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Real-time prediction and ponding process early warning method at 1 

urban flood points based on different deep learning methods 2 
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Chentao HE a, Xiangyang ZHANG a 4 

a College of Water Conservancy Engineering, Zhengzhou University, Zhengzhou, Henan, 450001, P. R. China 5 

Abstract: Accurate prediction of urban floods is regarded as one of the critical means to prevent 6 

urban floods and reduce the losses caused by floods. However, due to the uncertainty and 7 

complexity of urban floods and waterlogging, it is very difficult to use simulation models to 8 

quickly and accurately predict and warn of urban floods. Therefore, it is necessary to develop 9 

new methods to support the rapid and accurate prediction of urban floods and waterlogging. In 10 

this study, a refined prediction and early warning method for urban flood and waterlogging 11 

processes based on deep learning methods is proposed from three aspects: research feasibility, 12 

method applicability, and method system. The spatial autocorrelation of rain and ponding points 13 

is analyzed by Moran's I. For each ponding point, the relationship model between the rainfall 14 

process and ponding process is constructed based on different deep learning methods, and the 15 

results are analyzed and verified by a statistical evaluation method. The results show that the 16 

gradient boosting decision tree algorithm has the highest accuracy and efficiency (with a root 17 

mean square error of 0.001) for ponding process prediction and is regarded as the most suitable 18 

method for ponding process prediction. Finally, the real-time prediction and early warning of 19 

urban floods and waterlogging processes driven by rainfall forecast data are realized, and the 20 
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results are verified by the measured data. In addition, the results of the sensitivity analysis show 21 

that the rainfall peak and location coefficient have the greatest impact on ponding. 22 

Key words: Urban flood; Ponding point; Deep learning; Prediction; Early warning23 
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1 Introduction 24 

In recent years, under the background of global warming and urbanization (Masson et al., 2020; 25 

Kenney and Janetos, 2020), urban flooding and waterlogging events have occurred frequently 26 

worldwide and have become a serious challenge faced by many large cities worldwide 27 

(Moghadas et al., 2019; Wang et al., 2020; Thanvisitthpon et al., 2020; Sharifi, 2020). For 28 

example, in July 2019, heavy rains caused at least 18 deaths in Mumbai, India, and caused large-29 

scale traffic interruptions (Ke et al., 2020). In July 2021, the “7.20 rainstorms” in Zhengzhou, 30 

China, caused 292 deaths and a direct economic loss of 53.2 billion yuan. With the aggravation 31 

of climate change, the frequency and intensity of extreme rainfall events may increase in the 32 

future, and cities may face a greater flood disaster threat (Schreider et al., 2000; Ntelekos et al., 33 

2010; Xu et al., 2018). Therefore, in the urban flooding and waterlogging process, how to 34 

forecast the inundation process in a more accurate way for each ponding point to minimize the 35 

life, property and economic losses caused by floods has become a scientific problem to be solved 36 

urgently. 37 

To prevent the occurrence of floods and implement timely countermeasures to reduce flood 38 

losses, city authorities usually need to predict urban flooding and waterlogging (Ke et al., 2020). 39 

Urban flood simulation models based on physical mechanisms are the most popular method for 40 

predicting the urban flooding process and have attracted great attention from scientists (Mignot 41 

et al., 2018). Many scholars have discussed urban floods and waterlogging simulations from 42 

different angles (Babaei et al., 2018; Bermudez et al., 2018; Hou et al., 2020). However, due to 43 

the lack of calibration and verification data (Schmitt et al., 2004) and the long running time of 44 

the model (Suwit and Parinda., 2016; Hou et al., 2020), these physical models are limited to a 45 
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certain extent in the real-time urban flood prediction and early warning. In contrast, the deep 46 

learning technology (or machine learning) can mine knowledge and laws that conventional data 47 

processing methods cannot mine and identify highly complex nonlinear relationships between 48 

characteristic and predictive variables (Panahi et al., 2020), and it does not need to understand 49 

the potential physical process (Mosavi et al., 2019). Therefore, deep learning technology 50 

provides a new idea for solving the problem of rapid and accurate urban floods prediction, which 51 

is particularly useful in large- and medium-sized cities with sufficient data. In recent years, many 52 

deep learning methods have been used in urban flood research. Several types of deep learning 53 

methods, gradient boosting decision trees (GBDTs) (Wu et al., 2020; Rahebeh et al. 2020), 54 

support vector machines (SVMs) (Nayak and Ghosh, 2013; Wang and Song, 2019) and neural 55 

networks (Singh et al., 2010; Lei et al., 2021), have been successfully applied to urban flood 56 

prediction. However, in urban flood forecasting research, not all in-depth learning methods are 57 

suitable for urban flood research, and the prediction performance of each method may vary 58 

greatly due to algorithms and specific prediction requirements. Therefore, it is necessary to 59 

develop a relatively complete set of methods using deep learning methods to predict the urban 60 

flood ponding process to improve the urban flood prediction method and guide urban flood 61 

control. 62 

Based on the aforementioned literature, this study analyzed the feasibility of the research 63 

method, compared the applicability of different deep learning technologies in urban flood 64 

prediction, and applied a deep learning method to propose a set method system of urban flood 65 

ponding process prediction. The specific objectives of the study were to i) analyze the feasibility 66 

of the urban flood ponding process prediction for each ponding point based on the spatial 67 
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autocorrelation method, ii) use GBDT, SVM and backpropagation neural network (BPNN) to 68 

construct the relationship model between the rainfall process and the ponding process and use 69 

statistical evaluation methods to analyze the accuracy of different deep learning methods, which 70 

aims to propose a method suitable for predicting the urban flood ponding process, and iii) 71 

construct the urban flood ponding process prediction and early warning method driven by rainfall 72 

forecast data, combined with measured data to test the accuracy of the early warning results. The 73 

novelty of this work lies in proposing a rapid and accurate prediction method system for the 74 

urban flood ponding process based on the method feasibility, applicability of the method, and 75 

technical system. The research results can provide technical references for urban flood early 76 

warning and urban flood control. 77 

2 Study area and data processing 78 

2.1 Study area 79 

Zhengzhou is the capital city of Henan Province and an important transportation hub in central 80 

China. As shown in Fig. 1. It is located in northern central Henan Province, with high terrain in 81 

the west and low terrain in the east. It has a temperate continental monsoon climate, with an 82 

average annual precipitation of 639.5 mm. However, the precipitation distribution in Zhengzhou 83 

is very uneven. The precipitation in the flood season (June to September) accounts for 84 

approximately 60% of the annual precipitation. In response to urban floods and waterlogging, 85 

Zhengzhou City has taken various measures in recent years, such as dredging rivers and cleaning 86 

up sewers. However, the flooding and waterlogging phenomenon still occurs frequently, which 87 

seriously threatens the safety of people's lives and property and the normal operation of the city. 88 
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89 

Fig. 1. The Location of study area 90 

2.2 Data 91 

2.2.1 Rainfall observation data 92 

Rainfall observation data refer to the time-history distribution data of rainfall observed and 93 

recorded by 16 rainfall stations, which come from the Zhengzhou City Meteorological 94 

Department (Fig. 1). The time resolution of the data is 10 minutes. In this study, 21 historical 95 

rainfall data points from 2016 to 2018 were selected as the sample data of the model: June 4, 96 

2016, June 23, 2016, July 19, 2016, August 4, 2016, August 6, 2016, August 25, 2016, 97 

September 12, 2016, May 22, 2017, June 5, 2017, June 22, 2017, July 18, 2017, August 12, 2017, 98 

August 25, 2017, August 30, 2017, May 15, 2018, July 4, 2018, July 13, 2018, July 27, 2018, 99 

August 10, 2018, September 15, 2018, and September 25, 2018. To obtain the rainfall spatial 100 

distribution data, the kriging interpolation method was used to perform interpolation analysis on 101 
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the rainfall time-history distribution data of each rainfall station to obtain the rainfall time-history 102 

distribution data of each ponding point. 103 

2.2.2 Ponding observation data 104 

Ponding observation data refer to the ponding depth of ponding points in historical ponding 105 

events. In this study, the ponding depth data of 48 typical ponding points were collected, which 106 

were obtained from Zhengzhou Municipal Department. The time resolution of the data was 1 107 

minute. The ponding depth data of these ponding points was from the ponding detection 108 

equipment at each road intersection. 109 

2.2.3 Rainfall forecast data 110 

The rainfall forecast data in the next two hours were obtained by calling the API of Caiyun 111 

technology. The rainfall forecast data have a temporal resolution of 1 minute and a spatial 112 

resolution of 1 km. It should be noted that since the update period of the observational rainfall 113 

data of the rainfall station is 10 minutes, the update period of rainfall forecast data is also taken 114 

as 10 min to ensure the data comparison consistency. Therefore, in this study, a total of 6 updated 115 

rainfall forecast data points on August 1, 2019, with forecast periods of 10 minutes, 20 minutes..., 116 

60 minutes, were used as the sample forecast and early warning data, and each update of the 117 

sample data included the rainfall forecast data of the 48 ponding points. 118 

2.3 Training dataset 119 

The training and testing process of sample data is the basis of constructing the prediction model 120 

of the inundation process. To input the process data of these variables into the model, the data 121 

processing method of equal distance splitting and reorganizing was used to process the sample 122 

data, which is referred to in previous research (Wu et al., 2020). On this basis, calculate the 123 
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sensitivity index (rainfall, rainfall duration, rainfall peak, position coefficient, rain intensity 124 

variance and peak multiplier) of each rainfall process after splitting and reorganizing. The 125 

location coefficient is the ratio of the length of the time period from the beginning of rainfall 126 

duration to the occurrence of the rainfall peak of the rainfall duration. Rainfall intensity variance 127 

is the variance in rainfall intensity, which is a statistical index to describe the rainfall pattern. The 128 

peak multiplier is the ratio of the rainfall during the peak period to the total rainfall. 129 

The historical rainfall process data, historical ponding process data and rainfall forecast data 130 

were processed by using the above sample data procedural processing method, and 35,424 131 

sample data points were obtained, where the test samples are the rainfall process and ponding 132 

process data of three randomly selected rainfall events (with different rainfall intensities and 133 

durations), with a total of 2,592 test samples, the training samples are the rainfall process and 134 

ponding process data of the remaining 18 rainfall events, with a total of 31,104 training samples, 135 

and the rainfall forecast sample data were rainfall events on August 1, 2019, with a total of 1,728 136 

sample data points. 137 

3 Methodology 138 

3.1 Spatial autocorrelation analysis 139 

Spatial autocorrelation is proposed based on the first law of geography. The first law of 140 

geography notes that things distributed in space are interrelated, and the closer the distance 141 

between things, the closer the relationship between them (Tobler, 1970). Spatial autocorrelation 142 

refers to the relationship between a certain attribute of geographical things distributed in a region 143 

and the same attribute of other things (Gatrell, 1989). For example, if an attribute of adjacent 144 

objects in space has a similar trend and value, the adjacent objects have a positive spatial 145 
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correlation; in contrast, if an attribute of an adjacent object in space has the opposite trend and 146 

value, the adjacent object has a negative spatial correlation. 147 

Rainfall is a phenomenon in which the water vapor in the atmosphere falls to the surface in 148 

the form of liquid water after condensation. Therefore, the spatial distribution of rainfall usually 149 

has strong spatial autocorrelation. The spatial autocorrelation of the water accumulation point 150 

refers to whether the ponding process of each ponding point is independent; if the spatial 151 

autocorrelation is high, the ponding process of other ponding points will affect the ponding 152 

process of the adjacent water accumulation point. The reason may be that there is a strong 153 

hydraulic connection between different water accumulation points. In contrast, the low spatial 154 

autocorrelation of the ponding points indicates that the ponding point ponding process is 155 

independent, and the ponding process of each ponding point is less affected by the ponding 156 

process of the surrounding ponding points. In this paper, the spatial autocorrelation between 157 

rainfall and ponding points is analyzed by a rainfall ponding process. 158 

Spatial autocorrelation describes the spatial autocorrelation of statistical objects by 159 

analyzing the position and attributes of objects (Overmars et al., 2003). Moran's I index and 160 

gear's C ratio are commonly used statistical analysis indices, and Moran's I index is the most 161 

intuitive and commonly used spatial autocorrelation analysis method. Therefore, this paper uses 162 

Moran's I statistics to analyze the spatial autocorrelation of rainfall and ponding points. 163 

Moran's I index characterizes the spatial distribution relationship of a certain attribute of 164 

adjacent objects, with a value of -1~1. A positive value indicates that the spatial distribution of a 165 

certain attribute of the adjacent object has a positive spatial correlation, and a negative value 166 

indicates that the spatial distribution of a certain attribute of adjacent objects has a negative 167 
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spatial correlation. The closer the value is to 0, the smaller the spatial autocorrelation of a certain 168 

attribute between adjacent objects. A value of zero indicates that there is no spatial correlation. 169 

The calculation formula of Moran's I index is as follows: 170 

i 1 1

2

i 1 1 1

( )( )

( ( )

a a

a a a

n n

a ij i j

j

n n n

ij i

j i

n w y y y y

I

w y y

 

  

 






 ）
                                               （1） 171 

where na is the sample point or the number of grids, yi or yj represents the attribute value of the i 172 

or j point area, and wij is the weight matrix that measures the relationship between the spatial 173 

objects i and j. 174 

Moran's I index assumes that the distribution of spatial objects is random and then tests 175 

whether the hypothesis is tenable by Z score. It is generally believed that when the score of its 176 

normal statistics (Z score) is greater than 1.96, the original hypothesis is rejected; that is, the 177 

spatial objects have a significant positive correlation under 95% probability. In contrast, when 178 

the Z value is less than 1.96, the original hypothesis is accepted; that is, the spatial objects have 179 

no significant positive correlation at 95% probability, and the distribution of spatial objects is 180 

random. 181 

3.2 Model construction of ponding process at ponding point 182 

In this study, the GBDT, SVM and BPNN algorithms are used to build the rainfall process and 183 

ponding process relationship model. It should be noted that the prediction model of the ponding 184 

process is built for each ponding point. For each ponding point, a ponding process prediction 185 

model constructed by the GBDT, SVM and BPNN algorithms is required. 186 

3.2.1 GBDT 187 

GBDT is an integrated learning algorithm that combines decision trees and gradient boosting 188 



11 

 

algorithms (Friedman, 2001). The core idea of GBDT is iterative learning based on the residuals 189 

predicted by the decision tree, and finally, the weak learners of each iteration are accumulated 190 

and output. CART was selected as the base learner in the process of GBDT training because the 191 

CART decision tree structure is simple, easy to understand, and robust. That is, in each iteration, 192 

the gradient boosting algorithm is used to make the latter decision tree train the previous tree 193 

residual along the direction of the maximum descending gradient, and finally, the classification 194 

results of all trees are accumulated and output (Deng et al., 2019).  195 

The number of weak learners, maximum depth and learning rate are the main parameters 196 

of GBDT (Wu et al., 2020). The number of weak learners reflects the number of model 197 

iterations, which increases with the increase in the number of iterations. Max depth refers to the 198 

maximum depth of the decision tree, which is "none" by default. However, due to the large 199 

quantity of data in this study, it is necessary to reasonably set the number of trees to prevent 200 

overfitting. The learning rate is a parameter between 0 and 1 that represents the shrinkage step 201 

in the update process. The above parameters are optimized by the grid search algorithm. A 202 

complete mathematical and technical description of GARP model can be found in Friedman., 203 

2001, Wu et al., 2020. 204 

3.2.2 SVM 205 

The SVM algorithm is a supervised machine learning algorithm proposed by Vapnik and Corts in 206 

1995 (Cortes and Vapnik, 1995). It improves the generalization ability of the learning machine 207 

by minimizing the empirical risk and structured risk so that when the number of samples is small, 208 

a good statistical law can be obtained (Zhou et al., 2020). The core idea of SVM technology is to 209 

use kernel function K (Xi, XJ) to map the data to a high-dimensional or even infinite dimensional 210 
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feature space so that the data can be easily processed by a linear learning machine in the obtained 211 

feature space. On this basis, the optimal hyperplane can be found to solve the problem that the 212 

sample data cannot be fitted in the low dimensional space.  213 

SVM can solve both classification and regression problems. In this paper, the regression 214 

method is used to predict the ponding process. Assume the training sample D = {(x1, y1), (x2, y2), 215 

(xn, yn)}, where yi is the observation value of the objective function corresponding to xi, and the 216 

ultimate goal of the regression support vector machine is to find the regression fitting function 217 

( ) ( )f x x b  , where ( )x  is the mapping function, which is used to map the sample to a linearly 218 

separable high-dimensional space. Set the estimated value of the sample data to not less than  . 219 

To find the optimal   and b, it is transformed into the following optimal solution problem: 220 

1
min

2

|| ||
s. .

1,2,...,

T

yi xi bi
t

i n

 

   
 

                                                        (2) 221 

SVM provides a variety of kernel functions, such as the linear kernel function, polynomial 222 

kernel function, radial basis kernel function and sigmoid kernel function. Among them, the radial 223 

basis kernel function is widely used and has higher efficiency for nonlinear data mapping (Xiao 224 

et al., 2019). Therefore, the radial basis function was used as the kernel function of the support 225 

vector machine in this study. The penalty parameter (C) and kernel function (K) are the key 226 

parameters to be optimized for SVM. In this study, a grid search algorithm was used to optimize 227 

C and K. A complete mathematical and technical description of SVM model can be found in 228 

Nayak and Ghosh, 2013, Wang and Song, 2019. 229 

3.2.3 BPNN 230 

A BPNN is a backpropagation neural network connected by multiple neurons, which can be 231 
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divided into an input layer, hidden layer and output layer. BPNN adopts a full interconnection 232 

mode between layers, and there is no connection between neurons in the same layer. The BPNN 233 

transmission is divided into the forward propagation stage and the backpropagation stage. In the 234 

forward propagation stage, the signal starts to propagate from the input layer, and the deviation is 235 

calculated in the output layer. If the deviation meets the requirements, the program is terminated. 236 

If the deviation does not meet the requirements, the program enters the backpropagation stage. In 237 

the backpropagation stage, the weight of each layer is modified by calculating the local gradient 238 

of the network and then the forward propagation stage is entered again after the network is 239 

reassigned. The program is terminated when the deviation meets the requirements. The grid 240 

search algorithm was also used to optimize the main parameters of BPNN (learning rate, number 241 

of hidden layers, number of nodes in hidden layers). A complete description of BPNN model can 242 

be found in Jiang and Hong, 2013, Li et al., 2019. 243 

3.3 Model accuracy analysis 244 

The mean absolute error (MAE), root mean square error (RMSE), Nash efficiency coefficient 245 

(NSE) and correlation coefficient (CC) are effective methods for evaluating the predictive ability 246 

of each model attribute and the overall model predictive performance. MAE refers to the average 247 

value of the absolute deviation between the predicted value and the actual value (Equation 3), 248 

which reflects the average level of model prediction results. RMSE is a standard metric that 249 

measures the deviation between the predicted value and the actual value (Equation 4). In addition, 250 

RMSE is more sensitive to the large model prediction result error, which reflects the model 251 

consistency level to a certain extent. CC refers to the correlation degree (Equation 5) between the 252 

predicted results and the measured results, with a value of 0~1. It is generally believed that the 253 
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closer the CC is to 1, the better the prediction result consistency. NSE is a commonly used 254 

parameter to test the simulation quality of the hydrological model (Equation 6). The closer NSE 255 

(the value is negative infinity to 1) is to 1, the better the model quality is and the higher the 256 

model credibility. Therefore, MAE, RMSE, CC, and NSE were used to evaluate and compare the 257 

performance of the models in this study. 258 
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where xi is the predicted value of the sample, yi is the measured value, x  is the mean value of 263 

the predicted sample, y  is the mean value of the measured sample, and n is the total number of 264 

samples. 265 

Precision and recall were used to evaluate the performance of early warning results. 266 

Precision refers to the proportion of true positive samples in prediction samples (Faceli et al., 267 

2011), which reflects how many prediction results are true (Equation 7). Recall (Equation 8) 268 

refers to the proportion of true positive samples in all positive samples (Faceli et al., 2011). 269 

Precision TP

TP FP



                                                    (7) 270 

Recall TP

TP FN



                                                      (8) 271 

where TP is the number of samples correctly classified as positive (Faceli et al., 2011). TN is the 272 
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number of samples correctly classified as negative (Faceli et al., 2011). FP is the number of 273 

samples incorrectly classified as positive because the right category is negative (Faceli et al., 274 

2011). FN is the number of samples incorrectly classified as negative because the right class is 275 

positive (Faceli et al., 2011). 276 

4 Results 277 

4.1 Spatial autocorrelation results 278 

The spatial statistical analysis software GeoDa developed by the University of Chicago Spatial 279 

Data Center was used to analyze the spatial autocorrelation of rainfall and ponding points in this 280 

paper. The spatial autocorrelation results of rainfall are shown in Fig. 2(a). The value of Moran's 281 

I index is 0.184, and its normal statistic Z value is 4.23, which is greater than 1.96. Therefore, it 282 

is believed that there is a significant positive spatial correlation of rainfall under 95% probability, 283 

which verifies the spatial autocorrelation of rainfall. 284 

Moran's scatter diagram of ponding is shown in Fig. 2 (b), the value of Moran's I is -285 

0.00077, which is close to 0, indicating that the spatial distribution of ponding has a low 286 

correlation. In addition, the test score (Z value) of the normal statistic is 0.8648, which is less 287 

than 1.96, indicating that the spatial distribution of ponding is irrelevant under 95% probability. 288 

This result shows that there is no obvious hydraulic connection among the ponding points and 289 

that they are independent of each other in space. Therefore, it is theoretically feasible to construct 290 

a rainfall and ponding process relationship model for each ponding point. 291 
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 292 

（a）Rain                    （b）Ponding points    293 

Fig. 2. Moran scatter diagram of rainfall and ponding 294 

4.2 Analysis and comparison of prediction model results 295 

In this study, Python 3.7 developed by Google was used to train and verify the model. In the 296 

model training process, the 18 randomly selected sample datasets are read into the model in CSV 297 

format by using the Python data import module, completing the training of the GBDT, SVM and 298 

BPNN models. In the verification phase, the sample datasets of the three randomly selected 299 

rainfall events are input into the model as verification data, and MAE, RMSE, CC, and NSE are 300 

used to evaluate and compare the performance of the model. As shown in Table 1, the mean 301 

absolute error of GBDT, SVM and BPNN for the ponding depth prediction are not greater than 302 

0.03 m, and the CC between the prediction results and the measured results is greater than 0.97, 303 

which shows the effectiveness of these three algorithms in the ponding depth prediction to a 304 

certain extent. However, in comparison, the RMSE of the GBDT prediction model is 305 

significantly lower than that of SVM and BPNN, indicating that the GBDT model is more stable 306 

and more robust for predicting ponding depth. The stability of the model prediction results is 307 
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often very important for the prediction of urban flood depth. Therefore, from the perspective of 308 

the above statistical evaluation indicators, the GBDT prediction model is more suitable for urban 309 

flood depth prediction. 310 

Table 1 The prediction performance of GBDT, SVM and BPNN 311 

Category MAE (m) RMSE (m) CC NSE 

SVM 0.0220 0.0427 0.9878 0.9538 

BPNN 0.0204 0.0313 0.9937 0.9776 

GBDT 0.0107 0.0207 0.9953 0.9880 

In addition, Fig. 3, Fig. 4 and Fig. 5 show the prediction performance of the SVM, BPNN 312 

and GBDT prediction models in different validation events and different ponding points. In the 313 

first verification event, the absolute error (AE) range and MAE of the GBDT (0~0.0405 mm and 314 

0.0122 mm) prediction model are significantly lower than those of the SVM (with 315 

0.0001~0.0922 mm AE and 0.025 mm MAE) and BPNN (with 0.0014~0.0973 mm AE and 0.024 316 

mm MAE). Similarly, in the second verification event, the AE range and MAE of the GBDT 317 

prediction model are 0~0.0450 mm and 0.0090 mm, respectively, which are also lower than those 318 

of SVM (with 0.0001~0.0992 mm AE and 0.0166 mm MAE) and BPNN (with 0~0.0823 mm AE 319 

and 0.0203 mm MAE). Similarly, the AE range and MAE of the GBDT prediction model 320 

(0~0.4667 mm and 0.0110 mm) are lower than those of SVM (with 0.0001~0.0988 mm AE and 321 

0.0248 mm MAE) and BPNN (with 0.0001~0.0912 mm AE and 0.0218 mm MAE). Therefore, it 322 

is not difficult to find that the performance of the GBDT prediction model is superior to that of 323 

SVM and BPNN in different validation events. At different ponding points, as shown in Fig. 3, 324 

Fig. 4 and Fig. 5, the AE range and MAE of the prediction results are quite different. This 325 

phenomenon is a common feature of SVM, BPNN and GBDT models. However, the MAE of the 326 
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GBDT prediction model at different ponding points displays a lower fluctuation degree than 327 

SVM and BPNN, which demonstrates that the prediction performance of the GBDT model is 328 

obviously more stable. 329 

 330 

Fig. 3.AE of prediction results of different ponding points in the first verification event 331 

 332 

Fig. 4.AE of prediction results of different ponding points in the second verification event 333 
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 334 

Fig. 5.AE of prediction results of different ponding points in the third verification event 335 

To more clearly compare the difference between GBDT, SVM and random forest in the 336 

prediction of ponding depth, the prediction results of the ponding depth of four ponding points (# 337 

1, # 5, # 9, # 13) in a rainfall event were extracted by a random sampling method. As shown in 338 

Fig. 6, the ponding hydrograph at ponding point No. 1 was relatively flat, and the ponding depth 339 

fluctuated slightly from 8 to 20 minutes, which was obviously different from the other three 340 

ponding points. The reason for this phenomenon may be that the catchment area of ponding point 341 

No. 1 is larger than that of the other three ponding points. After rainwater reaches the surface, 342 

rainwater near the ponding point quickly collects at the ponding point to form ponds. However, 343 

the rainwater far away from the ponding point takes longer to converge to the ponding point after 344 

reaching the surface, which causes the ponding point to still have considerable rainwater 345 

converging to the ponding point after the ponding reaches the peak value, extending the duration 346 

of the ponding peak value. The other three ponding points have similar ponding formation and 347 

dissipation processes, and the ponding subsides soon after reaching the maximum depth. It is 348 

worth noting that the prediction results of the GBDT model for the ponding peak are very close 349 

(with 0.009 MAE) to the measured results, and the prediction accuracy is significantly better 350 
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than that of the SVM and BPNN models. This result shows that GBDT has obvious advantages 351 

in predicting the ponding peak.  352 

 353 

Fig. 6. Prediction results of ponding process (part) 354 

4.3 Feature importance analysis 355 

The information gain ratio (IGR) is an effective feature importance selection method. The larger 356 

the IGR of the condition factor is, the higher the influence of the condition factor on the 357 

prediction ability of the model. Therefore, in this study, the feature importance of each feature 358 

variable (rainfall, rainfall duration, rainfall peak, position coefficient, peak multiplier ratio, and 359 

rain intensity variance) on the influence of ponding depth was calculated based on the IGR. 360 

As shown in Fig. 7, the result of feature selection shows that rainfall (0.2893) is the most 361 

important factor affecting the ponding depth, and their cumulative contribution is more than 80%. 362 
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The reason is that rainfall is the driving factor of ponding, and only sufficient rainfall will 363 

produce ponding. In addition, the rainfall peak value (0.2070) and position coefficient (0.1864) 364 

are also important factors affecting the ponding depth. The reason is that the peak rainfall 365 

determines the size of the rainfall events and directly affects ponding severity. The position 366 

coefficient determines the rainfall pattern characteristics, and different types of rainfall patterns 367 

also have different degrees of impact on ponding depth. In contrast, the peak multiple ratio 368 

(0.1148) and rainfall intensity variance (0.0511) have little influence on the ponding prediction, 369 

indicating that the small rainfall pattern fluctuation has little or even negligible influence on 370 

ponding. These results indicate that the ponding depth is more sensitive to rainfall, rainfall peaks 371 

and position coefficients. In urban flood forecasting and early warning, we should focus on 372 

heavy rainfall events. 373 

 374 

Fig.7. Feature importance analysis results 375 

4.4 Prediction and early warning of the ponding process driven by rainfall forecast data 376 

It can be seen in 4.2 that the prediction effect accuracy and stability of the GBDT prediction 377 

model are better than SVM and BPNN. Therefore, the GBDT prediction model was used to 378 

predict ponding depth in this study. The rainfall forecast data are the basis for ponding depth 379 

prediction. In this study, the rainfall event in Zhengzhou city on August 1, 2019, was taken as the 380 
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forecast event. By calling the API of Caiyun technology, the rainfall forecast data of the 48 381 

ponding points in this event were obtained 60 minutes in advance. The ponding process data of 382 

48 ponding points were obtained by inputting the sensitivity index of rainfall prediction data into 383 

the GBDT prediction model. On this basis, four ponding points (# 9, # 19, # 29, # 39) were 384 

selected by the equidistant sampling method to draw the ponding process curve. As shown in Fig. 385 

8, there is a slight hysteresis between the ponding process curve and the rainfall process curve of 386 

these ponding points. The reason is that when the rainfall reaches the surface, it flows into the 387 

pipe network. In the beginning, the rainwater does not exceed the pipeline drainage capacity, so 388 

it will not form ponds. However, when the rainwater collection speed exceeds the pipe network 389 

drainage capacity, the drainage pipe network will fill with rainwater, which will form 390 

accumulated water near the rainwater collection center. Therefore, the ponding hydrograph at the 391 

ponding point has a slight lag compared with the rainfall hydrograph.  392 

To more intuitively display the ponding depth prediction results of ponding points, the 393 

ponding depth and ponding duration early warning classification method (Table 2) is used to 394 

classify the ponding depth of ponding points. The reason is that the early warning classification 395 

method based on ponding depth and ponding duration can not only directly reflect the ponding 396 

depth but also consider the continuous impact of long-term ponding. 397 
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 398 

Fig. 8. Prediction results of ponding process at ponding points under the prediction period of 399 

60min in advance (part) 400 

Table 2 Classification standard of ponding early warning level 401 

Early warning level Ponding depth (cm) Ponding duration (min) The degree of ponding 

1 0~3 / No ponding 

2 3~10 >10 Mild ponding 

3 10~25 >3 Moderate ponding 

4 >25 / Severe ponding 

By inputting the rainfall forecast data of 60 min, 50 min, 40 min..., 10 min before rainfall 402 

into the model, the ponding process data of 48 ponding points at 60 min, 50 min, 40 min..., 10 403 

min before rainfall are obtained. Based on this, the maximum depth and ponding duration are 404 

selected as early warning indicators, and the spatial processing and display function of GIS are 405 
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used as early warning technology to draw the real-time correction of ponding point early warning 406 

results. As shown in Fig. 9, the areas with serious ponding are mainly concentrated in the central 407 

and eastern parts of Zhengzhou city, especially in Longhai Road, Hanghai Road and the old 408 

urban area in the central area. The reason is that there are many underpass tunnels on Haihang 409 

Road and Longhai Road. These underpass tunnels often have the characteristics of low elevation, 410 

large terrain slope and wide catchment area. After rainwater reaches the surface, it quickly 411 

collects and flows to form ponds at the bottom of the tunnel. Therefore, ponding points with 412 

serious ponding mostly appear near these underpass tunnels. In contrast, the degree of ponding in 413 

the northern part of Zhengzhou city is obviously lower. The reason may be that the northern part 414 

of Zhengzhou is adjacent to the Yellow River wetland, which has a relatively flat terrain and a 415 

large proportion of the surface permeable area. Therefore, the amount of infiltration and 416 

interception of rainwater after reaching the ground is large, resulting in low confluence and 417 

confluence velocities. 418 

To further verify the effectiveness of real-time early warning results of ponding points using 419 

rainfall forecast data, the ponding depth of each rainfall ponding point on August 1, 2019, was 420 

obtained by means of ponding monitoring equipment, electronic water gauges and actual 421 

measurements, and the early warning results and measured results of ponding points were 422 

analyzed by the accuracy evaluation index of precision and recall. As shown in Table 3, the 423 

overall precision and recall of real-time ponding point early accuracy results is more than 80%, 424 

indicating that the overall early warning result precision can meet the requirements of urban 425 

flood forecasting and early warning. Moreover, the prediction precision shows an overall trend of 426 

improvement, although the prediction precision fluctuates with the shortening of the forecast 427 
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period. For example, the prediction precision in the next 10 minutes is 14.7% higher than that in 428 

the next 60 minutes. Moreover, from the perspective of the local accuracy of the early warning 429 

results, the prediction precision of ponding level 4 (i.e., serious ponding) is obviously higher than 430 

that of other levels in the early warning results of different ponding point levels (Table 3), which 431 

indicates that the GBDT algorithm has obvious advantages for predicting more serious ponding. 432 

Table 3 Statistics of early warning results of ponding points 433 

Ponding  

level 

1 2 3 4 
Precision 

(%) 

Recall 

(%) 

TP FP TP FP TP FP TP FP   

Measured 5 13 19 11   

10min early 5 0 12 0 19 0 11 1 97.9 98.1 

20min early 5 1 10 1 19 1 10 1 90.0 92.0 

30min early 5 1 10 2 17 3 10 0 87.9 89.3 

40min early 5 1 10 2 17 3 9 1 85.4 87.1 

50min early 4 1 9 1 19 2 10 2 86.0 85.0 

60min early 4 1 11 3 16 3 9 1 83.2 82.7 

Precision (%) 85.0 87.7 89.9 90.9   

 434 
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 435 

Fig. 9. Early warning level map of ponding point (10~60min early) 436 
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5. Discussion 437 

As seen in Fig. 2 and Fig. 9, although the ponding points do not have spatial correlation, the 438 

ponding points with the same ponding grade still have certain spatial aggregation. Specifically, 439 

ponding in the central region is more serious, which is mainly due to the combined influence of 440 

the spatial correlation of rainfall (Wang et al., 2020), the urban heat island effect and the 441 

distribution (Min et al., 2018) of urban functional areas. The urban heat island effect makes the 442 

rainfall in the center of the city larger. The city center is a densely populated old city with lower 443 

pipe network design standards, aging and severely damaged pipe networks and higher 444 

impervious areas. After rainwater reaches the surface, there is less infiltration, faster water 445 

collection speed, and limited drainage capacity, which easily causes more serious ponding in the 446 

central part of the city. In addition, Fig. 7 shows that urban ponding is most sensitive to rainfall, 447 

rainfall peaks and location coefficients. Therefore, to reduce losses caused by floods, urban 448 

management departments should not only increase the area of permeable ground in the central 449 

region of urban areas and transform, repair and dredge the drainage pipe network but also take 450 

timely measures such as drainage and cutting off roads when dealing with heavy rainfall. 451 

In terms of the early warning results accuracy, as shown in Table 3, with the shortening of 452 

the forecast period, the prediction accuracy shows an overall improvement trend. The main 453 

reason is that rainfall forecast data accuracy gradually improves, and the accuracy of input 454 

variables improves with the shortening of the forecast period, which leads to the improvement of 455 

prediction variable accuracy. It is generally believed that there is a contradiction between the 456 

forecast period and the prediction accuracy. The shortening of the forecast period will result in 457 

higher prediction accuracy, and a longer forecast period will reduce the prediction accuracy. 458 
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Fortunately, the prediction precision and recall of the model proposed in this study still exceed 459 

80% when the forecast period is 60 minutes. It effectively guarantees a certain forecast accuracy 460 

while obtaining a longer forecast period, which effectively addresses one of the contradictions 461 

between the forecast period and the prediction accuracy. The research results can provide more 462 

guiding theoretical and technical references for improving prediction and early warning methods 463 

and preventing flood disasters. 464 

6. Conclusion 465 

In this study, constructing ponding process prediction and early warning methods for ponding 466 

points is systematically explained in three aspects: method feasibility, method comparison and 467 

screening, and practical application of methods. The conclusions are as follows: 468 

(1) The feasibility of this study is explained by using the spatial autocorrelation analysis 469 

method, that is, each ponding point is spatially independent of each other, and there is no spatial 470 

correlation. Therefore, the urban flood inundation process model based on ponding points is 471 

theoretically feasible. 472 

(2) Based on different deep learning methods (GBDT, SVM, and BPNN), the relationship 473 

model between the rainfall process and the ponding process is constructed for each ponding point. 474 

A statistical evaluation method was used to analyze the applicability of different deep learning 475 

methods in ponding depth prediction. The results show that the GBDT algorithm has the highest 476 

accuracy for ponding depth prediction, which indicates that it is the most suitable method for the 477 

prediction of ponding depth. 478 

(3) Taking the rainfall event in Zhengzhou on August 1, 2019, as an example, a refined real-479 

time prediction model for the urban flood ponding process driven by rainfall forecast data was 480 
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constructed. The real-time early warning for ponding points is realized by the warning level 481 

standard and GIS. The results show that the overall accuracy of early warning results is more 482 

than 80%, and the accuracy of early warning results shows an upward trend with the shortening 483 

of the prediction period, which can meet the urban flood control requirements. 484 

However, due to limitations in rainfall and ponding data, the ponding process prediction 485 

model can only be built for ponding points with detailed data in this study. With the gradual 486 

enrichment of data and advancement of physical simulation technology, future research can 487 

attempt to expand the research scope combined with physical models. 488 
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Highlights 624 

 Proposes a prediction method for urban flood process based on different deep learning methods. 625 

 It is feasible to construct prediction model for each water accumulation point. 626 

 Gradient Boosting Decision Tree is the most suitable method for ponding process prediction. 627 

 Rainfall, rainfall peak and location coefficient have the greatest impact on ponding. 628 

 Realize the real-time prediction of urban flood driven by rainfall forecast data. 629 



Supplementary Files

This is a list of supplementary �les associated with this preprint. Click to download.

Highlights.doc

https://assets.researchsquare.com/files/rs-1114192/v1/1d6f20ae158d025185793a33.doc

