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Abstract
The present study aims to estimate the �ood susceptibility degree over the Prahova River basin located in
the central-southern part of Romania. To obtain the proposed outcomes, the next 10 �ood predictors were
used as independent variable in the machine learning models: slope angle, convergence index, distance
from river, elevation, plan curvature, hydrological soil group, lithology, topographic wetness index, rainfall
and land use. The factors along with 158 �ood locations, that represent the dependent variables, were
involved in the training procedure of the following four ensemble models: Deep Learning Neural Network
–Statistical Index (DLNN-SI), Particle Swarm Optimization-Deep Learning Neural Network–Statistical
Index (PSO-DLNN-SI), Support Vector Machine–Statistical Index (SVM-SI) and Particle Swarm
Optimization-Support Vector Machine–Statistical Index (PSO-SVM-SI). Through the Statistical Index
method, the coe�cients of each �ood predictor class/category were calculated. The best performance
was achieved by PSO-DLNN-SI model for which an AUC-ROC Curve of 0.952 was calculated. It is worth to
note the application of PSO algorithm manage to increase the models performance. Also, it is important
to note that around 25% of the study area has a high and very high exposure to �ood phenomena.

1. Introduction
On a global scale, �oods constitute the major natural hazards causing the greatest incidence of damaged
property as measured by the number of material damages caused by this phenomenon (Jacinto et al.,
2015). The hazards associated with �oods therefore pose a great challenge for each and every one of the
authorities concerned with the �ood risk management activity (Luino et al., 2018). As a result of the
climatic changes that have taken place over the past few decades, it has become evident that �oods have
become more frequent and severe, but it has also contributed to a marked increase in the amount of
material damage and human losses (Peng-cheng et al., 2016). This is one of the reasons why the number
of scienti�c publications that address the topic of �ood risk management has increased steadily in the
past few years. Romania ranks second behind France in terms of the economic damage caused by �oods
at an EU level. Romania must, like all countries in Europe, ensure that its �ood risk management program
is in compliance with the Directive 2007/60/EC. This document suggests that, in order to manage �ood
risks in communities, a great deal of attention should be paid to identifying areas prone to �ooding
(Afriyanie et al., 2020). Furthermore, the evaluation of �ood vulnerability is likewise one of the most
critical non-structural measures implemented in order to reduce material losses and lives that result from
natural disasters such as �ooding (Arora et al., 2021). It is possible to quickly determine whether a given
area is vulnerable to �ooding by using the latest Geographic Information System technologies. It is clear
that the e�ciency of any GIS process will be determined, in a considerable measure, by the accuracy of
its input data, as well as by the combination of GIS models with statistical and machine learning
algorithms. A growing number of studies that have used GIS techniques in combination with some
models speci�c to machine learning and bivariate statistics to identify and map �ood-exposed zones,
have been published in recent years (Ahmadlou et al., 2021). There are three bivariate statistical models
most commonly used to develop models for evaluating �ood susceptibility: Weights of Evidence,
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Statistical Index and Frequency Ratio (Sahana and Patel, 2019). There is a fundamental limitation with
the bivariate statistical models because they consider only the spatial relation between the �ood
locations and the conditioning factors, but they do not consider the causal relationship between the
predictors governing the �ow of the �oods (Costache, 2019a). Among the machine learning methods
used to detect those surfaces showing �ood prone characteristics, the most commonly used ones are:
decision trees algorithms, adaptive neuro-fuzzy inference systems, support vector machines and arti�cial
neural networks (Alizadeh et al., 2018; Khosravi et al., 2018; Xiong et al., 2019). One of the key
advantages characteristics for machine learning models resides in the high automation that they provide,
as well, as the ease with which they can identify patterns and trends into a data sample. Additionally,
machine learning models can handle multiple diversity, as well as multi-dimensional, data sets (Elmahdy
et al., 2020). Even though the machine learning models constitute the most advanced aspects of the data
processing �eld, they also have certain disadvantages that make them less attractive. In the literature,
there have been a great deal of discussions regarding two of the most signi�cant drawbacks of this kind
of technique: the large amount of data required and the high error susceptibility (Albon, 2018; Ao et al.,
2019; Baghban et al., 2018).

In most cases, the authors of studies regarding assessment of �ood potential for a particular region
consider a multitude of geographic factors that in�uence the nature and severity of this natural disaster.
Usually, the authors take into account the following �ood predictors: rainfall, distance from rivers, soils,
slope angle, land use, plan curvature, topographic wetness index and lithology (Chowdhuri et al., 2020). It
is possible to compute the �ood susceptibility by overlaying in a simple manner the �ood in GIS software
and analyzing their contributions. Advance models that allow the weighting of these factors are also able
to determine �ood susceptibility (Bui et al., 2020). As a general rule, �ood conditioning factors are
weighted according to their spatial relationships with historical �ood occurrences (Azareh et al., 2019). As
such, the locations of recent �ood events are considered when giving local weights to these factors (Dano
et al., 2019).

Taking into account these details, the main purpose of the present study is to identify the �ood-prone
areas in Prahova river's hilly and mountain basins, by using four models. Thus, the Deep Learning Neural
Network (DLNN), Support Vector Machine (SVM) and also these 2 optimized models with Particle Swarm
Optimization (PSO) were used to estimate the �ood susceptibility.

As a part of the training of the models mentioned above, a number of 10 �ood predictors, as well as 158
�ood historical events, will be taken into account. One of the huge advantages of this approach is the
possibility of evaluating and validating, quantitatively, the precision of the algorithms involved in the
methodological work�ow and also to assess the accuracy of the �ood susceptibility maps. In the present
study, the accuracy of the results has been tested by computing several statistical parameters and by
plotting the ROC curve and calculating the area under the curve.

2. Study Area
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It was chosen to carry out the study on the upper and middle basin of the Prahova river in Romania
(Fig. 1). It is estimated that the area of the study zone is roughly 2600 km2 and its altitude ranges from
128 to 2505 meters. During the period of the year, the distribution of rainfall on the surface of the river
catchments has a great in�uence on the hydrological regime of the rivers. During the summer season,
there is a variable amount of rainfall in the area, which frequently causes �ash �oods and �ooding.
Approximately 12.43° is the mean value of slope angle, one of the most powerful factors that in�uence
�ooding processes.

It is also important to note that the areas covered by soil groups C and D, which are also present in the
mountainous and hilly regions of the Prahova river basin, favor the occurrence of �oods as well. Using
hydrometric information from the research zone, Costache (2019b) has synthesized a review of the recent
�ood events.

3. Data

3.1. Flood inventory
An inventory of �ood-prone locations affected in the past by �ood phenomena was performed to get a
clearer understanding of how geographic factors in�uence the �ooding process. This information was
taken from the archives of the General Inspectorate for the Situations of Emergencies of Romania. In the
study area, there were 158 �ood events recorded as �ooding events. Also, 158 non-�ooding locations
were chosen at random to grow the objectivity of this research work. These locations are either located in
inter�uvial zones or within very steep slopes where �ooding is not likely to occur. Taking into account the
literature (Tehrany et al., 2017), all the dataset was divided in a random manner into training (70%) and
validating points (30%) (Fig. 1). Finally, the training sample contains 110 �ood locations and 110 non-
�ood locations, while the validating sample contains 48 �ood locations and 48 non-�ood locations.

3.2. Flood predictors
As further step in this attempt to obtain an accurate spatial estimation of �ood susceptibility values, the
choice of the geographical factors that best explain the �ooding process is another important factor
(Dahri and Abida, 2017). As part of this analysis, 10 �ood predictors, which are described in the next rows,
were considered.

According to past research papers (Bui et al., 2019), slope angles obtained with a Digital Elevation Model
are one of the most in�uential factors that control the amount of surface runoff in a given area. The
majority of �ood events occur on slopes less than three degrees in the study zone. Around forty percent
of the research zone have slopes ranging in intensity from seven to �fteen degrees (Fig. 2a).

A number of researchers have documented the effects of elevation on �ooding processes (Kanani-Sadat
et al., 2019). Lower zones are likely to accumulate water because of their lower elevations. A total of eight
classes of elevation were established within the study area (Fig. 2d). The class from 200 m to 400 m
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occupies the highest percentage (25%) of the study area, while around 70% of �ood locations are found
at altitudes from 200 m to 600 m.

The distances from rivers were calculated using the Euclidean Distance algorithm. It has been determined
that the distance from rivers factor can be classi�ed into 8 intervals, based on the literature (Chapi et al.,
2017) (Fig. 2c). It is interesting to note that more than 40% of the �ooding events took place in the �rst 50
meters from the river network.

Corine Land Cover (2018) European database was used to extract the land use factor. The area under
study was categorized into 10 land use categories (Fig. 2e). Approximately 50% of the area consists of
forests, while 50% of the �ood pixels belong to the built-up areas.

The hydrological soil types play a major role in determining the water in�ltration process. There is a
presence of all four soil groups across the study area (Fig. 3d). There were more �oods in hydrological
group C (68%) than any other group.

In the same way that soil groups affect �ooding, lithology controls the in�ltration of water. There were
identi�ed 12 lithological categories within the study zone (Fig. 2f) based on the Geological Map of
Romania, scale 1:200,000. Approximately 80% of all �ood pixels tend to be located within the clays and
sandstones areas.

There is a direct relationship between rainfall and �ood genesis. The IDW method was employed to
interpolate data from21 hydrometric stations and nine meteorological stations (1980–2017) for the
purpose of analyzing the spatial distribution of the rainfall (Fig. 3a). A range of 531 mm/year to 1250
mm/year was split into seven rainfall classes.

TWI values are calculated by dividing a speci�c basin area by its slope. Five intervals were de�ned for the
research perimeter (Fig. 3b). With a range from 8.5 to 12, the middle class has the highest percentage in
terms of spatial extension (30%) and the greatest proportion of �ood pixels (33%).

Flood susceptibility computation work�ow can also take into account the convergence index, another
morphometric variable. Its values had been classi�ed according to the literature into �ve different groups
(Fig. 2b). It is remarkable that the �ood events are all occurring within surfaces that have negative
convergence index values.

There are two types of areas on the plan curvature: convergent and divergent. Taking into account all the
plan curvature values, 3 classes were identi�ed as follows: 11.8–0, 0.1–0.5, 0.6–8.5 (Fig. 3c). Middle
class cover the highest weight in the study area and it accounts for the greatest percentage of the total
number of �ood incidents (75%).

4. Methods

4.1. Statistical index (SI)
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Statistical Index (SI) is a highly used bivariate approach for analyzing the correlation between elements in
the environment. It has been used in studies concerned with the detection of zones exposed to different
types of natural hazards (Bui et al., 2011). The calculation of SI coe�cients can be performed using the
next equation (Regmi et al., 2014):

1

where: SIij – is the coe�cient provided for a speci�c category/class i of parameter j; fij - represents the
density of �ood pixels in the the class i of parameter j, f – represents the density of �ood pixels in the
entire study area, Npix(Si) represents the number of �ood pixels in class i, while Npix(Ni) represents the
total number of pixels in the same parameter class.

4.2. Deep Learning Neural Network (DLNN)
Deep learning is a rapidly growing area of research in machine learning based on arti�cial neural
networks, and is able to detect and classify patterns of data using multidimensional representations (Ngo
et al., 2021). In this context, 'deep' refers to the transformation of one level of data representations into a
higher level of representation (Ortega Adarme et al., 2020). In a data transformation, the maximum
number of layers (depth of network) can be extracted in order to give the best hierarchical representation
of the data. It should also be noted that in addition to the many hidden layers, two neurons in the output
layer will represent �ood and non-�ood points, which will capture the effects of �ooding. As the
assessment of �ood susceptibility is really a binary classi�cation process, �ooding locations would be
assigned the value of 1, while non-�ooding locations would be assigned zero (Costache et al., 2021). The
sigmoid function E(Y = i/x) is implied in the training process of DLNN. An input neuron associated with
classi�cation i will be able to provide a rough approximation of the sigmoid function with the information
that resides on it. Moreover, we will be using a SoftMax function whose form is shown below (Costache
et al., 2021):

2

where ai represent the parameter associated to the softmax function.

A deep neural network is expressed with many hidden layers using an activation function in the next
relation (Costache et al., 2021):

For  = 1, …., H (hidden layers),

SIij = ln( ) = ln

⎛
⎜
⎝

⎞
⎟
⎠

fij

f

Npix(Si)

Npix(Ni)

∑Npix(Si)

∑Npix(Ni

softmax (ai) =
exp (ai)

∑k exp (ai)

h
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3

4

where,  is a parameter which characterize the activation function.

4.3. Support Vector Machine
SVMs (Support Vector Machines) are advanced models based on statistics-based learning theory, which
has found applications for both classi�cation and regression problems that are associated with large
empirical data sets (Gao et al., 2017). Basically, the aim of the algorithm is to determine a hyper-plane
that divides the training data in an optimal manner (Kavzoglu et al., 2014). The support vectors, which
represent the closest data elements to the hyperplane, are considered to be the most essential elements in
training data (Pham et al., 2016). It is thus possible to use the optimized hyperplane to classify the new
data once the optimum surface of the hyperplane has been obtained. An equation that describes a linear
hyperplane that should be used to classify new data can be written as follows (Tehrany et al., 2019):

5

where αi are Lagrange multipliers, x is the independent variable, y is the dependent variable, while b
represents the hyper plane offset determined from the origin. It should be understood that there are many
practical situations when a non-linear separable feature hyperplane would be useful, and as a
consequence the original input data might have to be transferred into a high-dimension feature space. As
a result, whenever a nonlinear kernel function is necessary, the Eq. (5) is rewritten using the form shown
here:

6

where αi and αi
* are Lagrange multipliers (αi ≥ 0, αi

* ≤ C) and K(xi, xj) is the kernel function.

In Fig. 4a is represented the linear hyper-plane, while in Fig. 4b is represented the non-linear hyperplane.

In the present research the Radial Basis Function (RBF) was particularly used in order to apply the SVM
models. Also, the determination of parameters C and γ is crucial for the precision of SVM models. The

a(h) (x) = b
(h) + W (h)p(h−1) (x)

p(h) (x) = k(a
(h)

(x))

k

f (x) = sign(
n

∑
i=1

yiαi
xi, +b)

f (x) =
n

∑
i=1

(αi − α∗
i )K (xi, x) + b
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cross validation is the most common method used to estimate the C and γ optimally values.

4.4. Particle Swarm Optimization
Particle Swarm Optimization (PSO) algorithm was developed as a way to simulate a complex adaptive
system (CAS), which represents an evolutionary computation technique (Li et al., 2019). Based on the
regularity of activity of birds, the algorithm was initially constructed based on the swarm intelligence
principle, and then a simpli�ed version was built based on the swarm learning principle (Jain et al., 2018).
Each optimization problem in PSO is solved by one of the particles, which is called a "bird" in the search
space (Sachdeva et al., 2017). In a PSO, random particles are used to initialize the system and it is used
to search for the ideal solution by iterative evolution (Javidi and Mansoury, 2017). The particles are able
to update themselves automatically during each iteration by tracking the extreme values of velocity and
position (Bui et al., 2017). In order to express the dynamics of the above-mentioned particles
mathematically, let us look at the following formula (Jain et al., 2018):

7

where  is the velocity of particle i at the n iteration,  is the position of particle i at n iteration, 
 is the weight of inertia, c1 is the factor of personal learning, c2 is the factor of social learning, r1

and r2 are 2 random values within the range [0,1],  is the best position of particle i at iteration n,  is
the best position of the swarm at iteration i.

The optimal position of the population in PSO algorithm is reached according the scheme presented in
Fig. 5.

The PSO will be applied involved in the training process of Support Vector Machine in order to optimize
the C and γ parameter, a procedure intended to increase the precision of SVM model. Also, in terms of
DLNN model the PSO algorithm will help in order to determine optimal number of hidden layers and
hidden neurons which are associated with the lowest error. The Mealpy (Xie et al., 2022) Python library
was used in order to apply the SVM, DLNN and also the PSO for both algorithms.

4.5. Results validation

4.5.1. ROC Curve
For studies that seek to investigate �ooding susceptibility it is ever more common to use the receiver
operating characteristic (ROC) curve as a means of validating the �ndings (Bradley, 1997). ROC graphs
are designed to represent relationships between sensitivity on the X axis and 1-speci�city on the Y axis.
Using this model, we show that a model is capable or not to predict the �ood exposed areas with
considerable accuracy, based on the results of our research. As the most signi�cant statistic indicator in

{
V n+1

i = t ∙ V n
i + c1 ∙ r1 ∙ (pn

i −xn
i ) + c2 ∙ r2 ∙ (pn

g −xn
i )

xn+1
i = xn

i + V n
i

V n+1
i xn+1

i

t ∙ V n
i

pn
i pn

g
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the �eld of statistics, AUC represents the area under the ROC curve that indicates the critical information
regarding the performance of the model. The Area Under ROC Curve can be calculated using the following
relation (Costache, 2019a):

8

where P is equal to the �ood points number, N is equal to the non-�ood points number, TP (true positive),
TN (true negative) the points belonging to �oods and non-�oods that are the correctly classi�ed.

4.5.2. Statistical metrics
According to this study, statistical indices are considered signi�cant if they can provide empirical
evidence for a spatial correlation between the location of observed �oods and non-�oods and the areas
that are estimated to be highly susceptible to �ooding (Costache and Bui, 2019). The next formulas are
used to compute the statistical metrics represented by Speci�city, Kappa Index, Sensitivity and Accuracy:

9

10

11

12

FP (false positive) – �ood pixels that are classi�ed in an erroneously manner, FN (false negative) – non-
�ood pixels that are classi�ed in an erroneously manner, k – kappa coe�cient, po – observed �ood pixels,
and pe – locations that are susceptible to �ood.

The six main steps applied for this research are represented in Fig. 6

AUC =
(∑TP + ∑TN)

(P + N)

Sensitivity =
TP

TP + FN

Specificity =
TN

FP + TN

Accuracy =
TP + TN

TP + FP + TN + FN

k =
po − pe

1 − pe
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5. Results

5.1. Multicollinearity assessment and feature selection
In terms of multicollinearity assessment, the Tolerance and Variance In�ation (VIF) indices were used.
The lowest value of Tolerance was of 0.301 and was assigned to slope predictor, while the highest one
was equal to 0.878 and was attributed to Plan curvature. Instead, the VIF maximum value was assigned
to slope (3.035), meanwhile the minimum VIF belongs to Plan curvature (1.14). According to the results
of modelling, there is no serious multicollinearity detected among the �ood predictors.

Table 1
Multicollinearity assessment

Flood predictors Collinearity Statistics

  Tolerance VIF

Elevation 0.503 1.987

Convergence index 0.756 1.323

Land use 0.353 2.832

Distance from river 0.600 1.666

Lithology 0.402 2.488

Plan curvature 0.878 1.140

Slope 0.301 3.035

Hydrological Soil Group 0.703 1.423

Topographic Wetness Index 0.682 1.465

Rainfall 0.571 1.753

The next values were achieved using the Gain Ratio (GR) method for feature selection: Slope (0.966),
Lithology (0.402), Distance from river (0.379), Land use (0.361), Topographic Wetness Index (0.215), Plan
curvature (0.206), Elevation (0.197), Hydrological Soil Group (0.135), Convergence index (0.12), Rainfall
(0.083). Since all the GR values are higher than 0, all the predictors will be taken into account for the
susceptibility modelling.

5.2. Results of Statistical Index (SI)
It should be remarked that a number of 19 �ood predictors classes or categories do not contain any �ood
locations. Since the lowest SI coe�cient of a class/category that contains at least 1 �ood events was − 
2.71, it was took the decision that, for those classes/categories which not contain nor �ood events, to
assign, in a conventional way, the value of -3 (Table 1). The maximum SI value was 0.69, and it was
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achieved by a number of 8 �ood predictor classes/categories. Further the computed SI coe�cients were
used as input data in the machine learning models.
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Table 2
Statistical Index values for each class/category of �ood conditioning factors

Factor Class Class pixels (%) SI

Lithology 1 27.28 -1.35

2 3.08 -1.02

3 0.65 -3

4 1.43 -3

5 0.10 -3

6 0.05 -3

7 0.89 -0.41

8 28.62 -2.23

9 14.30 -0.45

10 23.45 0.55

11 0.07 -3

12 0.08 -3

Slope < 3° 11.46 0.69

3–7° 13.32 0.69

7–15° 41.72 -3

15–25° 26.42 -3

> 25° 7.09 -3

Plan

curvature

-11.8–0 32.68 -0.14

0.1–0.5 56.65 0.16

0.6–8.5 10.66 -3

HGS A 1.52 0.69

B 44.41 -0.95

C 37.82 0.18

D 16.25 -0.20

TWI -9.7–4.5 21.30 -0.20

4.6–8.4 24.98 -0.29

8.5–12 29.70 -0.09
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Factor Class Class pixels (%) SI

12.1–15 21.09 0.19

15.1–25 2.93 0.69

Land use Built-up areas 8.61 0.66

Agriculture zone 11.55 0.31

Vineyards 0.95 -3

Fruit trees 9.17 0.47

Pastures 6.11 -0.81

Forest 52.23 0.00

Natural grassland 6.66 -0.23

Moors and heatland 0.81 -3

Woodland-shrub 3.13 -3

Water bodies 0.78 0.69

CI -96 - -3 21.72 0.67

-3 - -2 6.34 0.41

-2 - -1 8.51 -1.52

-1–0 10.62 -3

0–95 52.81 -3

Elevation (m) 128–200 2.12 0.69

200–400 23.38 0.29

400–600 20.96 0.10

600–800 10.42 -0.75

800–1000 11.96 -3

1000–1200 12.72 -3

1200–1400 10.33 -3

> 1400 8.12 -3

Distance from river (m) 0–50 4.58 0.69

50–100 4.24 0.69

100–150 4.20 0.61
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Factor Class Class pixels (%) SI

150–200 3.10 0.60

200–400 14.49 -0.95

400–700 19.64 -1.33

700–1000 16.53 -1.71

> 1000 33.21 -2.71

Rainfall (mm/year) 531–600 9.94 0.38

600–700 19.82 0.27

700–800 16.85 0.04

800–900 7.34 0.18

900–1000 5.46 -0.10

1000–1100 14.61 -0.88

1100–1250 25.99 -0.23

5.3. Computation of FFSI maps

5.3.1. DLNN-SI and PSO-DLNN-SI
The models accuracy and the degree in which the target data managed the output, following the training
procedure of both DLNN-SI and PSO-DLNN-SI hybrid models, are highlighted in Fig. 8. It should be
remarked that the RMSE value in the case of DLLN-SI for training sample (0.223) is higher than RMSE
value in the case of PSO-DLNN-SI also for training sample (0.137). Further, it should be noted that in
terms of testing sample the RMSE of DLNN-SI (0.239) is also higher than the value of the same
parameter in the case of PSO-DLNN-SI (0.2127). Therefore, it can be state that the optimization of DLNN-
SI with the help of PSO algorithm managed to reduce the error of the model.

Also, it should be noted that the DLNN-SI model achieved the lowest error using an architecture
containing 3 hidden layers and 100 hidden neurons in each hidden layer (Fig. 9a), while PSO-DLNN-SI
achieved the lowest accuracy with an optimal architecture with 3 hidden layers and 83 hidden neurons in
each hidden layer (Fig. 9b).

The training process allow the user to determine the importance of �ood predictors. Thus, in the case of
DLNN-SI ensemble the highest importance was assigned to Slope predictor (0.315), followed by Lithology
(0.131), Distance from river (0.124), Land use (0.118), Topographic Wetness Index (0.070), Plan curvature
(0.067), Elevation (0.064), Hydrological Soil Group (0.044), Convergence index (0.039) and Rainfall
(0.027). The PSO-DLNN-SI ensemble revealed also that Slope predictor achieved the highest importance
(0.269) followed by Distance from river (0.129), Land use (0.123), Topographic Wetness Index (0.113),
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Lithology (0.110), Convergence index (0.082), Hydrological Soil Group (0.072), Elevation (0.067), Rainfall
(0.028) and Plan curvature (0.006) (Fig. 10).

Using the importance of �ood predictors, the Flood Susceptibility Index (FSI) was computed for each of
the 4 ensemble models. Thus, the FSI DLNN-SI has values between − 0.9 and 0.59 which were classi�ed
into 5 intervals with the help of Natural Breaks classi�cation method. The very low class of values are
spread on 24.7% of the middle and upper Prahova River basin, while the low susceptibility covers 27.36%
of the study zone (Fig. 11a). The surfaces with moderate �ood susceptibility can be found on around
23.39% of the territory, while the high and very high �ood susceptibility manage to account approximately
24.55% of the study area. In terms of FSI PSO-DLNN-SI its values range from − 0.97 to 0.62 (Fig. 11b) and
were also split into 5 classes with the same Natural Breaks method. The very low susceptibility has a
total surface equal to 21.45% of the study zone, while the low susceptibility is present on 30.12% of the
middle and upper zone of Prahova River basin. Moderate �ood susceptibility has a percentage of 24.67%,
while, together, high and very high �ood susceptibility span on 23.76% od the entire study zone.

5.3.2. SVM-SI and PSO-SVM-SI
The matching between targets and outputs for both training and testing samples, after the application of
SVM-SI and PSO-SVM-SI hybrid models, is shown in Fig. 12. Moreover, there is represented also the RMSE
that is lower in the case of optimized PSO-SVM-SI hybrid model (0.147) comparing to SVM-SI (0.252) for
training sample. Also, the testing sample revealed the same situation in which the RMSE for PSO-SVM-SI
(0.205) is lower than the RMSE associated to SVM-SI (0.244). Again, the optimization procedure
managed to decrease the model’s error.

Like in the case of DLNN-based ensembles, also for SVM-based ensemble models were derived the
importance for each �ood predictor. Thus, in terms of SVM-SI model, the highest importance was
obtained by Slope (0.287), followed by Lithology (0.120), Distance from river (0.113), Land use (0.107),
Elevation (0.088), Hydrological Soil Group (0.070), Convergence index (0.065), Topographic Wetness
Index (0.064), Plan curvature (0.061) and Rainfall (0.025). For the PSO-SVM-SI model, the following
hierarchy was revealed: Slope (0.283), Land use (0.151), Elevation (0.103), Hydrological Soil Group (0.1),
Lithology (0.099), Distance from river (0.091), Convergence index (0.064), Topographic Wetness Index
(0.044), Plan curvature (0.039) and Rainfall (0.027).

The calculated importance of each �ood predictor was used to estimate the �ood susceptibility across
the study area. Thus, for FSI SVM-SI the values are situated between − 0.92 and 0.59 and, like in the
previous 2 cases, were grouped into 5 classes using the Natural Breaks method (Fig. 11c). The �rst class,
which is assigned to very low values, has a total percentage of 23.54% of the study zone, while the low
susceptibility is found on 28.2% of the entire middle and upper zone of Prahova River basin. The
moderate values quantify approximately 23.39% of the study area, while the high and very high �ood
susceptibility is spread on 24.87% of the research zone. The FSI PSO-SVM-SI values range from − 0.83 to
0.59. According to the Natural Breaks classi�cation method, the very low class values covers around
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24.04% of the research perimeter, while the low �ood susceptibility accounts for 28.49% of the same
surface. Around 22.1% of the research area is attributed to moderate �ood susceptibility, while the high
and very high values appear on a percentage of 25.37%.

5.4. Results validation

5.4.1. ROC Curve
The ROC Curve represents the �rst method used to validate the �ood susceptibility results. Thus, the
Success Rate built with training data sample, shows that the best model was PSO-DLNN-SI having an
AUC of 0.952. In terms of AUC, this model is followed by PSO-SVM-SI (AUC = 0.944), DLNN-SI (AUC = 
0.93) and SVM-SI (AUC = 0.928) (Fig. 13a). The Prediction Rate, constructed using the validation sample,
highlights also that the best model was PSO-SVM-SI (AUC = 0.926), followed by PSO-SVM-SI (AUC = 
0.921), DLNN-SI (AUC = 0.904) and SVM-SI (AUC = 0.858).

5.4.2. Statistical metrics
According to the Table 3, the statistical metrics calculated for each �ood susceptibility model show very
good performances of this algorithms. Thus, using the training sample the accuracy values is
characterized by the following hierarchy: PSO-DLNN-SI (0.959), PSO-SVM-SI (0.955), DLNN-SI (0.931) and
SVM-SI (0.919). The same sample highlights the next ranking of K-index values: PSO-DLNN-SI (0.919),
PSO-SVM-SI (0.911), DLNN-SI (0.861) and SVM-SI (0.837). In terms of validating sample, the most
accurate model was also PSO-DLNN-SI (0.954), followed by PSO-SVM-SI (0.935), DLNN-SI (0.907) and
SVM-SI (0.889). The K-index, with the validating sample, has the next values: PSO-DLNN-SI (0.907),
followed by PSO-SVM-SI (0.870), DLNN-SI (0.833) and SVM-SI (0.778).
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Table 3
Flood potential maps accuracy assessment using statistical metrics

Metrics Training sample Validating sample

  DLNN-
SI

PSO-
DLNN-SI

PSO-
SVM-SI

SVM-
SI

DLNN-
SI

PSO-
DLNN-SI

PSO-
SVM-SI

SVM-
SI

TP 114 119 117 114 49 51 51 48

TN 115 117 118 112 50 52 50 48

FP 9 4 6 9 5 3 3 6

FN 8 6 5 11 4 2 4 6

Sensitivity 0.934 0.952 0.959 0.912 0.925 0.962 0.927 0.889

Speci�city 0.927 0.967 0.952 0.926 0.909 0.945 0.943 0.889

Accuracy 0.931 0.959 0.955 0.919 0.917 0.954 0.935 0.889

K-index 0.861 0.919 0.911 0.837 0.833 0.907 0.870 0.778

6. Discussions
It will never be possible to prevent all natural disasters, including complex natural hazards like �oods (Bui
et al., 2019). For this reason it is exceptionally important so that �ood prediction methods and �ood
mitigation tactics are improved in order to minimize the risk of loss of lives and the socio-economic
effects of �oods; this will enable us to minimize the long-term impacts of �ooding (Dodangeh et al.,
2020). An important part of �ood modeling and risk assessment is the process of mapping �ood
susceptibility in for a speci�c region. Through �ood susceptibility maps it can be identi�ed where �oods
are increasingly likely to occur within a given area, and also can be determined the best way to prevent
�ood damages using non-structural and structural measures that can enhance the �ood resilience (Hong
et al., 2018). The presence research work is an attempt to apply and compare the results of four machine
learning state-of-art models (DLNN-SI, PSO-DLNN-SI, SVM-SI and PSO-SVM-SI) in order to estimate the
�ood susceptibility degree in the middle and upper part of Prahova River basin from Romania.

It should be noted that frequently, �ood susceptibility mapping focuses on identifying the most
vulnerable areas by considering a variety of factors that affect �ooding (Kanani-Sadat et al., 2019). The
severity of �oods is mainly determined by several geographical variable like hydrological parameters,
geological features, meteorological conditions, morphological and topographical characteristics of a
speci�c study region (Chowdhuri et al., 2020). Additionally, only speci�c �ood predictors have an impact
on �ood susceptibility models; and thus, the choice of the right factors can affect the �ood risk
estimation. In the current study, a practical method of selecting features (Gain Ratio) for �ood
susceptibility estimation was was applied and allowed the selection of an adequate set of input �ood
predictors through which the �ood susceptibility models were trained. According to the results of the Gain
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Ratio method, slope angle has the highest predictive ability in terms of �ooding phenomena, while
hydrological soil group, convergence index and rainfall were the least important predictors. These results
are in agreement with many studies that were carried out before (Costache et al., 2020; Dano et al., 2019;
Khosravi et al., 2019). It is true that rainfall is the primary cause of �ooding, but the effect of rainfall on
�ooding is not always linear (Khosravi et al., 2019). In terms of elevation, there is a general agreement
that the higher altitudes are less prone to �ooding than the lower ones (Sahana and Patel, 2019).

The construction of ROC curves as well as the computation of a several statiscal metrices facilitated the
validation of the model's performance. According to the results of the validation phase, both ensembles
DLNN-SI and SVM-SI were signi�cantly improved by using Particle Swarm Optimization. Overall, the PSO-
DLNN-SI outperformed the other models by achieveing an AUC-ROC Curve of 0.952 comparing with PSO-
SVM-SI whose AUC was 0.944. It should be noted that there is almost a generall agreement among the
results of the four models according to which a quarter of study area have a high and very high �ood
susceptibility. Also, it is evident that these high and very high potential affected zones are located in the
extremely southern part of the study zone, but also along the main rivers and depressions of the study
area.

Researchers or maybe the persons in charge with �ood hazard management may �nd the outputs of this
research study very useful in selecting the most appropriate method for the simulation of �ood
susceptibility. This type of studies has also a main limitation which refers to the impossibility to calculate
the �ow velocity or depth.

7. Conclusions
In the present research paper, a bivariate statistical method (SI), two machine learning models (DLNN and
SVM) and the Particle Swarm Optimization method were combined in order to create four ensemble
models able to estimate the �ood susceptibility in Prahova River basin from Romania. The four models
were trained using a number of 10 geographical predictors along with 158 �ood locations identi�ed
based on governmental sources. A �rst selection of predictors was carried out with the help of Gain Ratio
method, this algorithm showing that all 10 predictors should be considered for the analysis. Also, through
VIF and Tolerance indices was determined that among the �ood predictors there is no serious
multicollinearity. The use of ROC Curve and statistical metrics highlights that all the four models (DLNN-
SI, PSO-DLNN-SI, SVM-SI, PSO-SVM-SI) achieved very good performances con�rmed by AUC ROC Curve
higher than 0.85. These very good results recommend the use of the four models also in other study
areas that faces the danger of �ood phenomena.
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Figures

Figure 1

Study area location
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Figure 2

Flood predictors (a. Slope angle; b. Convergence index; c. Distance from river; d. Elevation; e. Land use; f.
Lithology)
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Figure 3

Flood predictors (a. Rainfall; b. TWI; c. Plan curvature; d. Hydrological Soil Group)
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Figure 4

Optimally hyper-plane (a. linearly separable; b. non-linearly separable)
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Figure 5

The PSO procedure used to achieve the optimal position of population
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Figure 6

Flowchart of the methodological steps in the present research
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Figure 7

Gain Ratio coe�cients
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Figure 8

Training performance of DLLN-SI model (a. target and output ANFIS value of train data samples; b. target
and output ANFIS value of testing data samples; c. MSE and RMSE value of train data samples; d.
frequency errors of train data samples; e. MSE and RMSE value of testing data samples; f. frequency
errors of testing data samples) and PSO-DLNN-SI model (g. target and output ANFIS value of train data
samples; h. target and output ANFIS value of testing data samples; i. MSE and RMSE value of train data
samples j. frequency errors of train data samples; k. MSE and RMSE value of testing data samples; l.
frequency errors of testing data samples)
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Figure 9

DLLN architecture (a. DLNN-SI; b. PSO-DLNN-SI)



Page 32/35

Figure 10

Flood predictors importance in �ood susceptibility models
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Figure 11

Flood Susceptibility Index (a. FSI DLNN-SI; b. FSI PSO-DLNN-SI; c. FSI SVM-SI; FSI PSO-DLNN-SI)
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Figure 12

Training performance of SVM-SI model (a. target and output ANFIS value of train data samples; b. target
and output ANFIS value of testing data samples; c. MSE and RMSE value of train data samples; d.
frequency errors of train data samples; e. MSE and RMSE value of testing data samples; f. frequency
errors of testing data samples) and PSO-SVM-SI model (g. target and output ANFIS value of train data
samples; h. target and output ANFIS value of testing data samples; i. MSE and RMSE value of train data
samples j. frequency errors of train data samples; k. MSE and RMSE value of testing data samples; l.
frequency errors of testing data samples)
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Figure 13

ROC Curve (a. Success Rate; b. Prediction Rate)


