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Abstract: 

In this study, three machine learning algorithms, including Multilayer perceptron (MLP), 
Radial basis function (RBF) and Back propagation (BP), to analyse the flood susceptibility 
of the study area. Considering the flood susceptibility, hazard and exposure of the study 
area, the Multi-Criteria Decision Analysis (MCDA) was used to conduct a flood risk 
assessment of the study area. Collection of information on the physical geography and 
socio-economic distribution of the study area, including Rainfall, DEM, Slope, Land 
use/Land cover (LULC), Distance from the rivers, Curve number (CN), Manning 
coefficient, topographic wetness index (TWI), population density and Gross Domestic 
Product (GDP) distribution. A machine learning approach to assess flood susceptibility in 
the study area, using six standard statistical indices (accuracy, precision, recall, F-score, 
Root Mean Square Error and Kappa index) and Receiver Operating Characteristic (ROC) 
curves called AUG to evaluate the performance of the machine learning model. The results 
show that all the proposed models perform well, but performance of the MLP model is the 
best (AUC=0.951). Using the Analytic Hierarchy Process (AHP) method to determine the 
weights, the flood susceptibility map obtained from the MLP is overlaid with hazard and 
vulnerability for flood risk assessment. The results show that integrated machine learning 
algorithms and MCDA for flood analysis are a promising approach to flood risk 
assessment. 

Keywords: Flood risk assessment; Machine learning; Flood susceptibility; Qianshan 

River Basin; 

1.Introduction 

Floods are recognized as the most prevalent natural disaster[1]. In the past few decades, 
with the acceleration of climate change and urbanization, the frequency and intensity of 
floods have increased, posing a huge threat to global development[2]. Governments have 
put in place a large number of measures and policies to deal with floods, but floods still 
cause casualties and huge property losses every year[3]. Urban development has led to 
dramatic changes to the underlying surface, including reduced vegetation coverage, 
hardened of the ground, increased impermeability, and imperfect urban drainage facilities. 
These changes have resulted in increased surface runoff in urban areas and further 
increased risk of urban flooding[4, 5]. Experts predict that with climate change, the 
situation of urban floods will become more severe[6]. Flood risk assessment is an 
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important non-engineering measure to deal with flood disasters, and an important 
measure to deal with flood risks. The main purpose of this method is to identify areas 
prone to flood disasters by drawing flood risk maps, and provide information for flood 
prevention planning and mitigation plans[7].  

At present, there are many methods for conducting flood risk assessment. The scenario 
simulation method refers to construction of flood model (hydrological and hydrodynamic 
model), designing future rainfall scenarios, considering climate change, population and 
economic changes, simulating the entire flood process, and analyzing possible future flood 
disasters. Commonly used models include SWMM model[8-10], Mike model[11], 
TELEMAC-2D model[12, 13] and Info Work ICM model[14], etc. These models require 
high-precision geospatial data and powerful computer computing power in the study area 
when performing calculations[15]. The flood risk assessment method based on the index 
system constructs a flood loss index system from the aspects of hazard, exposure and 
vulnerability, uses RS technology and GIS technology to process remote sensing data, and 
determines the weight values of different index factors by using the AHP method to assess 
the flood risk[16, 17]. The multi-criteria decision analysis (MCDA) method is a simple and 
effective flood risk assessment method[18-20], but it also has some drawbacks, such as 
relying too much on the empirical knowledge of experts, which will bring subjectivity to 
the model evaluation results[21]. 

In recent years, with the continuous improvement of computer computing power and 
algorithms, many machine learning methods have been used to predict natural disasters, 
which are widely used in flood risk analysis, including artificial neural networks [22, 23], 
support vector machines[24, 25], logic Regression[26, 27], Random Forest[28, 29], etc. The 
relationship between flood influencing factors and floods can be found through 
historically recorded flood points. Machine learning can predict the flood zoning of the 
entire study area, and can avoid the influence of subjectively determined impact factor 
weights. In conclusion, machine learning has excellent predictive ability and broad 
application prospects in flood risk assessment. 

China is located in the east of Asia and on the west coast of the Pacific Ocean. Affected 
by the monsoon climate, rainfall is unevenly distributed throughout the year, and rainfall 
is concentrated in summer, which is prone to flood disasters. With China's rapid economic 
development and accelerated urbanization, it is urgent to take effective measures for flood 
prevention and disaster reduction. In this paper, three machine learning methods are used 
to assess the risk of urban flooding to compensate for the shortcomings in previous studies. 
The three machine learning algorithms are MLP, RBF and BP models, which have a sound 
theoretical foundation and are applied in many fields, and have excellent model learning 
ability. The main objectives of the paper: (1) Select the best machine learning method to 
evaluate the flood sensitivity of the Qianshan River Basin; (2) Expose the main influencing 
factors of urban flood sensitivity; (3) Determine different flood risk levels in the study area; 
(4) Provide an effective management basis for urban flood prevention and mitigation. 

Section 2 provides a detailed introduction to the research area. Section 3 introduces the 
research method and acquisition and pre-treatment of data. Section 4 analyzes the flood 
risk assessment results. Section 5, summarizes the main conclusions and discusses the 
contributions, drawbacks and issues to be addressed in the next step. 



2.Study area 

The Qianshan River Basin (113˚20΄ ~114˚18΄ E, 21˚48΄ ~22˚27΄ N) straddles Zhuhai and 
Zhongshan City in Guangdong Province, and its geographical location is shown in Figure 
1. The administrative area of the Qianshan River Basin covers four towns and streets, 
including Nanping Town, Qianshan Street, Gongbei Street and Wanzai Street in 
Xiangzhou District of Zhuhai, and Sanxiang Town and Tanzhou Town in Zhongshan City, 
which are important economic areas in the Pearl River Delta region.  

The Qianshan River Basin is a subtropical maritime monsoon climate with mild climatic 
conditions and abundant annual rainfall, with an average annual precipitation of about 
2065.0mm. The rainfall is concentrated during the flood season, mostly heavy rainfall with 
high intensity and short duration, especially from May to June, which accounts for more 
than 30% of the total annual rainfall. The total catchment area of the river basin is about 
328.18km2. The cross-border area of the Qianshan River Basin is a densely built-up area of 
the two cities. With the development of urbanization, the impermeable surface area has 
been increasing, which has changed the slope surface production and confluence 
conditions and the river network confluence system. The flooding is also exacerbated by 
the top of the outer river, but heavy rainfall in the basin is the root cause of extensive 
flooding. Therefore, it was of certain practical significance to choose the Qianshan river 
basin as the study area. 

 

Figure 1. Location and physiographic information of the Qianshan River Basin. 

3.Methods and material 

Flood risk assessment based on machine learning method and MCDA includes the 



following three steps (Fig.2). Firstly, collect flood point data and geospatial information in 
the study area to build a sample set for machine learning model training and testing. The 
flood point is the target variable of the machine learning model, and the index factor is the 
independent variable used to predict the target. Secondly, three machine learning models 
were selected to analyze the flood susceptibility of the study area, and to evaluate the 
machine learning model prediction effect; Finally, the MCDA is used to superimpose the 
obtained flood susceptibility map with the hazard and exposure, and the flood risk maps 
in GIS environment. 

 

Figure 2. Flood risk assessment framework for the Qianshan River Basin. 

3.1 Data Sources 

The reasonable selection of flood impact indicators is a crucial step in risk assessment 
and analysis. Referring to previous research results[24, 28, 30] and the special conditions 
of the study area, this paper selects ten influencing factors for flood risk assessment, 
including rainfall, elevation, slope, land use type, manning coefficient, CN, distance from 
river, TWI, population density and GDP distribution, the sources of data are shown in the 
Table 1. 

Rainfall is the most direct factor that causes floods. Due to the small number of 
meteorological stations in the selected study area, this paper uses the average rainfall data 
in Guangdong Province for many years to obtain the rainfall distribution in Guangdong 
Province, and then cuts out the rainfall distribution map in the study area. Elevation and 
slope are the most important topographical factors, the smaller the value, the more 
vulnerable to the threat of flooding. The slope is calculated from the elevation data using 
the hydrological analysis tool in the GIS software. The land use type data is obtained 
through the interpretation of remote sensing images. The land use types in the Qianshan 
River Basin are divided into five categories: buildings, forest, water, farmland and others. 
The Manning coefficient is mainly used to characterize the surface roughness, which is 
generally assigned by the type of land use (water:0.015, forest:0.5, farmland:0.05, 
buildings:0.2, others:0.05). The CN represents the characteristics of the surface and soil 



before rainfall, and its value can be determined in combination with the land use type and 
the results of hydrological soil classification[31]. The distance from the rivers can be 
calculated by GIS software, the smaller the value, the closer to the river, the higher the risk 
of flooding[32]. The TWI is widely used in the field of hydrology [33, 34], and it mainly 
reflects the distribution characteristics of soil hydrology in the basin, as shown in the Eq.(1). 
Population density and GDP distribution are important socio-economic attributes. The 
greater the density, the greater the losses caused by floods. (Fig.3) 

ln( )
tan

a
TWI

b
=  

 (1) 

where a  is the specific catchment area (m2 m−1 ), and  b  (radian) is the slope gradient 
(in degrees). 
Table 1. The database for the ten indices. 

Name Source Spatial resolution Data types 

Rainfall https://www.resdc.cn/ 1km ×1km Raster 

Elevation https://www.gscloud.cn/ 30 m × 30m Raster 

Slope https://www.gscloud.cn/ 30 m × 30m Raster 

Land use https://www.resdc.cn/ 16 m ×16m Raster 

Manning coefficients https://www.resdc.cn/ 16 m ×16m Raster 

CN Harmonized World Soil Database  1km ×1km Raster 

Distance from river https://www.gscloud.cn/ 30 m × 30m Raster 

TWI https://www.gscloud.cn/ 30 m × 30m Raster 

Population density https://www.resdc.cn/ 1km ×1km Raster 

GDP distribute https://www.resdc.cn/ 1km ×1km Raster 

 

 



 

 

Figure 3. Maps of flood influencing factors: (a)Precipitation; (b)Elevation; (c)Slope; (d)Land use; (e)CN; 

(f)Manning; (g)Distance from rivers; (h)TWI; (i)GDP distribute; (j)Population density 

3.2 Data pre-processing 

Based on GIS software the collected index data are assigned to the same coordinate 
system to get the index values at different spatial locations. The correlation between 
different indicators and flood risk varies due to the different magnitudes of the individual 
indicator values, making the range of values between the indicator data very different, and 
this situation can have a great impact on the results of data analysis. In order to eliminate 
differences between different data indicators, it is necessary to pre-process the collected 
data to solve the problem of comparability between different indicator data. The data 
normalization processing method is used to process the indicator data and transform the 
value of each indicator into a number between 0 ~ 1. Positive indicators are calculated 
using equation (2), Negative indicators are calculated using equation (3). The raw data are 
normalized that the data values of each indicator are in the same order of magnitude, 
which facilitates the subsequent flood risk assessment. 
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where: ijy is the i  value of the j  indicator after standardisation, ix is the original value, 



maxx and minx  are the maximum and minimum values of the j  indicator, respectively. 

3.3 Urban flood inventories 

The representativeness and size of the sample set are important factors affecting 
machine learning and are an important step in predicting flood susceptibility[35, 36]. The 
flood inventory map in the Qianshan River Basin contains data on 84 flood points, which 
are from the Guangdong Water Conservancy and Hydropower Research Institute (red 
triangle in Fig.1). The data of 121 non-flood points are randomly selected to form a flood 
risk set (green triangle in Fig.1). The submerged locations of the flood sample set were 
geolocated, and the flood points were assigned a value of 1, and the non-flood points were 
assigned a value of 0. The sample set was randomly divided into two groups according to 
the ratio of 7:3, 70% of the point set was used for model training, and the remaining 30% 
of the point set was used for model testing. 

3.4 Multi-Criteria decision analysis (MCDA) 
Several popular MCDA methods used in flood risk assessment are Analytical 

Hierarchy Process (AHP), Ordered Weighted Averaging (OWA), and Analytic Network 

Process (ANP). The AHP to determine the indicator weights includes the following four 

calculation steps: (1) establish the hierarchical structure model; (2) construct the judgment 

matrix; (3) calculate the indicator weight values: (4) conduct consistency test, when CR<0.1, 

it can be considered that the judgment matrix passes the consistency test and the weight 

values are reasonable. Otherwise, the consistency test needs to be conducted again. In this 

study, the flood risk assessment system was constructed according to the object layer, 

index layer and indicator layer. When the CR values were less than 0.1, and the results 

obtained were reliable and reasonable through the consistency test. The obtained weight 

values of each indicator are shown in the Table 2.  

 

Table 2. Weights of the urban flood risk assessment indicators 

Object layer Index layer Relative 

weight 

Indicator layer Relative 

weight 
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3.5 Model descriptions  

Three machine learning models were selected for flood susceptibility analysis, the basic 
principles are as follows. 

3.5.1 Multilayer perceptron（MLP） 

MLP is a feedforward artificial neural network model, which can be divided into input 

layer, hidden layer and output layer, and different layers are fully connected by neurons 

with nonlinear activation function. Each connection is assigned different weights, the 
input of each layer of neurons is the weighted sum of the output values of the neurons in 
the previous layer (Eq. (4)). MLP is a classic model in deep learning. Many scholars use the 
MLP model to analyze practical problems in the environmental field[37-39]. It also has 
practical applications in water resources[40, 41], but relatively few applications in the field 
of urban flood analysis. This paper innovatively uses the MLP model for Urban flood 
analysis to test its practicability in the field of flood risk analysis. 
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Where yl

i
is the output of the i th neuron at layer l ; f is the activation function of the l th 

layer; n  is the number of neurons in the ( 1l −  )th layer; 1l

jy −   is the output of the j  th 

neuron at layer ( 1l −  ); 1l

jiw −  is the connection weight of the j  th neuron and the i  th 

neuron at layer 1l − ; l

ib is the deviation of the i th neuron at layer l . 

3.5.2 Radial Basis Function (RBF) 
RBF is a kind of three-layer feedforward network, which is a nonlinear transformation 

from the input space to the hidden layer space, and a linear transformation from the 
hidden layer space to the output layer space. Compared with other types of artificial neural 
networks, the RBF network has the advantages of simple structure, fast learning speed, 
and great real-time requirements. RBF model has been applied in the field of water 
conservancy[42, 43]. Compared with the BP neural network, the RBF model adds radial 
basis functions in the hidden layer, without back-propagation and without bias terms. The 
activation function R of the Gaussian radial basis (Eq. (5)): 
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Where ix  is the input signal of the RBF model; h is the node number of the input layer, 

1,2, ,h M=   ; i   is the number of the embedded sample;  
jc  is the center of the 

Gaussian radial basis function of the j  th hidden layer node, 1,2, ,j Q=    ;   is the 

variance of the Gaussian radial basis function; 
jkw  is the connection weight from the j

th hidden layer to the k th output layer. 

3.5.3 Back Propagation (BP) 
BP neural network is a concept proposed by scientists led by Rumelhart and McClelland 

in 1986. It is a multi-layer feedforward neural network trained according to the error back 
propagation algorithm, and is one of the most widely used neural network models[44]. In 
this paper, the three-layer BP neural network algorithm is used, which is widely used in 
geological disaster prediction[45, 46], environmental assessment[47, 48] and urban flood 
analysis[49, 50]. The forward transfer process of the algorithm is using Eq. (8): 

j

0

n

ij i j

i

S w x b
=

= +  
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( )i jx f S=  
 (9) 

Where 
jS   is the input signal of the j   node, which is passed through the transfer 

function; n is the total number of nodes on the layer above the j node; 
ijw  is the weight 

between the i   node and the j   node; 
jb   is the threshold of the j   node; Linear 

function; f is the activation function, generally a S function or a linear function is selected. 

3.6 Model comparison method 

To validation the performance of different machine learning models (MLP, RBF and BP) 
in flood risk assessment, a variety of standard quantitative indices are used to evaluate the 
training set and testing set respectively. The training set evaluation results represent the 
fitting effect of the data, and the testing set evaluation results represent the model 
simulation prediction effect[51, 52]. Standard quantitative indices include: accuracy (ACC), 
precision (P), recall (R), F-score (F), Kappa (K) and Root Mean Square Error (RSME), as 
shown in Eq. (10)-(15). ACC represents the proportion of correct predictions (flood points 



and non-flood points) in the sample; P, R and F are used to characterize the ability to 
identify flood points; Kappa coefficient (K) is an effective statistical measurement method, 
which has used to measure stochastic agreement between categorical components; RMSE 
indicates the degree of dispersion of predicted and actual values, and model is considered 
perfect when the RMSE value is small[53]. The ROC curve is extensively used indicators 
by researchers to evaluate the predictive ability and classification quality of the model[54]. 
The area under the ROC curve (AUC) is often used to quantitatively evaluate the predictive 
ability of the model. The larger AUC values indicates that the model performs well[25, 55]. 
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Where TP  (true positive) represents the number of correct predictions in the set of flood 
points; FP  (false positive) represents the number of incorrect predictions in the set of 
flood points; TN  (true negative) represents the number of correct predictions in the set 
of non-flood points; FN  (false negative) indicates the number of prediction errors in the 

set of non-flood points; oP  is number of pixels to be classified correctly as flood or non-

flood pixels; eP are expected agreements; 
oix  and 

eix  are the ith observation and model 

prediction, respectively, n is the number of points in the sample set. 

4.Results 

4.1 Model evaluation 

According to the evaluation method proposed in Section 3.4, the evaluation results of 
the three models of MLP, RBF and BP are shown in Table 3. The MLP model has the highest 
ACC (0.986 in training and 0.950 in testing), indicating that the prediction accuracy of the 
MLP model is 98.6% and 95% in the training and testing datasets. The RBF and BP models 
performed consistently in terms of ACC, with a prediction accuracy of 96.6% and 93.3% in 
the training and testing datasets. The results show that the MLP model has higher fitting 
and prediction capabilities than RBF and BP. The R value of the MLP model (0.968 in 
training and 0.920 in testing) is significantly higher than that of the RBF and BP models, 
indicating that more frequently observed flooding sites can be correctly identified in the 
MLP model. The F value of the MLP model is the highest (0.984 in training and 0.939 in 



testing), followed by the RBF model (0.960 in training and 0.923 in testing) and the BP 
model (0.960 in training and 0.920 in testing). The MLP model has the smallest RSME value 
(0.117 in training and 0.223 in testing), and the largest K value is the MLP model (0.972 in 
training and 0.901 in testing). The ROC curves and AUC values of the three models are 
shown in Figure 4. The AUC value of the MLP model is the highest, 0.988 in the training 
dataset and 0.951 in the testing dataset, followed by the RBF model (0.965 in training and 
0.944 in testing), and the AUC value of the BP model (0.965 in training and 0.935 in testing). 
The results demonstrate that the order of model performance is MLP>RBF≈BP. The MLP 
model showed the best performance on the testing dataset with a prediction accuracy of 
95% and AUC value of 0.951. Therefore, the MLP model was selected for flood 
susceptibility analysis, and the analysis results are used in flood risk assessment. 
Table 3. Model performance for the training and testing dataset 

Index Training Testing 

 MLP RBF BP MLP RBF BP 

TP 60 60 60 23 24 23 

TN 83 80 80 34 32 33 

FP 0 0 0 1 0 1 

FN 2 5 5 2 4 3 

ACC 0.986 0.966 0.966 0.950 0.933 0.933 

P 1.000 1.000 1.000 0.958 1.000 0.958 

R 0.968 0.923 0.923 0.920 0.857 0.885 

F 0.984 0.960 0.960 0.939 0.923 0.920 

RSME 0.117 0.203 0.203 0.223 0.258 0.258 

K 0.972 0.932 0.932 0.901 0.872 0.871 

 

    

Figure 4. ROC curve: (a)training dataset; (b)testing dataset. 

4.2 Flood susceptibility mapping 

The simulation results of machine learning were input into GIS software, and the flood 
sensitivity map of the study area was obtained. In Figure. 5, the study area is divided into 
five categories (highest, high, medium, low and lowest) using the natural discontinuity 
method. As shown in Figure 5(a) and Table 4, the highest and high areas in the entire study 



area are 83.01 and 82.32 km2, accounting for 24.71% and 24.50%, respectively. The highest 
and high risk areas in the Qianshan River Basin are mainly distributed in the central and 
northern parts of the basin. The terrain is flat and the altitude is low, which is easily 
affected by water accumulation. And the high degree of urbanization, dense buildings and 
high impermeability in this area have increased surface runoff and further aggravated the 
flood crisis. The southern part of the Qianshan River Basin has a well-developed water 
system, and the areas close to the river are vulnerable to floods and have high flood 
sensitivity. This conclusion is consistent with previous research results[58, 59].Compared 
with the simulation results of the MLP model, the RBF and BP models predicted extremely 
highest and high risk areas, and the ability to predict medium and low risk areas was 
insufficient. The medium risk and low risk areas obtained by the RBF simulation were 1.46 
and 1.31 km2, and the medium risk and low risk areas obtained by the BP simulation were 
1.70 and 0.64 km2. 

The MLP model shows the best prediction performance among the three models, so the 
article calculates the contribution of different index factors (elevation, slope, CN, manning 
coefficient, land use, distance from the rivers and TWI) when the MLP model is calculated 
(Figure. 6). The contribution values of elevation, land use type and slope rank among the 
top three, with 27.3%, 19.9% and 18% respectively. The contribution of the distance from 
the river and the CN are 11% and 10.9%, respectively, and the contribution of TWI and 
manning coefficient are the smallest, which are 7.3% and 5.6%, respectively. This 
conclusion is consistent with the previous research conclusion[23, 53, 60, 61]. 

 

   

Figure 5. Flood susceptibility maps: (a)MLP; (b)RBF; (c)BP. 
 

Table 4. Flood susceptibility maps from the three compared models 

Model Level Area(km2) Percentage (%) 
 

 

MLP 

Highest 83.01 24.71 

High 82.32 24.50 

Medium 40.17 11.96 

Low 25.37 7.55 

Lowest 105.10 31.28 

 

 

RBF 

Highest 114.66 35.11 

High 119.96 36.73 

Medium 1.46 0.45 



Low 1.31 0.40 

Lowest 89.22 27.32 

 

 

BP 

Highest 124.61 37.08 

High 107.82 32.09 

Medium 1.70 0.51 

Low 0.64 0.19 

Lowest 101.26 30.13 

 

 

Figure 6. Contribution of the indices to flood susceptibility. 

4.3 Flood risk assessment 
Finally, the flood risk assessment of Qianshan River Basin is carried out based on the 

MCDA method. The flood susceptibility map obtained by the MLP model was 
superimposed with the hazard and exposure. Using ArcGIS powerful data analysis 
function, different index factors are superimposed and calculated, and the flood risk is 
divided into five categories (highest, high, medium, low, and lowest) by the natural 
discontinuity method (Figure. 7). The analysis shows that the areas of the highest and high 
risk are 12.78 and 48.75 km2, accounting for 3.9% and 15.1%, and they are mainly 
distributed in the southeast of the study area. The rainfall in this area is relatively high, 
and the terrain is flat and prone to water accumulation. And the economy is developed 
and the population is dense, if flood disaster occurs, it will cause a greater social impact. 
The northern region has higher terrain, mostly forest land, low population density, and 
low risk of hazard and exposure, so its flood risk level is low. 



 

Figure 7. Flood risk assessment result of the Qianshan River Basin. 

5.Discussion 

5.1 Adaptation of machine learning in flood risk assessment 
The accuracy of the machine learning model in flood risk prediction is related to the 

amount of data in the sample set (flood points and non-flood points) in the study area[26, 
34]. The more abundant and representative the sample data, the better predictions of the 
machine learning model. With the continuous acceleration of urbanization, urban land use 
types and underlying surface conditions change, which will affect the effect of machine 
learning. In this paper, a comprehensive MCDA based on machine learning is proposed 
for urban flood risk assessment, in which machine learning is used to analyze the flood 
susceptibility of the study area. Through model evaluation, it is found that the 
performance of the MLP model is better than the RBF and BP models in flood prediction. 
The flood susceptibility map of the study area derived from the MLP model is 
superimposed with the hazard and exposure, and the flood risk zoning map was obtained. 

With the deepening of computational principles and the improvement of algorithms, 
neural network models have made great progress, and more advanced machine learning 
models have emerged, including Random Forest, Boosted-Tree (RFBT), Semi-supervised 
learning, Decision Trees (DT) and Naïve Bayes (NB) etc. There are many machine learning 
algorithms, each with its own advantages and disadvantages, and different researchers 
have introduced different machine models to conduct flood risk assessment and achieved 
fruitful results[56, 57]. Different scholars hold different opinions on which machine 
learning model has the highest prediction accuracy and the most reliable results. The three 
machine learning models MLP, RBF and BP used in this paper are the most basic neural 
network models, and they all show excellent performance in prediction. The MLP model 
has higher prediction accuracy, and the MLP method is used to analyze the flood 



susceptibility of the study area. 

5.2 limitations 

Through the research and review of previous research results in this paper, the 
shortcomings of machine learning in current flood risk assessment research mainly include: 
The multitude of factors influencing flood risk assessment, which undergo continuous 
temporal variation, necessitates dynamic flood risk evaluation as a future research 
direction. When employing machine learning for flood vulnerability analysis, the selected 
indicator factors may yield divergent assessment outcomes. Even when identical indicator 
factors are utilized, employing different machine learning models for prediction produces 
markedly distinct results. This primarily stems from variations in the contribution rates of 
indicator factors across different machine learning models. Flood risk analyses based on 
machine learning algorithms must be cross-validated against results from conventional 
flood risk assessment methods (such as mathematical-statistical approaches, indicator-
based systems, and scenario simulation techniques) to ensure mutual corroboration of 
assessment outcomes. 

6.Conclusions  

In this study, machine learning models (MLP, RBF and BP) are used to analyze the flood 
susceptibility of the highly urbanized Qianshan River Basin, and the MCDA method is 
used to evaluate the flood risk. The main conclusions are as follows: 
• Through training, testing and evaluation, the MLP model better in prediction accuracy 

and performance compared with the RBF and BP model, and is more suitable for flood 
susceptibility analysis. Elevation, land use, and slope are the top three factors that affect 
the model's prediction results. 
• Based on the MCDA, the flood susceptibility map obtained by MLP model and the 

hazard (rainfall) and exposure (population density, GDP distribution) were superimposed 
and analyzed, and the flood risk zoning map of the study area was drawn. The highest 
and high risk areas are mainly located in the southeastern part of the basin and require 
more stringent flood prevention measures. 
• In this paper, it is proposed to integrate the machine learning algorithm with the 

MCDA for flood assessment. Flood risk assessment results obtained by the method 
proposed in this paper can provide a scientific basis for urban risk management decisions. 
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