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Abstract：In order to explore the impact of the changing environment on urban rainstorm flood, 14 

and reveal the relationship between flood volume and its influencing factors at the micro level, 15 

the rainfall and flood volume are decomposed by the wavelet analysis method to perform the 16 

multiscale attribution analysis. Then the multiscale-multivariate prediction model of urban 17 

rainstorm flood is constructed in the Jialu River Basin in Zhengzhou city of China. The results 18 

show that the main influencing factors of flood volume are rainfall and underlying surface, 19 

where the latter causes the mutation of flood volume in 1994 and 2005. At the micro level, there 20 

is a constant linear relationship between rainfall and flood volume in d1, d2 and d3, while the 21 



impact of underlying surface on flood volume is mainly reflected in a3. The multiscale-22 

multivariate prediction model has a good simulation effect on the flood volume of the first 45 23 

rainstorm floods, NSE, R2 and Re are 0.966, 0.964 and 10.80%, respectively. Moreover, the 24 

model also has a good prediction effect, and the relative errors between the predicted and 25 

observed flood volume of 46th~50th rainstorm floods are all less than 20%. 26 

Author keywords: Urban rainstorm flood; Multiscale attribution analysis; Flood prediction; 27 

Wavelet analysis method; Ridge regression model 28 

1. Introduction 29 

For recent years, the urban rainstorm flood disaster occurs frequently causing a great threat 30 

to the national economic development and people’s lives and property. The continuous 31 

development of urbanization will induce the continuous changes of the urban rainstorm flood 32 

characteristics (Zhang et al. 2014). Therefore, many scholars have carried studies on the 33 

evolution of urban rainstorm flood by constructing models such as SWMM (Wu et al. 2017; 34 

Jamali et al. 2018), MIKE (Bisht et al. 2016; Li et al. 2018), InfoWorks ICM (Peng et al. 2015; 35 

Gong et al. 2018;). Moreover, Nigussie et al (2019) combined MIKE 21 model with the 36 

dynamic cellular automata-based urbanization model to predict urban flood under different 37 

scenarios in the future. However, most studies are focused on improving rainstorm flood 38 

hydrodynamic model or coupling with other methods, it is rare for the detailed study on the 39 

driving factors of urban rainstorm flood evolution. Meanwhile, most of the researches focus on 40 

the urban waterlogging simulation, it cannot truly reflect the overall impact of the changing 41 

environment on the urban rainstorm flood, while the study on the flood process at the urban 42 



river outlet can effectively solve this problem (Ren et al. 2021). 43 

Nowadays, statistical model and hydrological model have been widely used for predicting 44 

hydrological variables. The hydrological model works well, but it requires lots of data and is 45 

complicated to operate (Yan et al. 2008; Clark et al. 2015). In contrast, the statistical model is 46 

simple to operate with an acceptable prediction accuracy (Wang and Huo, 2010), so more 47 

scholars have used statistical models such as linear regression model (Madarang and Kang, 48 

2014; Chu et al. 2017), grey model (Ho et al. 2015; Wu and Wang, 2020) and neural network 49 

model (Taormina et al. 2015; Yaseen et al. 2016) to predict hydrological variables. Moreover, 50 

the statistical models are often combined with each other to improve the model performance, 51 

for example, Wang et al (2019) combined the gray model with BP neural network model to 52 

predict runoff and used Markov chain to correct the results. However, these statistical models 53 

can not exhibt the characteristic changes of variables with the multiscales, so it also can not 54 

reveal their relations between variables and their influencing factors at the micro level. 55 

Obviously, the knowledge of the driving factors makes to understand the evolution law of 56 

urban rainstorm flood well. Meanwhile, constructing the statistical prediction model of urban 57 

rainstorm flood can quantify the relationship between flood volume and its main influencing 58 

factors, thus reflect the overall impact of the changing environment on the urban rainstorm 59 

flood. Moreover, it is important to predict flood volume at the macro level, but the physical 60 

mechanism between flood volume and its influencing factors can be better reflected by 61 

predicting flood volume at the micro level, which can be achieved by combining with wavelet 62 

analysis method. Therefore, the innovation of this paper is to construct the multiscale-63 



multivariate prediction model of urban rainstorm flood by combining wavelet analysis method 64 

and statistical models, thus the model can not only predict the urban flood at the macro and 65 

micro levels, but also quantify the multiscale attribution characteristics of flood volume to 66 

reflect the overall impact of the changing environment on urban rainstorm flood. 67 

The objective of this paper is to determine the main influencing factors of flood volume 68 

firstly. Secondly, the rainfall and flood volume are decomposed by the wavelet analysis method 69 

to perform the multiscale attribution analysis. Thirdly, the prediction model for each flood 70 

volume component is constructed, then the multiscale-multivariate prediction model of urban 71 

rainstorm flood is constructed by superimposing them. Finally, the model performance 72 

including simulation effect and prediction effect is evaluated. 73 

2. Materials and Methods  74 

2.1 Study Area  75 

The Jialu River originates in Xinmi City (affiliated to Zhengzhou City in China), and 76 

eventually flows into the Shaying River, which is the main tributary of the Huaihe River (Sun 77 

et al. 2017). The Jialu River Basin is 929 km2 in Zhengzhou central urban area, accounting for 78 

94% of the total area of Zhengzhou central urban area (Zhang et al. 2019). 79 

In the upstream of the Jialu River, there are Changzhuang reservoir, Jiangang reservoir and 80 

Hewang reservoir, thus it has no other natural water source except the main river course of Jialu 81 

River. In addition, the rainwater in Zhengzhou central urban area is mainly discharged into the 82 

nearby rivers, then with the Dongfeng Canal, Jinshui River, Xiong'er River, Qili River and other 83 

tributaries, the rainwater flows into the Jialu River (Zhou et al. 2015). The river system map of 84 



the study area is shown in Figure 1. 85 

 86 

Figure 1. River system map of the study area 87 

2.2 Data Source 88 

The hourly rainfall data in this paper are from Zhengzhou Precipitation Station, Jiangang 89 

Precipitation Station and Sizhao Precipitation Station, while the flood data are from Zhongmu 90 

Hydrological Station. The geographical location of each station is shown in Figure 1. The 91 

selected rainstorm flood must meet the following two conditions: (1) The rainfall meets the 92 

standard of rainstorm magnitude in Table 1(Yang et al. 2014). For the two consecutive hours, 93 

its rainfall is less than 0.1mm, thus it is considered as the end of a rainstorm (Shao et al. 2018). 94 

Also, the rainfall of three precipitation stations is basically the same. (2) The flood process line 95 



is a single-peak curve with a complete water recession process. 96 

Table 1. The standard of rainstorm magnitude 97 

Rainfall duration/h 1 2 3 6 12 24 

Rainfall/mm >15 >20 >22 >25 >30 >50 

50 rainstorm floods are screened out from 1983 to 2018, and the corresponding rainfall is 98 

the arithmetic average of the observed values at three precipitation stations. In this paper, the 99 

straight-line segmentation method which connects the starting point on the rising process to the 100 

turning point estimated on the recession process is used to divide flood process, and the 101 

corresponding flood volume is above the connection line (Xu et al. 2011). Moreover, eight 102 

phases (1980, 1990, 1995, 2000, 2005, 2010, 2015 and 2018) of the land use/cover data of study 103 

area are obtained from the China Resources and Environmental Science and Data Center. 104 

2.3 Wavelet Analysis Method 105 

The basic idea of wavelet transform is to use a cluster of wavelet functions to represent or 106 

approximate a certain signal or function. The corresponding wavelet function (t) is a function 107 

having a wave shape and limited but flexible length with a mean value that is equal to zero, and 108 

is localized in both time and frequency domains (Seo et al. 2015; Pathak et al. 2016). For a 109 

timeseries, (t) is generally defined as: 110 

𝑎,𝑏(𝑡) = |𝑎|−1 2⁄ (𝑡−𝑏𝑎 )                       （1） 111 

where t represents time; b is the translation factor (time shift) of the wavelet over the time series, 112 

and a ranging from 0 to +∞ denotes the wavelet scale (scale factor). For a given energy-limited 113 

signal 𝑓(𝑡)𝐿2(𝑅), the continuous wavelet transform (CWT) is defined as: 114 



𝑊𝑓(𝑎, 𝑏) = |𝑎|−1 2⁄ ∫ 𝑓(𝑡)(𝑡−𝑏𝑎 )𝑑𝑡                  （2） 115 

where ̅ (𝑡−𝑏𝑎 ) is the complex conjugate function of (𝑡−𝑏𝑎 ). In real hydrological problems, 116 

the time series are usually in the discrete format rather than continuous format (Roushangar et 117 

al. 2018), therefore, the discrete wavelet transform (DWT) in the following form is usually used: 118 𝑊𝑓(𝑎, 𝑏) = |𝑎|−1 2⁄ 𝑡 ∑ 𝑓(𝑘𝑡)(𝑘𝑡−𝑏𝑎 )𝑁𝑘=1                （3） 119 

where t is the sampling interval. 120 

2.4 Linear Regression Model and Ridge Regression Model 121 

The core of the linear regression model is to establish a linear relationship between the 122 

dependent variable and one or more independent variables (Liu et al. 2016). When the number 123 

of independent variables is p and the number of samples is n, the linear regression model is 124 

formulated as follows: 125 𝑌 = 𝑋𝛽 + 𝜀                          （4） 126 

where Y (n×1) is the vector of dependent variable, X (n×p) is the regression matrix, ε (n×1) 127 

is the vector of random error terms after removing the influence of independent variable on 128 

dependent variable, and β (p×1) is the parameter vector which can be estimated by the least 129 

square method with the following equation (Zhao et al. 2020): 130 𝛽 = (𝑋𝑇𝑋)−1𝑋𝑇𝑌                        （5） 131 

When there is a good correlation between independent variables, the least squares 132 

estimator may lead to the ill-conditioned problem, that is, the calculated optimal parameter does 133 

not match the actual situation. The ridge regression model can effectively handle this problem. 134 

The ridge regression is a biased estimation regression method for multicollinearity data 135 



analysis. The motivation for the ridge estimator is to add a constant matrix kI (k>0) to the matrix 136 

XTX, which greatly reduces the probability of XTX+kI approaching singularity (Rabiei et al. 137 

2019). Therefore, the parameters of the ridge regression model can be obtained with the 138 

following equation: 139 

�̂� = (𝑋𝑇𝑋 + 𝑘𝐼𝑝)−1𝑋𝑇𝑌                     （6） 140 

where k≥0 is the ridge parameter and Ip is the p-dimensional identity matrix (Choi et al. 2019). 141 

2.5 Structure of the Combined Prediction Model 142 

The relationship between rainfall and flood volume is analyzed by double cumulative 143 

curve method and T-test method, then the main influencing factors of flood volume can be 144 

determined by combining the analysis of land use/cover change. Meanwhile, the sequences of 145 

rainfall and flood volume are decomposed into several components by wavelet transform to 146 

perform the multiscale attribution analysis of flood volume. According to the impact of each 147 

influencing factors on the flood volume at different scales, the cumulative linear regression 148 

model and ridge regression model are introduced to construct the prediction model for each 149 

flood volume component. Finally, the multiscale-multivariate prediction model of urban 150 

rainstorm flood is obtained by superimposing all component prediction models. The process for 151 

constructing the combined prediction model is shown in Figure 2. 152 



 153 

Figure 2. The process for constructing the combined prediction model 154 

The Nash–Sutcliffe efficiency (NSE), the coefficient of determination (R2) and the mean 155 

relative error (Re) are used to evaluate the performance of the model. The closer the values of 156 

NSE and R2 to 1.0 and the closer the value of Re to zero, the better the performance of model 157 

can be achieved. These performance indexes can be written as: 158 

𝑁𝑆𝐸 = 1 − ∑ (𝑦𝑖−𝑦𝑖′)2𝑛𝑖=1∑ (𝑦𝑖−�̅�𝑖)2𝑛𝑖=1                       （7） 159 

𝑅2 = [ ∑ (𝑦𝑖−�̅�𝑖)(𝑦𝑖′−�̅�𝑖′)𝑛𝑖=1√∑ (𝑦𝑖−�̅�𝑖)2 ∑ (𝑦𝑖′−�̅�𝑖′)2𝑛𝑖=1𝑛𝑖=1 ]2
                  （8） 160 

𝑅𝑒 = 1𝑛 ∑ |𝑦𝑖′−𝑦𝑖𝑦𝑖 |𝑛𝑖=1 × 100%                    （9） 161 

where 𝑦𝑖   and 𝑦𝑖′  are the i-th observed and simulated value；�̅�𝑖  and �̅�𝑖′  are the average 162 



observed and simulated value respectively, n is the number of observations. 163 

3. Results and Discussion 164 

3.1 Analysis of Relationship Between Rainfall and Flood Volume 165 

The rainfall and flood volume of 50 rainstorm floods are shown in Figure 3. It can be seen 166 

from Figure 3 that the rainfall and flood volume of the 12th to 25th rainstorm floods are smaller, 167 

while those of other rainstorm floods fluctuate around the mean value. Moreover, the fluctuation 168 

trends of rainfall and flood volume are basically the same with the correlation coefficient of 169 

0.876. In order to further explore the changes in the relationship between them, the double 170 

cumulative curve of rainfall and flood volume is constructed as shown in Figure 4. 171 

 172 

Figure 3. Rainfall and flood volume of 50 rainstorm floods173 



 174 

Figure 4. Double cumulative curve of rainfall and flood volume 175 

According to Figure 4, it is obvious that the slope of the double cumulative curve changes 176 

in the 12th and 24th rainstorm floods, dividing the 50 rainstorm floods into three periods 177 

including the 1st rainstorm flood (September 22, 1983) ~ the 11th rainstorm flood (April 30, 178 

1993), the 12th rainstorm flood (April 18, 1994) ~ the 23rd rainstorm flood (June 29, 2003), 179 

the 24th rainstorm flood (June 21, 2005) ~ the 50th rainstorm flood (August 18, 2018). 180 

Assuming that these two rainstorm floods are mutation points of the rainfall-flood volume 181 

relationship, the significance T-test is respectively performed on the rainfall and flood volume, 182 

the significance level is 0.01 and the results are shown in Table 2. If the absolute value of T 183 

exceeds the critical value, it means that the significance test is passed. 184 

Table 2. Significance T-test of hypothetical mutation point 185 

No. n1 n2 T value of rainfall T value of flood volume ta/2(a=0.01) 

12 11 12 1.530 3.452 2.831 

24 12 27 -0.863 -4.310 2.715 



It can be seen from Table 2 that the flood volume decreases abruptly in the 12th rainstorm 186 

flood and increases abruptly in the 24th rainstorm flood, the mutation of the latter is more 187 

significant. Moreover, the rainfall does not change abruptly in these two rainstorm floods. 188 

Therefore, the 12th and 24th rainstorm floods are mutation points of the relationship between 189 

rainfall and flood volume, that is, the characteristics of runoff generation and concentration in 190 

the study area change significantly in 1994 and 2005. 191 

3.2 Determination of the Main Influencing Factors of Flood Volume 192 

The land use/cover of study area is divided into 6 categories: cultivated land including dry 193 

land and paddy field, forest land, grassland, waters, impermeable land and unutilized land 194 

(shown in Figure 5), where the unutilized land mainly includes waste grassland, saline-alkali 195 

land, swamp, sand, bare land, bare rock, etc. Furthermore, the area of different underlying 196 

surface types is shown in Figure 6 (the unutilized land area is so small that it can be ignored). 197 

 198 

Figure 5. Land use distribution of study area in 1980, 1990, 1995, 2000, 2005, 2010, 199 

2015 and 2018 200 



 201 

Figure 6. Area of different underlying surface types  202 

From Figure 5 and Figure 6, it can be seen that the cultivated land area decreases 203 

continuously from 1980 to 2018, with the percentage decreasing from 76.8% to 28.0%, while 204 

the impermeable land area increases continuously, with the percentage increasing from 17.6% 205 

to 67.8%. Moreover, the area of forest and grassland accounts for 2.3% of the total area in 1990, 206 

increases to 3.7% in 1995, but then continues to decrease to 0.6 % in 2010. The water area 207 

basically remains unchanged from 2000 to 2015, with the percentage of 5.5%. The area changes 208 

of different underlying surface types in different periods are shown in Table 3. 209 

Table 3. Area changes of different underlying surface types in different periods 210 

(km2/a) 211 

Period/Type Cultivated land Forest and grassland Water Impermeable land 

1980~1990 -3.95  0.00  1.56  2.40  

1990~1995 -3.29  2.56  -3.00  3.87  



1995~2000 -8.64  -2.81  3.87  7.46  

2000~2005 -23.15  -0.54  0.67  23.03  

2005~2010 -27.04  -2.36  -0.53  30.06  

2010~2015 -5.94  0.00  -0.09  6.03  

2015~2018 -21.44  0.00  -5.48  26.92  

Table 3 shows that both cultivated land area and impermeable land area change sharply in 212 

the two periods of 2000~2010 and 2015~2018, while change slightly from 1980 to 1995. The 213 

water area changes most sharply from 2015 to 2018 and changes slightly from 2000 to 2015, 214 

the area of forest and grassland changes sharply in the two periods of 1990~2000 and 215 

2005~2010, and basically remains unchanged in other periods. 216 

Theoretically, the flood volume is affected by rainfall elements such as rainfall, rainfall 217 

duration and rainfall intensity. According to the selection principle of rainstorm floods and the 218 

analysis of the relationship between rainfall and flood volume, the rainfall is selected as the 219 

main influencing factor of flood volume among rainfall elements in this paper. 220 

Furthermore, the increase of forest and grassland area or water area will lead to the 221 

decrease of runoff coefficient, reducing the flood volume generated by rainstorm of the same 222 

magnitude, while the increase of impermeable land area will lead to the opposite result. 223 

Therefore, according to the analysis of land/use change, it can be concluded the main reason 224 

for the mutation of the rainfall-flood volume relationship in 1994 is the change of forest and 225 

grassland area and water area under slight change of impermeable land area. Similarly, the main 226 

reason for the mutation of the rainfall-flood volume relationship in 2005 is the rapid 227 



urbanization of Zhengzhou City and the rapid increase of impermeable land area after 2000.  228 

The above conclusion is consistent with the previous study on the annual runoff coefficient 229 

in the study area (Wang et al. 2017), that is, the underlying surface is the main driving factor 230 

for urban rainstorm flood evolution. Therefore, the rainfall and underlying surface are the main 231 

influencing factors of flood volume in the Jialu River Basin of Zhengzhou central urban area. 232 

3.3 Multiscale Attribution Analysis of Flood Volume  233 

In this paper, db6 wavelet (Daubechies wavelet of order 6) is selected to decompose the 234 

rainfall sequence and flood volume sequence of the first 45 rainstorm floods, then five detail 235 

components and one trend component are obtained respectively, that is d1, d2, d3, d4, d5 and 236 

a5 (shown in Figure 7). The original sequence consists of these six component sequences, and 237 

a5 reflects the overall change trend of the original sequence. 238 



 239 

Figure 7. Components of rainfall and flood volume for the first 45 rainstorm floods 240 

It can be seen from Figure.7 (a) that both Pd1 and Rd1 have fluctuation periods of quasi-241 

2~4; (b) shows that both Pd2 and Rd2 have fluctuation periods of quasi-5~7; (c) shows that both 242 

Pd3 and Rd3 have fluctuation periods of quasi-8~12; (d) shows that Rd4 has fluctuation period of 243 

quasi-26; (f) shows that the sequence of rainfall shows a slight change trend of increase- 244 

decrease-increase, while the sequence of flood volume shows a more obvious increase trend on 245 

the whole. In addition, the fluctuation trends of rainfall and flood volume are basically the same 246 

in d1, d2, d3 and d4. 247 

In order to reasonably construct the multiscale prediction model to connect rainfall and 248 

flood volume at the micro level, the correlation coefficients between rainfall and flood volume 249 



in each component are calculated as 0.957, 0.977, 0.974, 0.983, 0.319, 0.872, respectively. In 250 

other words, the rainfall and flood volume are positively correlated and well correlated in d1, 251 

d2, d3 and d4, while the correlation between the two variables is the worst in d5. Combining 252 

with Figure 7, d4, d5 and a5 components are superimposed to obtain the trend component a3 to 253 

improve the prediction accuracy of the model. 254 

Since the decomposed sequences including d1, d2 and d3 have several negative values, 255 

the six data sequences are equivalently replaced for ease of calculation, that is, each item of 256 

original sequence subtracts the minimum value of the sequence to obtain new sequences 257 

including Pb1, Pb2, Pb3, Rb1, Rb2 and Rb3. Then the double cumulative curves of Pb1-Rb1, Pb2-Rb2, 258 

Pb3-Rb3 and Pa3-Ra3 are respectively constructed (shown in Figure 8). 259 

 260 

Figure 8. Double cumulative curve of rainfall and flood volume in each component 261 

It can be seen from Figure 8(a), (b), (c) that the linear trend line basically coincides with 262 

the double cumulative curve, that is, there is a constant linear relationship between rainfall and 263 



flood volume, while the change of underlying surface has little influence on flood volume in 264 

d1, d2 and d3. Moreover, Figure 8(d) shows that the slope of the double cumulative curve 265 

changes significantly in the 12th and 24th rainstorm floods, which is consistent with the analysis 266 

of the rainfall-flood volume relationship. Therefore, the impact of underlying surface on flood 267 

volume is mainly reflected in a3. 268 

3.4 Construction of Prediction Model for Each Flood Volume Component 269 

According to the multiscale attribution analysis of flood volume, the univariate model 270 

between flood volume and rainfall should be constructed for d1, d2 and d3 components of flood 271 

volume, while the multivariate model between flood volume, rainfall and various underlying 272 

surface areas should be constructed for a3 component of flood volume. 273 

The cumulative linear regression models of Rb1-Pb1, Rb2-Pb2 and Rb3-Pb3 are respectively 274 

constructed, as shown in the trend line equation in Figure 8 (a)(b)(c), then the simulated value 275 

of Rd1, Rd2 and Rd3 can be obtained by restoring the simulation result. The comparison between 276 

the simulated and observed flood volume in d1, d2 and d3 components is shown in Figure 9. 277 

278 



 279 

Figure 9. Comparison between the simulated and observed flood volume in d1, d2 and 280 

d3 components 281 

The characteristics of runoff generation and concentration of the basin can be characterized 282 

by the rainfall-flood volume double cumulative curve slope, which is mainly affected by the 283 

underlying surface, thus, the slope of two adjacent points on the Pa3-Ra3 double cumulative 284 

curve is calculated. Since the slopes of different rainstorm floods in the same year are not 285 

significantly different, their mean value is represented by k and taken as the slope in the given 286 

year, as shown in Figure 10 (where rainstorm floods are not screened out in some years such as 287 

1995 and 2004). 288 

 289 

Figure 10. k value in each year 290 



It can be seen from Figure 10 that the k value shows a decreasing trend from 1983 to 2000, 291 

which is mainly influenced by the change of water area and forest and grassland area; the k 292 

value shows an increasing trend after 2000, which is mainly influenced by the change of 293 

impermeable land area. Therefore, the model between the k value and various underlying 294 

surfaces area should be constructed before 2000 and after 2000, respectively. Moreover, the 295 

sum of cultivated land area(S1), forest and grassland area(S2), water area(S3) and impermeable 296 

land area(S4) is basically a constant value, thus, S1 is discarded to avoid strong collinearity 297 

among the independent variables and up to other three variables are selected as independent 298 

variables. 299 

Taking the year after 2000 as an example, the correlation coefficients of S2, S3 and S4 are 300 

0.53, -0.98 and -0.55 by combining Table 3 and assuming that S2, S3 and S4 change evenly in 301 

the periods of 2000~2005, 2005~2010, 2010~2015 and 2015~2018, that is, there is a strong 302 

collinearity among the three. Based on the analysis of land use/cover change, SPSS software is 303 

used to respectively construct the linear regression model dependent on S4 for k value (Model 304 

1), the ridge regression model dependent on S2 and S4 for k value (Model 2), the ridge 305 

regression model dependent on S2, S3 and S4 for k value (Model 3). The equations of these 306 

three models are as follows.  307 𝑘 = (0.241𝑆4 − 1.782)/10                   （10） 308 𝑘 = (−1.444𝑆2 + 0.088𝑆4 + 80.018)/10             （11） 309 𝑘 = (−1.404𝑆2 − 0.66𝑆3 + 0.086𝑆4 + 113.949)/10         （12） 310 

Similarly, for the year before 2000, the linear regression model dependent on S2 for k value 311 



(Model 4), the linear regression model dependent on S3 for k value (Model 5) and the ridge 312 

regression model dependent on S2 and S3 for k value (Model 6) are respectively constructed. 313 

The equations of these three models are as follows. 314 𝑘 = (−3.677𝑆2 + 176.36)/10                 （13） 315 𝑘 = (−0.594𝑆3 + 112.01)/10                 （14） 316 𝑘 = (−4.595𝑆2 − 2.386𝑆3 + 289.739)/10            （15） 317 

The simulation results of each model are shown in Figure 11 and the performance indexes 318 

of each model are shown in Table 4.  319 

 320 

Figure 11. The simulation results of each model 321 

Table 4. The performance indexes of each model 322 

Index Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 

NSE 0.976 0.886 0.881 0.616 0.013 0.827 

R2 0.976 0.965 0.951 0.616 0.013 0.829 



Re 3.70% 7.81% 7.92% 10.36% 19.41% 6.64% 

From Figure 11 and Table 4, it can be seen that the Model 1 has the best simulation effect 323 

after 2000, while the Model 6 has the best simulation effect before 2000. Moreover, the Model 324 

6 has a poor simulation effect on the k value in 1998, which may be caused by uneven change 325 

of the underlying surface area from 1995 to 2000. All in all, the multivariate model for a3 326 

component of flood volume before and after 2000 are shown in Eq. (16) and Eq. (17), 327 

respectively. The simulated flood volume component is shown in Figure 12. 328 𝑅𝑎3 = (−4.595𝑆2 − 2.386𝑆3 + 289.739)𝑃𝑎3/10          （16） 329 𝑅𝑎3 = (0.241𝑆4 − 1.782)𝑃𝑎3/10                 （17） 330 

 331 

Figure 12. Comparison between the simulated and observed flood volume in a3 332 

component 333 

3.5 Effect Evaluation of the Multiscale-multivariate Prediction Model 334 

The multiscale-multivariate prediction model of urban rainstorm flood can be obtained by 335 



superimposing all the component prediction models. The simulated flood volume of the first 45 336 

rainstorm floods is shown in Figure 13, where NSE, R2 and Re are 0.966, 0.964 and 10.80%, 337 

respectively. That is, the multiscale-multivariate prediction model has a good simulation effect 338 

on the flood volume of the first 45 rainstorm floods. 339 

 340 

Figure 13. The simulated flood volume of the first 45 rainstorm floods 341 

The rainfall of the 46th~50th rainstorm floods is decomposed and input into the model, in 342 

which the 46th~48th rainstorm floods occur in 2017 and the 49th~50th rainstorm floods occur 343 

in 2018. Then the flood volume can be predicted by combining the impermeable land area, the 344 

predicted flood volume of each rainstorm flood is shown in Table 5.  345 

Table 5. The predicted flood volume of the 46th~50th rainstorm floods 346 

No. Pd1 Pd2 Pd3 Pa3 k 

Predicted 

value 

Observed 

value 

Relative 

error 

46 -3.76 -3.17 -2.63 40.26 14.04 461.2 439.9 4.84% 



47 3.70 4.79 -4.28 41.49 14.04 630.6 647.0 -2.53% 

48 -2.42 -3.38 -3.37 43.67 14.04 512.6 506.2 1.26% 

49 -14.88 -10.38 -0.46 46.72 14.69 375.9 337.0 11.54% 

50 24.28 3.80 4.02 50.70 14.69 1085.0 1080.6 0.41% 

From Table 5, the relative errors between the predicted and observed flood volume of 347 

46th~50th rainstorm floods are all less than 20%, indicating that the multiscale-multivariate 348 

prediction model has a good prediction effect on flood volume. 349 

4. Conclusion 350 

Using wavelet analysis method, cumulative linear regression model and ridge regression 351 

model, the multiscale-multivariate prediction model of urban rainstorm flood is constructed 352 

which can not only reveal the relationship between flood volume and its influencing factors at 353 

the micro level, but also predict flood volume at the micro and macro levels. 354 

The analysis of rainfall-flood volume relationship and land use/cover change show that 355 

the main influencing factors of flood volume are rainfall and underlying surface, and the change 356 

of the underlying surface causes the mutation of characteristics of runoff generation and 357 

confluence in 1994 and 2005. 358 

At the micro level, the fluctuation trend and period of rainfall-flood volume in d1, d2 and 359 

d3 are basically the same. The multiscale attribution analysis of flood volume shows that there 360 

is a constant linear relationship between rainfall and flood volume in d1, d2 and d3, while the 361 

change of underlying surface has little influence on flood volume. Moreover, the impact of 362 

underlying surface on flood volume is mainly reflected in a3. 363 



The multiscale-multivariate prediction model has a good simulation effect on the flood 364 

volume of the first 45 rainstorm floods, NSE, R2 and Re are 0.966, 0.964 and 10.80%, 365 

respectively. Moreover, the model also has a good prediction effect, and the relative errors 366 

between the predicted and observed flood volume of the 46th~50th rainstorm floods are all less 367 

than 20%. 368 

In summary, the model has a good performance in exploring the overall impact of the 369 

changing environment on urban rainstorm flood, quantifying the multiscale attribution 370 

characteristics of flood volume, and predicting the flood volume. At the same time, the model 371 

provides a new idea and method for flood prediction, and also provide an important basis for 372 

urban flood management. 373 
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