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Extreme weather has been more frequent in recent years. Urban agglomerations, as areas with a high density of human activities, have been plagued by storm flooding. Historically, the main focus of attention on flood control in urban agglomerations has gradually shifted from underground pipe networks to the impervious surface, reflecting profound changes in the influencing mechanism of urban flooding. Exploring the evolution of the mechanisms influencing urban flooding in the Guangdong Hong Kong Macao Greater Bay Area (GBA) urban agglomeration is of great reference significance for formulating flood prevention and control measures and promoting high-quality development of the GBA city cluster. In this paper, we fully use the collected information on urban flooding events from 1980 to 2018 in the GBA city cluster. Correlation analysis and geographically weighted regression (GWR) are used to analyze the influence of impervious surface percentage (ISP), impervious surface aggregation index (AI), impervious surface mean shape index (Shape_MN), vegetation cover (FVC), water surface ratio (WSR), relative elevation (RE) and slope on flooding in urban clusters and their evolution characteristics over time from a global perspective and spatial heterogeneity, respectively. The results show that: 1) ISP, AI, Shape_MN, and WSR are positively correlated with urban flooding, while FVC, RE, and Slope are negatively correlated with urban flooding. The correlations of each factor showed a general trend of gradual strengthening over time, and the increase rate slowed down after 2000, while the correlation of WSR showed a relatively noticeable decrease. 2) The GWR results show that each factor’s influence on urban flooding has pronounced spatial-temporal heterogeneity, and each factor shows different distribution characteristics. This study uses long time series of urban flooding point data to explore the spatial-temporal evolution of the influencing mechanism of urban flooding in the GBA urban agglomeration. We hope to provide a scientific basis for an in-depth understanding of the causes of urban flooding in the GBA, intending to provide auxiliary decision-making support for the formulation of waterlogging prevention and control measures.
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1 INTRODUCTION
Since the reform and opening up, thanks to the excellent location conditions, China’s coastal region has been through rapid development, and the urbanization process has been accelerated (Chen, 2014; Xu P. F. et al., 2021). Meanwhile, with the increasingly close communication between regional cities, several urban agglomerations have emerged in the coastal region, such as the Beijing-Tianjin-Hebei urban agglomeration, the Yangtze River Delta urban agglomeration, and the Pearl River Delta urban agglomeration. As the central region of China’s new urbanization, urban clusters dominate the lifeline of national economic development, and the high-quality, sustainable development of urban clusters profoundly affects the country’s international competitiveness (Fang, 2015; Tan et al., 2022; Yang et al., 2022; Feng et al., 2023). The particular geographic location of coastal areas brings good opportunities for regional development on the one hand but also makes them more vulnerable to water disasters, especially heavy rainfall flooding, than inland urban agglomerations on the other hand (Aerts et al., 2014; Quan, 2014; Duan, 2016; Jeong et al., 2021). Urban flooding occurs when a short period of heavy rainfall or continuous rainfall exceeds the city’s drainage capacity, resulting in extensive flood disasters (Hammond et al., 2015; Wang and Xie, 2018). Under the current situation of frequent extreme weather, urban flooding caused by high intensity and frequent extreme rainfall has posed a serious challenge to the development of coastal city clusters. For example, the “7.21” extreme rainstorm event in the Beijing-Tianjin-Hebei urban agglomeration, the “5.7” extreme rainstorm event in the GBA urban agglomeration, and the “8.25” extreme rainstorm event in Yangtze River Delta urban agglomeration have all caused serious flooding disasters, resulting in heavy casualties and huge property losses. With the advancement of urbanization in China, flooding in urban agglomerations still tends to intensify (Li C. et al., 2022; Wang Y. et al., 2022), which seriously restricts the high-quality and sustainable development of urban agglomerations (Chan et al., 2021b; Lu et al., 2022). How to effectively mitigate the impact of urban flooding has become a major problem that needs to be solved in the development of urban agglomerations in China (Liu et al., 2021; Luo and Zhang, 2022).
As an infrastructure to resist urban flooding, flood prevention and control measures have always been an important part of urban construction (Wang, 2019). Historically, the evolution of the factors influencing urban flooding has also given rise to different oriented flood control measures. There are two main causes of urban flooding, namely natural and human factors (Wang D. et al., 2015; Miller and Hutchins, 2017; Berndtsson et al., 2019; O'Donnell and Thorne, 2020). Natural factors are mainly persistent or short-duration high-intensity precipitation (ten Veldhuis et al., 2018; Wang X. et al., 2022) and topographic factors (Helderop and Grubesic, 2019), and the former has a higher impact on flooding than the latter (Huang et al., 2021). In the context of global climate change, extreme rainstorms are on the rise in many Chinese cities (He and Zhai, 2018; Li J. et al., 2022; Qian et al., 2022) and are mainly attributed to the increase in short-duration rainstorms (Huang et al., 2021). In recent years, the relationship between precipitation and urbanization has received continuous attention from scholars. Many studies have shown that urbanization not only changes the hydrological characteristics of cities but also exacerbates the extent of extreme precipitation in urban areas, including an increase in frequency and advancement of flood peaks (Wang W. et al., 2015; Liang and Ding, 2017; Lin et al., 2020; Yan et al., 2020; Zhang L. et al., 2020). Thus, although precipitation is the direct cause of urban flooding, the root cause of the increasing severity of urban flooding is that the construction of flood control measures in urban areas lags behind the development rate of urbanization.
In the early stage of urbanization, urban flooding was usually caused by natural factors such as short-term heavy rainfall, which led to previous flood prevention and control measures mainly through the construction of drainage networks to speed up the infiltration of rainwater, and the scale of the network was gradually expanded with urban development (Xiao, 2019). Since the 1980s, the urbanization process has been accelerated with the deepening of reform and opening up (Meng et al., 2020; Liang et al., 2021). The rapid spread of urban built-up areas has caused a significant reduction of rainwater infiltration area (Yu et al., 2021), coupled with the fact that the construction of urban flood control and drainage projects often lags behind the urbanization process (Fang et al., 2021), resulting in the aging of drainage networks and mixed flow of rainwater and sewage (Zhang Q. et al., 2020; Kong et al., 2021). The early planning of the carrying capacity of the pipe network is no longer applicable in a relatively short period (Chan et al., 2021a). At this time, the leading cause of urban flooding is gradually being replaced by human factors (Yu et al., 2018). Since it is not practical to carry out large-scale pipe network renovation in highly urbanized areas (Pietrucha-Urbanik, 2015; Zhou et al., 2018), urban flooding prevention and control measures gradually shifted from underground to above-ground. Such actions as low-impact development (LID) (Chen and Chen, 2018), sponge city construction (Wang et al., 2017), water-sensitive urban design (WSUD) (Salinas Rodriguez et al., 2014), sustainable drainage system (SuDS) (Scholz, 2015), and urban renewal (Liang et al., 2017; Hudson et al., 2022; Zhou et al., 2022) were proposed one after another. Therefore, clarifying the influencing factors of urban flooding and its evolution can provide a scientific theoretical basis for formulating urban flood prevention and control measures (Wang Y. et al., 2022).
Guangdong Hong Kong Macao Greater Bay Area Urban Agglomeration consists of Hong Kong, Macao, and nine cities in the Pearl River Delta. As one of China’s most open and economically vibrant regions (Yang et al., 2022), the GBA urban agglomeration has an important strategic position in the country’s overall development. However, carrying the grand vision of building a “world-class bay area”, the GBA urban agglomeration has a considerable gap in flood prevention and control capacity compared with the world’s first-class bay area. Urban flooding and the phenomenon of “seeing the sea in cities” are frequent in the GBA urban agglomeration (Chen H. et al., 2021). Although national policy documents have clearly required improving urban flood control and drainage capacity to solve the problem of urban flooding (Zhu et al., 2021), the current flood prevention and control measures are still based on passive defense, and the results are not significant despite the vast investment (Liu et al., 2019; Zhang et al., 2022). In the face of the increasingly severe flooding in the GBA, scholars have conducted many studies on hydrological information extraction (Duan et al, 2021), driving factors of urban flooding (Liu et al., 2021; Zhang et al., 2021), contextual simulations (Qiang et al., 2020; Chen X. et al., 2021), and prevention and control measures (Lourenço et al., 2020; Otsuka et al., 2022; Wu et al., 2022), having made some progress. However, due to the difficulty of obtaining long-time series flooding data (Zhang Q. et al., 2020; Zhang et al., 2021), the analysis of the spatial-temporal evolution of the flooding impact mechanism is still lacking. In the development and formation of the GBA urban agglomeration, how the spatial pattern of urban flooding changes and how the influencing factors of urban flooding evolve are still important questions that need to be explored. Therefore, this paper takes the GBA urban agglomeration, which is frequently attacked by rainstorms, as the study area, collects the accumulated 3,592 flood event points that occurred in the study area from 1980 to 2018, and uses them as the research object to explore the spatial-temporal evolution of the urban flooding influence mechanism. We hope to provide auxiliary decision-making support for flood prevention and control at the urban agglomeration scale and urban cluster renewal planning.
2 STUDY AREA AND DATA
2.1 Study area overview
This paper takes the GBA urban agglomeration as the study area (Figure 1). The GBA urban agglomeration is located in the core space of South China composed of Guangzhou, Shenzhen, Dongguan, Foshan, Zhuhai, Zhongshan, Jiangmen, Huizhou, Zhaoqing, Hong Kong, and Macao. It is a world-class city cluster with a total area of 56,000 square kilometers. Located at 111°15′∼115°30′E and 21°30′∼24°30′N, the GBA has a tropical and subtropical marine monsoon climate with sufficient rain and heat conditions throughout the year, and the average precipitation for many years is above 1500 mm. Influenced by the Pacific monsoon, precipitation activity is mainly concentrated between April and October, with precipitation accounting for about 80% of the year and often accompanied by typhoon disasters and frequent rainstorms. With the rapid development of the GBA, the built-up area is expanding, and urbanization has brought about a series of urban problems, among which the impact of heavy rainfall and flooding is particularly severe for the people in the Bay Area. The cities here are under the threat of urban flooding all year round. Thus, it can be seen that flooding has become a primary “urban disease” that has to be solved.
[image: Figure 1]FIGURE 1 | The geographical location of the study area.
2.2 Data
Analyzing the evolution of influencing factors of flood disasters in urban agglomerations requires multi-source data. The data types, formats, time, and data sources used in this paper are shown in Table 1. We mainly use the textual information of urban flooding event points, impervious surface data with 30 m spatial resolution covering the GBA, digital elevation model (DEM) data, and administrative division data.
TABLE 1 | List of data.
[image: Table 1]To ensure the accuracy of the data, the urban flooding event points are mainly from mainstream media reports (mostly authoritative local newspapers) and flooding event points with accurate time and location information published by local water authorities, ranging from January 1980 to December 2018. These urban flooding events usually have caused a significant impact on the life of residents, social property, and transportation. Through the collected textual information of urban flooding events, we use ArcGIS and Google Earth for visual identification, vectorize the locations of these events, and establish a spatial data set of flooding points. The vectorization method refers to the method provided by Yu et al. (2018); Zhang et al. 2018), and finally, 3,592 flooding event points were obtained.
2.3 Influencing factor selection
Existing studies show that urban flooding is mainly influenced by natural factors such as precipitation, topography, and hydrology and human factors such as land use/cover (Zhang et al., 2018; Xu L. et al., 2021). Based on this, the following seven indicators are selected as the influencing factors of urban flooding for this paper, which is: the percentage of impervious surface (ISP), the aggregation of impervious surface (AI), the mean shape index of impervious surface (Shape_MN), vegetation cover (FVC), water surface ratio (WSR), relative elevation (RE), and slope (Slope).
Impervious surfaces are the ground cover that can prevent water from infiltrating into the soil, mainly composed of various artificial surfaces, such as asphalt or concrete roads, roofs, parking lots, etc. (Arnold and Gibbons, 1996). It is the main reason for the increasing severity of urban flooding (Sohn et al., 2020; Wang K. et al., 2021). In this paper, we use the impervious surface of the GBA in 1987, 1997, 2007, and 2017 extracted by Liu et al. (2020), and the extraction accuracy is above 88%, which meets the analysis demand. The landscape pattern index can highly concentrate the information on various landscape characteristics of surface elements, reflecting the spatial configuration and structural characteristics of landscape units as well as the intrinsic connection between landscape patterns and ecological processes (Li and Wu, 2004). In this study, based on the principle that landscape indices should be selected independently of each other (Riitters et al., 1995) and with reference to existing studies (Seto and Fragkias, 2005; Zhang et al., 2015), three landscape pattern indices, namely patch area share (ISP), aggregation (AI) and mean shape index (Shape_MN), were selected to measure the landscape pattern changes of impervious surfaces quantitatively. All the indices were calculated in Fragstats 4.2, and each index’s specific principles and meanings are shown in Table 2.
TABLE 2 | Landscape pattern index.
[image: Table 2]Green space, as one of the permeable surfaces, has good infiltration of rainwater and is one of the important influencing factors of urban flooding (Alexander et al., 2019; Afriyanie et al., 2020; Pallathadka et al., 2022). However, with the advancement of urbanization in the GBA, the rapid expansion of impervious surfaces has led to a continuous decrease in the area of green areas, which in turn has reduced the storage capacity of green areas for rainwater (Li L. et al., 2021). This paper uses fractional vegetation cover (FVC) to reflect the green space coverage in the GBA. FVC is the percentage of the projected area of vegetation (including leaves, stems, and branches) in the vertical projection plane over the statistical area, with a value between 0 and 1 (Li C. et al., 2021). It can reflect the size of plants’ photosynthetic area, and, to a certain extent, the lushness of vegetation (Zhao et al., 2015). In this paper, the FVC is extracted from NDVI, which is calculated by the formula
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where [image: image] is the vegetation cover, [image: image] indicates the minimum value above 5% of the cumulative frequency of NDVI, [image: image] indicates the maximum value below 95% of the cumulative frequency of NDVI.
Topographic factors such as elevation and slope are also important factors affecting urban flooding. In general, flood is more likely to occur in flat and low-lying areas because rainfall runoff always converges from higher to lower areas. Since topographic factors do not always change in the short term, this paper selects DEM data with an accuracy of 30 m obtained in 2007 as the data source, and selects two indicators, relative elevation (RE) and slope, to analyze the influence mechanism of topographic factors on urban flooding.
In addition, water systems, as important drainage channels, profoundly affect an area’s stormwater storage capacity and ecological carrying capacity (Wang T. et al., 2022; Kõiv-Vainik et al., 2022). However, due to urban construction and human activities, many water systems have been converted into urban built-up areas, and this conversion not only destroys the water network structure but also reduces the rainwater storage capacity of the area (Guo et al., 2021). Therefore, in this paper, water surface ratio (WSR) is calculated by obtaining water system data for different periods and analyzing its influence on urban flooding.
3 RESEARCH METHOD
3.1 Correlation analysis
Pearson correlation coefficient is a statistical method that accurately measures the degree of linear correlation between two variables. The magnitude of the coefficient reflects the strength of the linear correlation between two variables, while the positive or negative correlation reflects whether the variables are positively or negatively correlated (Wang Z. et al., 2021). In this study, the Pearson Correlation in SPSS was used to determine the correlation between each influencing factor and the severity of urban flooding at a global scale in preparation for further analysis of the spatial variability of the influencing mechanism of each factor. For the variable [image: image] and [image: image], the Pearson correlation coefficients are calculated by
[image: image]
where [image: image] and [image: image] are the average of [image: image] data. The range of the correlation coefficient [image: image] is (-1,1), and the closer the value of [image: image] is to 1, the higher the correlation between [image: image] and [image: image] is. If [image: image] is negative, it means [image: image] and [image: image] are negatively correlated; if [image: image] is positive, it implies [image: image] and [image: image] are positively correlated; if [image: image] equals zero, it means there is no linear correlation between [image: image] and [image: image].
3.2 Geographically weighted regression
The traditional global spatial regression model assumes spatial smoothness within the whole study area. However, due to the significant spatial differences in the development of the GBA urban agglomeration as a whole and within each city, the influencing factors present a certain degree of spatial non-smoothness, i.e., the degree of influence of each factor on urban flooding changes with the change of spatial location. Therefore, the correlation analysis alone cannot fully reflect the spatial differences in the changes of the influencing factors of urban flooding within the GBA, and the geographically weighted regression model can well compensate for this shortcoming.
Geographically Weighted Regression (GWR) is a spatial extension of the traditional regression model (OLS model). It regresses location information into the parameters (Yu et al., 2018), which takes into account the spatial heterogeneity and non-smoothness between geographic data (Gao and Li, 2011), making the results obtained from regression analysis more objective and realistic, and is commonly used to explore and describe spatial variability in the effects of explanatory variables on dependent variables (Lu et al., 2016). The model is currently widely used in the fields of population geography, business geography, and health geography (Wu et al., 2018), but it has been relatively little applied in the field of stormwater flooding disasters in urban agglomerations. Therefore, this paper uses the GWR model to explore the spatial and temporal heterogeneity characteristics of the influence of each factor on urban flooding in city clusters. The model is calculated as follows.
[image: image]
where [image: image] denotes the dependent variable of study unit [image: image], [image: image] denotes the intercept of study unit [image: image], [image: image] denotes the regression coefficient of the kth explanatory variable at study unit [image: image], [image: image] denotes the residuals, [image: image] denotes the random error of kth explanatory variable at study unit [image: image]. The spatial correlation of the model residuals is judged by the Z-test value. When the residuals are randomly distributed, it indicates that the model is plausible.
The spatial weights, which are mainly divided into fixed bandwidth and adaptive weight functions, are the key to determining the GWR model’s merits. Since there are obvious sparsity differences in the spatial distribution of flooding points, if fixed bandwidth is used, there will be too many points participating in the regression in data-dense areas and not enough points participating in the regression in data-sparse areas. Therefore, the adaptive weight function is chosen in this paper to ensure that there are suitable samples to participate in the regression. The calculation formula is as follows.
[image: image]
where [image: image] is the number of set neighboring element points. In this paper, the optimal number of adjacent element points follows the minimum AICC principle proposed by Fotheringham (Fotheringham et al., 2002).
4 RESULTS AND DISCUSSION
4.1 Spatial and temporal evolution of urban flooding events
As shown in Figure 2, the spatial-temporal distribution and the number of flooding points in the GBA urban agglomeration have experienced a significant expansion trend in both time and space. From 1980 to 1989, there were 211 flooding points in the GBA, among which a small number of flooding points existed in Guangzhou, and most of them were concentrated in Hong Kong with 111 points. From 1990 to 1999, the number of flooding points gradually increased to 425 points, mainly concentrated in Hong Kong, Shenzhen, and Guangzhou. During this period, except for Zhuhai with no flooding points, the number of flooding points in all regions shows an increasing trend. From 2000 to 2009, the number of flooding points in the GBA increased sharply to 1,256, which was nearly three times larger than the previous period. The flooding points are mainly distributed in Shenzhen, Foshan, Guangzhou, Dongguan, and Zhuhai, among which the number of flooding points in Shenzhen was the largest, reaching 265. During this period, the number of flooding points in all major cities in the GBA, except Hong Kong, was on a surge. From 2010 to 2018, the number of flooding points in the GBA further increased to 1700, expanding more than eight times compared with the 1980s, and they were distributed in all cities.
[image: Figure 2]FIGURE 2 | Spatial-temporal distribution of urban flooding points in the GBA.
4.2 Changes in the impact of global-scale urban flooding influencing factors
The average observation distance of the flooding points in the study area for all four periods was calculated as 1892m by mean nearest neighbor analysis, and the minimum analysis scale should be larger than the average observation distance. Therefore, a 2 km grid is chosen as the analysis scale to better reflect the detailed differences in spatial-temporal heterogeneity. The kernel density value of flooding points in the grid is used as the severity of flooding in the grid cell, and the correlation between each influence factor and the flood severity is obtained using SPSS software (Table 3). The results show that ISP, AI, Shape_MN, and WSR are positively correlated with the severity of flooding, while FVC, RE, and Slope are negatively correlated with the severity of flooding.
TABLE 3 | Results of correlation analysis of the influencing factors of flooding in the GBA.
[image: Table 3]Observing the temporal changes of the correlation coefficients of each factor (Figure 3), the overall correlation trend showed a gradual increase. Among the positively correlated factors, ISP, AI, Shape_MN, and WSR are ranked from highest to lowest correlation coefficients. ISP always dominates, but its correlation coefficient slightly decreases during 2010–2018, while AI and Shape_MN both keep increasing, indicating that urban flooding is gradually influenced more by the “shape” than by the “quantity” of impervious surface. “The correlation between WSR and urban flooding tends to increase yearly in the first and middle periods but decreases to 0 later. Urban drainage networks mostly have outlets near river waters. However, early urban pipe network construction is inadequate, and the Bay Area rivers are often affected by the upwelling of the sea tide. These lead to a rise in the river’s water level, resulting in an overflow of rainwater at the outlet of the pipe network forming internal flooding, causing a positive correlation between WSR and urban flooding severity. With the continuous optimization of the pipe network construction, this positive correlation is gradually reduced.
[image: Figure 3]FIGURE 3 | Correlation coefficient change of each influence factor of urban flooding in the GBA.
Among the negative correlations, FVC, Slope, and RE are ranked from the highest to the lowest absolute value of the correlation coefficients. All three factors show a trend of increasing correlation year by year, and FVC is significantly larger than Slope and RE in terms of correlation, which indicates that the correlation between green space and flooding severity is stronger than the topographic factor. It can be seen that improving vegetation cover and increasing rainwater infiltration is an effective way to reduce the risk of stormwater flooding.
4.3 Spatial-temporal evolution of factors influencing urban flooding
In this study, the analysis unit is a grid cell with a resolution of 2 km. The fitting results of each factor were obtained by following the AICC minimum principle under the premise that the standard residuals of the model conform to the random spatial distribution (Table 4). The modeling effect is unsatisfactory due to the small number of storm inundation event points between 1980 and 1989, and the adjusted R2 is significantly lower than the other three periods. Overall, RE, ISP, and Slope were better fitted for urban flooding, and the adjusted R2 for the three regression models after 1990 were above 0.95, 0.9, and 0.8, indicating the explanatory power of spatial differences in urban flooding is strong. AI, Shape_MN, FVC, and WSR have relatively weak explanatory power for the spatial differences in urban flooding, but most of the regression model-adjusted R2 are also above 0.4.
TABLE 4 | GWR results of the influencing factors of urban flooding in the GBA.
[image: Table 4]The regression coefficient in the output of the geographically weighted regression model indicates the degree of influence of the factor on the dependent variable, and the larger the absolute value of the regression coefficient, the stronger the degree of impact. Since the density of urban flooding in some areas in the GBA is 0, the corresponding model regression coefficient is also 0. Therefore, no data are shown for the areas where the model regression coefficient is 0, and only the areas where the regression coefficient is not 0 are analyzed.
Impervious surfaces increase surface runoff by reducing stormwater infiltration, contributing to urban flooding. As shown in Figure 4, the impact of ISP on urban flooding shows the characteristics of “polycentric diffusion - polycentric agglomeration”. During 1980–1989, the high-value areas of the regression coefficient mainly appear in the south of Zhaoqing City and the border between Shenzhen and Hong Kong. With time passing, the high value of the regression coefficient also appears to rise significantly, and there is a more obvious phenomenon of the high-value area enlarging, showing a spatial trend of polycentric diffusion. By the period of 2010–2018, the areas with high correlation coefficient values appear to retract, mainly concentrated in the border between Foshan city and Guangzhou city, the downtown area of Dongguan city, and the southern area of Shenzhen City. These areas are the old urban areas of the cities in the GBA, and the impervious surface in the region keeps increasing in density with urban development, while the drainage facilities are often difficult to update and expand, resulting in frequent urban flooding. The high expansion rate of impervious surfaces has been the primary cause of the increasing flooding severity in the GBA.
[image: Figure 4]FIGURE 4 | Spatial distribution of regression coefficients for ISP during 1980–2018.
AI and Shape_MN reflect the morphology of impervious surfaces, and scholars have paid attention to their effects on urban flooding. From Figure 5 and Figure 6, it can be seen that the two factors have similar influence characteristics on the spatial distribution of urban flooding. The spatial pattern is more prominent, showing the characteristics of “single-center diffusion - double-center concentration”. Both AI and Shape_MN are centered on the Guangzhou-Foshan Co-city area and gradually spread to the surrounding area. After 2000, a second agglomeration center was formed in the main urban area of Dongguan city, and since then, these two centers have continued to spread in all directions. During the development of the GBA, the city’s impervious surface has been increasing in density, and the landscape shape has become more complex (Ma et al., 2021). In the more developed core cities within the GBA, impervious surfaces not only contribute quantitatively to urban flooding, but their shape also has an important impact.
[image: Figure 5]FIGURE 5 | Spatial distribution of regression coefficients for AI during 1980–2018.
[image: Figure 6]FIGURE 6 | Spatial distribution of regression coefficients for Shape_MN during 1980–2018.
As can be seen from Figure 7, the areas with FVC regression coefficients less than 0 have been increasing over time, showing the characteristics of “no center - monocentric diffusion - polycentric diffusion”. During 1980–1989, there was no significant spatial clustering of negative FVC regression coefficients. During 1990–1999, the low-value area of negative FVC regression coefficients was mainly centered on Guangzhou-Foshan Co-city and spread to the surrounding area. During 2000–2009, the low-value area of the negative FVC regression coefficient further expanded and evolved from monocentric to bicentric, spreading in all directions centered on the Guangzhou-Foshan Co-city area and Dongguan City, respectively. After 2010, the low-value area of the negative FVC regression coefficient continued to expand, and the aggregation centers increased to three, spreading in all directions, centering on Guangzhou-Foshan Co-city, the core area of Dongguan City and the southern part of Shenzhen City, respectively. At the same time, the connectivity among the negative low coefficient value areas increased. In the progress of urban development, the area of vegetation is continuously encroached by impervious surfaces, which reduces the infiltration of rainwater and strengthens the risk of urban flooding. At the same time, there is also a significant clustering of positive FVC regression coefficients in the northwestern part of Zhongshan City after 2010, which means the influence of vegetation cover on the flooding severity in this area is not dominant among the factors. These areas may be dominated by other factors influencing the occurrence of urban flooding.
[image: Figure 7]FIGURE 7 | Spatial distribution of regression coefficients for FVC during 1980–2018.
The spatial spread pattern of the regression coefficient of WSR is somewhat similar to that of FVC (Figure 8). The WSR regression coefficients during the period of 1980–1989 and 1990–1999 have no significant spatial aggregation, but the coverage area is expanding. The low-value regions with negative WSR regression coefficients during 2000–2009 began to gather spatially, spreading in all directions with the eastern part of Foshan City and the core urban area of Dongguan City as the center, respectively. Between 2010 and 2018, the aggregation centers of low-value areas with negative WSR regression coefficients further increased, spreading in all directions with the eastern part of Foshan City, the western part of Guangzhou City, and the core urban area of Dongguan City, and forming another sub-center in the Shenzhen City. Water bodies are important carriers of underground pipe network drainage. The aggregation of low-value areas with negative WSR regression coefficients in the GBA core areas indicates, to a certain extent, the gradual improvement of drainage pipeline construction in these areas.
[image: Figure 8]FIGURE 8 | Spatial distribution of regression coefficients for WSR during 1980–2018.
As can be seen in Figure 9 and Figure 10, the regression coefficients of RE and Slope are significantly reduced compared to other factors, indicating that topographic factors have less influence on urban flooding. Flooding in the GBA mainly occurs in urban areas, while cities in the region are mainly located in the estuarine plains with less topographic relief, so the impact on flooding is relatively low. The 2 km grid scale used in this paper can still analyze some local macroscopic characteristics from a large-scale perspective. In terms of RE, the low-value region of the negative regression coefficient is in a significantly increasing trend. The grids with regression coefficients less than −0.0007 increased from 0 to 460, indicating that the relevance of topographic factors for urban flooding is strengthening. These low-value areas are mainly concentrated in the Guangzhou-Foshan Co-city, the central part of Shenzhen, and some territories of Dongguan City, and some low-values are also scattered in other areas, with poor inter-regional connectivity. It is worth noting that since 1990, a large number of positive high-value regions appear in the core urban areas of Foshan City and Dongguan City, and negative low-value areas surround these high-value areas This indicates that other factors dominate the occurrence of flooding in these areas, and the presence of such confounding factors leads to different degrees of variation in the results. In fact, this is also the area where impervious surfaces play a significant role. Therefore, it can be inferred that impervious surfaces can not only enhance the flooding severity by itself but also this enhancement is further enhanced by the low roughness of the hardened surface coupled with topographic factors.
[image: Figure 9]FIGURE 9 | Spatial distribution of regression coefficients for RE during 1980–2018.
[image: Figure 10]FIGURE 10 | Spatial distribution of regression coefficients for Slope during 1980–2018.
5 DISCUSSION
By collecting point data on flood events in the GBA urban agglomeration during 1980–2018, this study uses correlation analysis and the GWR model to analyze the changes in the impact mechanism of flooding in the GBA over the past 40 years, to provide additional decision support for urban flooding prevention and urban cluster renewal planning at the urban cluster scale. Through the study, this paper presents the following considerations.
1) The regression coefficients measure the correlation between the independent and dependent variables in numerical terms, and cannot determine whether there is necessarily a causal relationship between the two. Although the GWR model can explore, from the perspective of spatial heterogeneity, the spatial-temporal variation of the impact of various factors on urban flooding in the GBA over the past 40 years, it is not sufficient to explain the causal relationship between the influence factor and flooding severity. For example, even if the regression coefficient between ISP and the flooding severity is high, it is still not possible to determine that urban flooding is solely caused by the expansion of impervious surfaces. The specific causes of a particular urban flooding event still need to be modeled and studied from a microscopic, systematic, and dynamic perspective. The significance of exploring the spatial variability of influencing factors of flooding from a large regional scale is to draw general patterns from microscopic data on flooding and influencing factors and to try to explain the regional anomalies that occur.
2) From a global perspective, impervious surface factors are always in the dominant position of all influence factors of flooding in the GBA. Among them, the correlation coefficient of ISP showed a relatively significant decrease at the end of the study period, and the results of the GWR model indicated that this decrease might be mainly due to the decline of ISP correlation coefficients in Zhaoqing City and the east of Guangzhou City. In addition, the correlation coefficients of AI and Shape_MN, which reflect the “shape” characteristic of impervious surfaces, are steadily increasing compared to ISP, which reflects the “quantity” characteristic. This shows that in the late development stage of the GBA urban agglomeration, the impact of impervious surface on flooding has changed from quantity to shape, which has important guiding significance for the GBA urban renewal.
At the beginning of the reform and opening up, under the influence of Hong Kong and policy support, the industrialization of the Peral River Delta (PRD) region developed significantly, promoting the expansion and contiguity of towns on the east and west sides of the PRD, and urbanization showed a spatial integration across administrative boundaries. At the same time, under the influence of both market economy and administrative control, the urban space in the PRD has shown a phenomenon of “park-city separation” in which production space and living space are separated. Although this phenomenon has provided ample space and great flexibility for the development of export-oriented industries, it has also led to several urban problems, such as “tidal traffic” and “road economy” (Ma et al., 2019). Dismantling existing infrastructure for re-planning can lead to a massive waste of resources and economic loss, so the “urban disease” caused by the rough urbanization development is often difficult to reverse. As one of the four major global Bay Area economies, the GBA urban agglomeration is powerfully promoted by the Chinese government. To achieve its high-quality development must rely on coordinated macroscopic planning and exploring to build an integrative urban and rural construction land market. Optimizing the impervious surface spatial pattern within the GBA urban agglomeration through urban renewal planning will play a positive role in preventing and controlling urban flooding.
3) The results of the global-scale correlation analysis show that the water surface ratio (WSR) is positively correlated with the severity of urban flooding in the early stages, which is inconsistent with the conventional perception. Generally speaking, the more water bodies there are, the easier surface runoff will drain into the water bodies, thus reducing the risk of urban flooding, i.e., WSR is negatively correlated with the flooding severity. The low urbanization level of the GBA in the early stage of the study period and its geographical location by the river and the coast, which is rather vulnerable during extreme weather, led to early flooding caused mainly by heavy rainfall-induced river overflows or seawall breaches. Therefore, there was always much water around the flooding event points in the early stage, causing the higher the WSR, the higher the urban flooding severity in some areas. With the increasing level of urbanization, the flooding gradually migrates to the inner city. The drainage network laid inside the city can effectively discharge the surface runoff into the water bodies, and the drainage capacity is relatively better in places with more river water bodies. Therefore, there are obvious negative correlation areas in Shenzhen, Dongguan, Guangzhou-Foshan Co-city, Zhongshan, and Zhuhai, which pulls down the overall correlation coefficient of WSR. The emergence of this phenomenon further demonstrates the necessity of using the GWR model to explore the spatial heterogeneity of the mechanisms of the influencing factors at large regional scales.
4) Current research also has the following shortcomings. First, the urban flooding data used in the study are mainly obtained from authoritative newspapers in various cities in the GBA. These flooding events were usually reported because they had a greater impact on the safety of people’s lives and production, which may make some flooding points to be neglected, resulting in the collected flooding not being comprehensive and complete. Secondly, in the selection of impact factors, this paper does not consider the underground drainage network, which is mainly due to the difficulty of obtaining underground pipeline data at long time series and large scale. Finally, this paper does not consider the joint effect of multiple influencing factors on urban flooding, which need be further explored in future studies.
6 CONCLUSION
Urban flooding, especially in city clusters, has become one of the major urban diseases that threaten the safety of residents and property, hinder public transportation, and limit the healthy and sustainable development of cities. Accurate, abundant, and longer time-scale flooding event points are of great significance for the study of flooding causes and flooding risk prediction. In this paper, we take the GBA as the study area, establish a spatial data set by collecting flooding event points in the Bay Area for the past 40 years from 1980 to 2018, combine Pearson correlation and GWR model to explore the spatial-temporal evolution of the impact mechanism of urban flooding at global and local scales and provide a scientific basis for the prevention and management of flooding in urban clusters. The main findings of the study are as follows.
1) By conducting a time-series analysis of urban flooding points in the long-timescale of the GBA, we can dig into the differences in the impact mechanisms of regional flooding events in time stages, to grasp the impact characteristics of urban cluster development patterns on urban flooding, and provide a new idea for urban cluster renewal planning oriented to urban flooding risk management.
2) The results of Pearson correlation analysis showed that among the main influence factors of flooding in urban clusters, ISP, AI, Shape_MN, and WSR are positively correlated with urban flooding, while FVC, Slope, and RE are negatively correlated with urban flooding. The correlations of the factors in the time dimension showed a general trend of gradual strengthening, slowing down after 2000, and the correlation of the WSR showed a relatively noticeable decline.
3) GWR model results show that there is significant spatial-temporal heterogeneity in the factors influencing urban flooding in the GBA. The influence of ISP on the spatial distribution of urban flooding is characterized by “polycentric diffusion—polycentric agglomeration”; the influence of AI and Shape_MN on the spatial distribution of urban flooding is characterized by “monocentric diffusion - bicentric agglomeration”. The area with negative values of FVC and WSR is spatially characterized by “no center - multicenter”. RE and Slope have less influence on the spatial distribution of urban flooding, and the distribution is more fragmented in space, and there is no significant spatial aggregation compared with other factors.
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