Evaluation of
prediction capability of the artificial neural networks for


https://doi.org/10.1155/2013/415023

Stochastic Environmental Research and Risk Assessment

mapping landslide susceptibility in the Turbolo River catchment
(northern Calabria, Italy). Catena 113:236-250

Costache R (2014) Using GIS techniques for assessing lag time and
concentration time in small river basins. Case study: Pecineaga
river basin, Romania. Geogr Techn 9(1):31-38

Costache R, Zaharia L (2017) Flash-flood potential assessment and
mapping by integrating the weights-of-evidence and frequency
ratio statistical methods in GIS environment—case study:
BascaChiojdului River catchment (Romania). J Earth Syst Sci
126(4):59

Demir G, Aytekin M, Akgun A (2015) Landslide susceptibility
mapping by frequency ratio and logistic regression methods: an
example from Niksar-Resadiye (Tokat, Turkey). Arab J Geosci
8(3):1801-1812

Diakakis M, Deligiannakis G, Pallikarakis A, Skordoulis M (2016)
Factors controlling the spatial distribution of flash flooding in the
complex environment of a metropolitan urban area. The case of
Athens 2013 flash flood event. Int J Disaster Risk Reduct
18:171-180

Ding Q, Chen W, Hong H (2017) Application of frequency ratio,
weights of evidence and evidential belief function models in
landslide susceptibility mapping. Geocarto Int 32(6):619-639

Dou J, Yamagishi H, Pourghasemi HR, Yunus AP, Song X, Xu Y,
Zhu Z (2015) An integrated artificial neural network model for
the landslide susceptibility assessment of Osado Island, Japan.
Nat Hazards 78(3):1749-1776

Dou J, Yamagishi H, Zhu Z, Yunus AP, Chen CW (2018) TXT-tool
1.081-6.1 A comparative study of the binary logistic regression
(BLR) and artificial neural network (ANN) models for GIS-
based spatial predicting landslides at a regional scale. In Sassa K
et al (eds) Landslide dynamics: ISDR-ICL landslide interactive
teaching tools. Springer, Cham, pp 139-151. https://doi.org/10.
1007/978-3-319-57774-6_10

Douvinet J, Van De Wiel MJ, Delahaye D, Cossart E (2015) A flash
flood hazard assessment in dry valleys (northern France) by
cellular automata modelling. Nat Hazards 75(3):2905-2929

Eristi H, Demir Y (2012) The feature selection based power quality
event classification using wavelet transform and logistic model
tree. PrzegladElektrotechniczny 88(7a):43—48

Georgakakos KP (2006) Analytical results for operational flash flood
guidance. J Hydrol 317(1-2):81-103

Glas H, Jonckheere M, Mandal A, James-Williamson S, De Maeyer
P, Deruyter G (2017) A GIS-based tool for flood damage
assessment and delineation of a methodology for future risk
assessment: case study for Annotto Bay, Jamaica. Nat Hazards
88(3):1867-1891

Goetz JN, Brenning A, Petschko H, Leopold P (2015) Evaluating
machine learning and statistical prediction techniques for
landslide susceptibility modeling. Comput Geosci 81:1-11

Hall MA (1999) Correlation-based feature selection for machine
learning. Deptartment of Computer Science, Doctoral disserta-
tion, University of Waikato

Hanger S, Linnerooth-Bayer J, Surminski S, Nenciu-Posner C, Lorant
A, Ionescu R, Patt A (2018) Insurance, public assistance, and
household flood risk reduction: a comparative study of Austria,
England, and Romania. Risk Anal 38(4):680-693

Hanley JA, McNeil BJ (1982) The meaning and use of the area under
a receiver operating characteristic (ROC) curve. Radiology
143(1):29-36

Hong H, Pradhan B, Xu C, Bui DT (2015) Spatial prediction of
landslide hazard at the Yihuang area (China) using two-class
kernel logistic regression, alternating decision tree and support
vector machines. Catena 133:266-281

Hong H, Liu J, Zhu AX, Shahabi H, Pham BT, Chen W, Bui DT
(2017) A novel hybrid integration model using support vector
machines and random subspace for weather-triggered landslide

susceptibility assessment in the Wuning area (China). Environ
Earth Sci 76(19):652

Hong H, Liu J, Bui DT, Pradhan B, Acharya TD, Pham BT, Ahmad
BB (2018a) Landslide susceptibility mapping using J48 decision
tree with adaboost, bagging and rotation forest ensembles in the
Guangchang area (China). Catena 163:399-413

Hong H, Tsangaratos P, Ilia I, Liu J, Zhu AX, Chen W (2018b)
Application of fuzzy weight of evidence and data mining
techniques in construction of flood susceptibility map of Poyang
County, China. Sci Total Environ 625:575-588

Jenness JS (2000) The effects of fire on Mexican spotted Owls in
Arizona and New Mexico. MSc thesis. Northern Arizona
University, p 137

Kavzoglu T, Sahin EK, Colkesen I (2014) Landslide susceptibility
mapping using GIS-based multi-criteria decision analysis, sup-
port vector machines, and logistic regression. Landslides
11(3):425-439

Kayastha P, Dhital MR, De Smedt F (2012) Landslide susceptibility
mapping using the weight of evidence method in the Tinau
watershed, Nepal. Nat hazards 63(2):479-498

Kazakis N, Kougias I, Patsialis T (2015) Assessment of flood hazard
areas at a regional scale using an index-based approach and
analytical hierarchy process: application in Rhodope-Evros
region, Greece. Sci Total Environ 538:555-563

Khosravi K, Nohani E, Maroufinia E, Pourghasemi HR (2016) A GIS-
based flood susceptibility assessment and its mapping in Iran: a
comparison between frequency ratio and weights-of-evidence
bivariate statistical models with multi-criteria decision-making
technique. Nat Hazards 83(2):947-987

Khosravi K, Pham BT, Chapi K, Shirzadi A, Shahabi H, Revhaug I,
Bui DT (2018) A comparative assessment of decision trees
algorithms for flash flood susceptibility modeling at Haraz
watershed, northern Iran. Sci Total Environ 627:744-755

Kourgialas NN, Karatzas GP (2011) Flood management and a GIS
modelling method to assess flood-hazard areas—a case study.
Hydrol Sci J-J des Sci Hydrol 56(2):212-225

Kruzdlo R, Ceru J (2010) Flash Flood Potential Index for WFO
Mount Holly/Philadelphia. In: Eastern region flash flood con-
ference, poster session, NOAA’s National Weather Service,
pp 2-4)

Landwehr N, Hall M, Frank E (2005) Logistic model trees. Machine
learning 59(1-2):161-205

Lee S (2005) Application of logistic regression model and its
validation for landslide susceptibility mapping using GIS and
remote sensing data. Int J] Remote Sens 26(7):1477-1491

Liu KY, Lin J, Zhou X, Wong ST (2005) Boosting alternating
decision trees modeling of disease trait information. In: BMC
genetics, vol 6(1). BioMed Central, p S132

Lombardo L, Cama M, Conoscenti C, Mirker M, Rotigliano E (2015)
Binary logistic regression versus stochastic gradient boosted
decision trees in assessing landslide susceptibility for multiple-
occurring landslide events: application to the 2009 storm event
in  Messina  (Sicily, southern Italy). Nat Hazards
79(3):1621-1648

Musy A, Higy C (2010) Hydrology: a science of nature. CRC Press,
Boca Raton

Ozcift A, Gulten A (2011) Classifier ensemble construction with
rotation forest to improve medical diagnosis performance of
machine learning algorithms. Comput Methods Programs
Biomed 104(3):443-451

Ozturk U, Wendi D, Crisologo I, Riemer A, Agarwal A, Vogel K,
Korup O (2018) Rare flash floods and debris flows in southern
Germany. Sci Total Environ 626:941-952

Pham BT, Bui DT, Prakash I, Dholakia MB (2016a) Rotation forest
fuzzy rule-based classifier ensemble for spatial prediction of
landslides using GIS. Nat Hazards 83(1):97-127

@ Springer


https://doi.org/10.1007/978-3-319-57774-6_10
https://doi.org/10.1007/978-3-319-57774-6_10

Stochastic Environmental Research and Risk Assessment

Pham BT, Bui D, Prakash I, Dholakia M (2016b) Evaluation of
predictive ability of support vector machines and naive Bayes
trees methods for spatial prediction of landslides in Uttarakhand
state (India) using GIS. J Geomat 10:71-79

Pham BT, Bui DT, Dholakia MB, Prakash I, Pham HV, Mehmood K,
Le HQ (2017a) A novel ensemble classifier of rotation forest and
Naive Bayer for landslide susceptibility assessment at the Luc
Yen district, Yen Bai Province (Viet Nam) using GIS. Geomat
Nat Hazards Risk 8(2):649-671

Pham BT, Bui DT, Prakash I (2017b) Landslide susceptibility
assessment using bagging ensemble based alternating decision
trees, logistic regression and J48 decision trees methods: a
comparative study. Geotech Geol Eng 35(6):2597-2611

Pradhan B, Youssef AM (2011) A 100-year maximum flood
susceptibility mapping using integrated hydrological and hydro-
dynamic models: Kelantan River Corridor, Malaysia. J Flood
Risk Manag 4(3):189-202

Rahmati O, Pourghasemi HR (2017) Identification of critical flood
prone areas in data-scarce and ungauged regions: a comparison
of three data mining models. Water Resour Manag
31(5):1473-1487

Regmi AD, Devkota KC, Yoshida K, Pradhan B, Pourghasemi HR,
Kumamoto T, Akgun A (2014) Application of frequency ratio,
statistical index, and weights-of-evidence models and their
comparison in landslide susceptibility mapping in Central Nepal
Himalaya. Arab J Geosci 7(2):725-742

Rodriguez JJ, Kuncheva LI, Alonso CJ (2006) Rotation forest: a new
classifier ensemble method. IEEE Trans Pattern Anal Mach
Intell 28(10):1619-1630

Romanescu G, Mihu-Pintilie A, Stoleriu CC, Carboni D, Paveluc LE,
Cimpianu CI (2018) A comparative analysis of exceptional flood
events in the context of heavy rains in the summer of 2010: Siret
Basin (NE Romania) Case Study. Water 10(2):216

Ryu J, Jung Y, Kong DS, Park BK, Kim YS, Engel BA, Lim KJ
(2016) Approach of land cover based asymptotic curve number
regression equation to estimate runoff. Irrig Drain 65:94-104

Saharia M, Kirstetter PE, Vergara H, Gourley JJ, Hong Y, Giroud M
(2017) Mapping flash flood severity in the United States.
J Hydrometeorol 18(2):397-411

Samela C, Albano R, Sole A, Manfreda S (2018) A GIS tool for cost-
effective delineation of flood-prone areas. Comput Environ
Urban Syst 70:43-52

ShafapourTehrany M, Shabani F, NeamahJebur M, Hong H, Chen W,
Xie X (2017) GIS-based spatial prediction of flood prone areas
using standalone frequency ratio, logistic regression, weight of
evidence and their ensemble techniques. Geomat Nat Hazards
Risk 8(2):1538-1561

Shirzadi A, Bui DT, Pham BT, Solaimani K, Chapi K, Kavian A,
Revhaug I (2017) Shallow landslide susceptibility assessment
using a novel hybrid intelligence approach. Environ Earth Sci
76(2):60

Siahkamari S, Haghizadeh A, Zeinivand H, Tahmasebipour N,
Rahmati O (2018) Spatial prediction of flood-susceptible areas
using frequency ratio and maximum entropy models. Geocarto
Int 33(9):927-941

@ Springer

Smith G (2003) Flash flood potential: determining the hydrologic
response of ffmp basins to heavy rain by analyzing their
physiographic characteristics. A white paper available from the
NWS Colorado Basin River Forecast Center web site at http://
www.cbrfc.noaa.gov/papers/ffp_wpap.pdf

Tehrany MS, Lee MJ, Pradhan B, Jebur MN, Lee S (2014) Flood
susceptibility mapping using integrated bivariate and multivari-
ate statistical models. Environ Earth Sci 72(10):4001-4015

Tehrany MS, Pradhan B, Jebur MN (2015) Flood susceptibility
analysis and its verification using a novel ensemble support
vector machine and frequency ratio method. Stoch Environ Res
Risk Assess 29(4):1149-1165

Tsangaratos P, Ilia I (2016) Landslide susceptibility mapping using a
modified decision tree classifier in the Xanthi Perfection, Greece.
Landslides 13(2):305-320

Vaezi AR, Zarrinabadi E, Auerswald K (2017) Interaction of land use,
slope gradient and rain sequence on runoff and soil loss from
weakly aggregated semi-arid soils. Soil Tillage Res 172:22-31

Van Westen CJ (2002) Use of weights of evidence modeling for
landslide susceptibility mapping. International Institute for
Geoinformation Science and Earth Observation: Enschede, The
Netherlands

Van Westen CJ, Rengers N, Soeters R (2003) Use of geomorpho-
logical information in indirect landslide assessment. Nat Hazards
30(3):399-419

Wang LJ, Guo M, Sawada K, Lin J, Zhang J (2016) A comparative
study of landslide susceptibility maps using logistic regression,
frequency ratio, decision tree, weights of evidence and artificial
neural network. Geosci J 20(1):117-136

Wu S, Yu M, Chen L (2017) Nonmonotonic and spatial-temporal
dynamic slope effects on soil erosion during rainfall-runoff
processes. Water Resour Res 53(2):1369-1389

Yesilnacar E, Topal T (2005) Landslide susceptibility mapping: a
comparison of logistic regression and neural networks methods
in a medium scale study, Hendek region (Turkey). Eng Geol
79(3-4):251-266

Youssef AM, Al-Kathery M, Pradhan B (2015) Landslide suscepti-
bility mapping at AlHasher area, Jizan (Saudi Arabia) using GIS-
based frequency ratio and index of entropy models. Geosci J
19(1):113-134

Youssef AM, Pradhan B, Sefry SA (2016) Flash flood susceptibility
assessment in Jeddah city (Kingdom of Saudi Arabia) using
bivariate and multivariate statistical models. Environ Earth Sci
75(1):12

Zaharia L, Costache R, Pravilie R, Minea G (2015) Assessment and
mapping of flood potential in the Slanic catchment in Romania.
J Earth Syst Sci 124(6):1311-1324

Zaharia L, Costache R, Pravilie R, Ioana-Toroimac G (2017)
Mapping flood and flooding potential indices: a methodological
approach to identifying areas susceptible to flood and flooding
risk. Case study: the Prahova catchment (Romania). Front Earth
Sci 11(2):229-247

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.


http://www.cbrfc.noaa.gov/papers/ffp_wpap.pdf
http://www.cbrfc.noaa.gov/papers/ffp_wpap.pdf

	Flood susceptibility estimation using randomization-based machine learning models. A case study at the Putna river basin, Romania
	Abstract
	Introduction
	Study area
	Data
	Flood inventory
	Flood conditioning factors
	Morphometric predictors
	Slope angle
	Elevation
	Aspect
	Topographic position index (TPI)
	Stream power index (SPI)
	Topographic wetness index (TWI)
	Profile curvature
	Plan curvature
	Convergence index

	Hydrological predictors
	Distance to rivers
	Hydrological soil groups (HSG)

	3. Climatic predictors
	Rainfall

	Land use and geological predictors
	Land use/Land cover
	Lithology



	Methods
	OneR attribute Evaluation for feature selection
	Weights of Evidence
	Random Committee (RC) model
	Random SubSpace (RSS)
	Randomizable filtered classifier (RFC)
	Filter (preprocessing step)
	Base classifier
	Randomization
	Prediction

	Results validation methods
	ROC curve
	Statistical metrics


	Results
	Feature selection
	Weights of evidence (WOE) coefficient
	RC-WOE
	Rss-WOE
	Rfc-WOE
	Results validation
	ROC curve
	Statistical metrics


	Discussions
	Conclusions
	Ethical approval
	Author contributions
	Disclosure statement
	Funding
	References

	Flood mapping based on novel ensemble modeling involving the deep learning, Harris Hawk optimization algorithm and stacking based machine learning
	Abstract
	Introduction
	Study area
	Data
	Flood inventory
	Flood conditioning factors

	Methods
	Correlation-based feature selection (CFS)
	Index of entropy
	Deep learning neural network (DLNN)
	Multilayer perceptron
	Logistic regression
	Classification and regression tree (CART)
	Support vector machine
	Naïve Bayes
	Stacking ensemble
	Harris Hawk optimization


	Results validation
	ROC curve
	Statistical metrics


	Results
	Feature selection
	IOE coefficients
	DLNN-IOE-HHO
	MLP-IOE-HHO
	Stacking-HHO-IOE
	Results validation

	Discussions
	Conclusions
	Acknowledgements 
	References

	﻿New Machine Learning Ensemble for Flood Susceptibility Estimation
	﻿Abstract
	﻿1﻿ ﻿Introduction
	﻿2﻿ ﻿Study Area
	﻿﻿3﻿ ﻿Data
	﻿3.1﻿ ﻿Flood Inventory
	﻿3.2﻿ ﻿Flood Predictors

	﻿4﻿ ﻿Methods
	﻿4.1﻿ ﻿ReliefF Method
	﻿4.2﻿ ﻿Weights of Evidence
	﻿4.3﻿ ﻿UltraBoost (U)
	﻿4.4﻿ ﻿Stochastic Gradient Descending (SGD)
	﻿4.5﻿ ﻿Cost Sensitive Forest (CSForest)
	﻿4.6﻿ ﻿Results Validation
	﻿4.6.1﻿ ﻿Receiver Operating Characteristic (ROC) Curve
	﻿4.6.2﻿ ﻿Statistical Metrics


	﻿5﻿ ﻿Results
	﻿5.1﻿ ﻿Feature Selection Using ReliefF Method
	﻿5.2﻿ ﻿Weights of Evidence Coefficients
	﻿5.3﻿ ﻿Ultraboost-Weights of Evidence (U-WOE)
	﻿5.4﻿ ﻿Stochastic Gradient Descending – Weights of Evidence (SGD-WOE)
	﻿5.5﻿ ﻿Cost Sensitive Forest – Weights of Evidence (CSForest-WOE)
	﻿5.6﻿ ﻿Results validation
	﻿5.6.1﻿ ﻿ROC Curve
	﻿5.6.2﻿ ﻿Statistical Metrics


	﻿6﻿ ﻿Discussions
	﻿7﻿ ﻿Conclusions and Future Directions
	﻿References

	Flood susceptibility evaluation through deep learning optimizer ensembles and GIS techniques
	1 Introduction
	2 Study area and data used
	2.1 Study area
	2.2 Flood locations inventory
	2.3 Flood predictors

	3 Methods
	3.1 Correlation-based feature selection (CFS)
	3.2 Frequency ratio
	3.3 Multilayer Perceptron (MLP)
	3.4 Deep learning neural network (DLNN)
	3.5 Alternating Decision Tree (ADT)
	3.6 Iterative Classifier Optimizer (ICO)
	3.6 Results validation
	3.6.1 Statistical measures
	3.6.2 ROC curve


	4 Results
	4.1 Application of CFS for predictors selection
	4.2 Frequency ratio results
	4.3 Establishment of flood susceptibility maps through ICO-based ensembles
	4.3.1 ICO-DLNN-FR
	4.3.2 ICO-MLP-FR
	4.3.3 ICO-ADT-FR

	4.5 Validation of the established maps
	4.5.1 ROC curves
	4.5.2 Statistical metrics


	5 Discussions
	6 Conclusions
	Funding
	Credit author statement
	Declaration of competing interest
	Appendix A Supplementary data
	References

	Flash-flood hazard using deep learning based on H2O R package and fuzzy-multicriteria decision-making analysis
	1 Introduction
	2 Study area
	3 Data
	3.1 Torrential locations inventory
	3.2 Flash-flood predictors

	4 Methods
	4.1 Feature selection using ReliefF method
	4.2 Deep Learning Neural Network (DLNN)
	4.3 Fuzzy Analytical Hierarchy Process (FAHP)
	4.4 Multilayer Perceptron (MLP)
	4.5 Naïve Bayes (NB)
	4.6 Results validation
	4.6.1 Statistical metrics
	4.6.2 ROC Curve


	5 Results
	5.1 Feature selection and correlation analysis
	5.2 AHP coefficients
	5.3 Flash-flood susceptibility computation
	5.3.1 Fuzzy-AHP
	5.3.2 DLNN-AHp
	5.3.3 MLP-AHp
	5.3.4 NB-AHp

	5.4 Validation and comparison of the models
	5.4.1 Analysis of statistical metrics
	5.4.2 Analysis of the ROC Curve


	6 Discussions
	7 Conclusions
	Funding
	CRediT authorship contribution statement

	Declaration of Competing Interest
	References

	Spatial predicting of flood potential areas using novel hybridizations of fuzzy decision-making, bivariate statistics, and machine learning
	Introduction
	Study area and data
	The geographical setting of the Buzău river catchment
	Flood inventory
	Flood conditioning factors

	Materials and methods
	Linear Support Vector Machine for feature selection
	Fuzzy Analytical Hierarchy process
	Fuzzy set theory
	Combining AHP algorithm with fuzzy set theory
	FAHP extent method

	Index of Entropy
	Support Vector Machine

	The proposed methodology for predicting potential flood areas
	Establishment of the flood database for the Buzău river catchment
	Training data, validation data, and feature selection
	Configuration and training of flood models
	Performance evaluation of the flood models

	Results
	Predictiveness of the flood conditioning factors
	Performance of the flood models
	Flood modeling with index of Entropy
	Flood modeling with the FAHP stand-alone and FAHP-IoE
	Flood modeling with the SVM stand-alone and SVM-IoE

	Discussion and conclusions
	CRediT authorship contribution statement
	mk:H1_27
	References

	Comparative assessment of the flash-flood potential within small mountain catchments using bivariate statistics and their novel hybrid integration with machine learning models
	1 Introduction
	2 Materials and methods
	2.1 Study area and data collection
	2.1.1 Study area general characteristics
	2.1.2 Flash-flood conditioning factors
	2.1.3 Inventory of the surfaces affected by torrential phenomena and creation of training and validating dataset

	2.2 Methods used
	2.2.1 Variance inflation (VIF) and tolerance (TOL) for multicollinearity assessment
	2.2.2 Information Gain (IG) for feature selection
	2.2.3 Statistical index (SI)
	2.2.4 Logistic regression (LR)
	2.2.5 Classification and regression tree (CART)
	2.2.6 Multilayer perceptron (MLP)
	2.2.7 Random forest (RAF)
	2.2.8 Support vector machine (SVM)

	2.3 Configuration of hybrid models for FFPI computation
	2.3.1 LR-SI
	2.3.2 CART-SI
	2.3.3 MLP-SI
	2.3.4 RAF-SI
	2.3.5 SVM-SI

	2.4 Models performance assessment and results validation
	2.4.1 Statistical measures
	2.4.2 ROC curve


	3 Results
	3.1 Multicollinearity assessment and feature selection
	3.2 Statistical index computation
	3.3 Performances of the modelling process
	3.4 Flash-flood potential Index mapping
	3.4.1 Statistical Index stand-alone model
	3.4.2 LR-SI hybrid model
	3.4.3 CART-SI hybrid model
	3.4.4 MLP-SI hybrid model
	3.4.5 RAF-SI hybrid model
	3.4.6 SVM-SI hybrid model

	3.5 Results validation (ROC Curve)

	4 Discussion
	5 Conclusions
	Declaration of Competing Interest
	Appendix A Supplementary data
	References

	Flash-�Flood Potential assessment in the upper and middle sector of Prahova river catchment (Romania). A comparative approa...
	1. Introduction
	2. Study area
	3. Materials and methods
	3.1. Inventory and mapping of areas affected by torrential phenomena
	3.2. Flash-flood conditioning factors
	3.3. Selection of flash-flood conditioning factors
	3.4. FFPI calculation method
	3.4.1. Frequency Ratio (FR) model
	3.4.2. Weights of Evidence (WoE) model
	3.4.3. Support Vector Machine (SVM)
	3.4.4. Logistic Regression

	3.5. Results validation and model performance assessment
	3.5.1. Relative distribution of training and validating areas within FFPI classes
	3.5.2. Receiver operating characteristics (ROC)
	3.5.3. Statistical measures


	4. Results and discussion
	4.1. Predictive capability of flash-flood conditioning factors
	4.2. Application of hybrid models LR-FR and LR-WoE
	4.3. Application of hybrid models SVM-FR and SVM-WoE
	4.4. Results validation and accuracy assessment

	5. Conclusions
	Acknowledgements
	References

	Flash-flood Potential Index mapping using weights of evidence, decision Trees models and their novel hybrid integration
	Abstract
	Introduction
	Study area
	Data and methods
	Torrential areas inventory
	Flash-flood influencing factors
	Factor selection using correlation-based feature selection (CFS)
	Weights of evidence
	Rotation forest (RF)
	Logistic model tree (LMT)
	Alternating decision tree
	Evaluation of the model’s performance and results validation
	Density of torrential pixels inside the classes of FFPI
	Receiver operating characteristics curve (ROC Curve)


	Results and discussions
	Predictive capability of flash-flood influencing factors
	Application of weights of evidence stand-alone model
	Application of LMT stand-alone model and LMT-WOE hybrid model
	Application of RF stand-alone model and RF-WOE hybrid model
	Application of ADT stand-alone model and ADT-WOE hybrid model
	Model performance assessment and results validation
	Density of torrential areas within FFPI classes
	ROC Curve


	Conclusions
	Acknowledgements
	References


