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Abstract

:

The emergency response is crucial in preventing and mitigating urban floods. Both remote sensing and social media data offer distinct advantages in large-scale flood monitoring and near-real-time flood monitoring. However, current research lacks a thorough exploration of the application of social media data and remote sensing imagery in the urban flood emergency response. To address this issue, this paper, while extracting disaster information based on social media data, deeply mines the spatiotemporal distribution characteristics and dynamic spatial accessibility of rescue points. Furthermore, SAR imagery and social media data for monitoring urban flooding are compared. This study took the Zhengzhou 7.20 urban flood as a case study and created a methodological framework to quickly extract flood disaster information (flood, landslide, and rescue points) using these two types of data; spatiotemporal analysis and random forest classification were also conducted to mine valuable information. Temporally, the study revealed that disaster information did not increase proportionally with the amount of rainfall during the rainfall process. Spatially, specific regions with higher susceptibility to flooding, landslides, and rescue points were identified, such as the central region characterized by low drainage standards and high-density urban areas, as well as the eastern region with low-lying terrain. Moreover, this study examined the spatial accessibility of rescue resources in real flood scenarios and found that their service coverage varied throughout the day during and after the disaster. In addition, social media excelled in high-density urban areas’ flood point extraction, while SAR performed better in monitoring floods at the edges of low-density urban areas and large water bodies, allowing them to complement each other, to a certain extent. The findings of this study provide scientific reference value for the optimal selection of rescue paths and the allocation of resources in the emergency response to urban floods caused by extreme rainstorms.
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1. Introduction


Climate change and rapid urbanization continue to aggravate the problem of urban flooding. Climate change has led to frequent extreme rainstorms [1], and impervious surface expansion and inadequate drainage facilities in the process of rapid urbanization have exacerbated the occurrence of urban flooding [2,3]. Meanwhile, the concentration of people, property, and socioeconomic activities further exacerbates the adverse effects of flooding [4,5,6]. Many cities in China suffer from severe floods, especially in the rainy season [7], such as Beijing’s rainstorms on 23 July 2021 and 16 July 2018; Wuhan’s rainstorm in July 2016; and Zhengzhou’s heavy rainfall and flood disaster events on 20 July 2021, which pose serious threats to people’s lives and property safety. Urban flooding has become a serious problem that needs to be solved in many cities in China or worldwide, and has received widespread attention from government policy-making departments and stakeholders [8].



Generally, the short-term road inundation in urban areas caused by heavy rainfall is shallow, which will cause temporary blockage of road vehicles, and people’s social activities will soon return to normal. However, long-term extreme rainstorms will lead to serious road congestion, and population travel safety will be seriously threatened [9]. Commonly used measures, such as the improvement of drainage capacity and low-impact development measures, have limited effects on relief from severe rainstorms and floods [8,10]. In this case, the emergency response can minimize the losses from flood disasters [11,12]. The spatial location of flood disasters and their dynamic analysis are crucial to the deployment and implementation of the emergency response for disaster managers [13].



Many studies have developed a series of methods and data sources to determine the spatial location and severity of flood disasters, such as hydrodynamic models [14] and remote sensing images [15,16]. However, in complex urban environments, extremely heavy rain is difficult to predict accurately and the mechanisms of urban floods are not yet clear; both lead to difficulty in accurately simulating and predicting floods through models [17]. Urban pluvial floods usually occur in a few hours, and the urban internal environment is full of high spatial heterogeneity, which makes it insufficient for the temporal and spatial resolution of remote sensing images to meet their needs [18,19]. Due to its capability to penetrate clouds and wide spatial coverage [20], radar remote sensing has been utilized for river flood monitoring. However, its application in urban flood monitoring is limited. Urban floods often occur within a few hours or a day or two, and urban areas have complex features. Solely relying on SAR imagery with its spatial–temporal resolution cannot meet the demands of urban flood monitoring. SAR imagery is less effective in extracting water bodies in densely populated and built-up areas, so the monitoring of flooding in cities requires the use of other means.



Social media data, such as Twitter, Facebook, Weibo, etc., provide new opportunities for the extraction of urban flooding information [21,22]. This type of dataset includes real-time disaster information with locations released by many geographic volunteers on social media platforms. Therefore, compared with hydrodynamic models and remote sensing images, it has better timeliness and informativeness. At present, there has been some research using social media data for flood disaster location extraction and related extension research. Some studies [23,24,25,26,27], on the basis of the text or picture information of social media data, have used machine learning classification algorithms to obtain flood inundation location and range information. Other studies have utilized social media data as supplementary data, combined with remote images [28,29] or urban hydrological modeling [30,31], to extract the flood range. In related extension research, Zhang et al. [32] identified flood locations by combining social media data and other data sources, divided the main urban area of Wuhan into eight types of urban functional areas, and constructed a flood location “urban portrait”.



Social media data with location and time can reveal the spatial or temporal patterns of flood events for the flood emergency response [33,34]. Thus, existing studies have started to explore the dynamic changes in floods from temporal or spatial perspectives. Temporally, some studies have analyzed the relationship between rainfall and information dissemination or the public response with the help of social media data [35,36]. In fact, the relationship between specific disaster information and rainfall has more obvious guiding significance for emergency responses, and there is still a lack of exploration. Spatially, some conventional spatial analysis methods in GIS, such as kernel density and spatial autocorrelation analysis methods, have been used to explore the spatial concentration degree of flood points. Liu et al. [37] used kernel density estimation and spatial autocorrelation analysis to study the spatial distribution characteristics of flooding points during 2013–2017. Feng et al. [33] used hot spot analysis to detect clusters of rainfall and flooding-relevant tweets on a daily scale. Kankanamge et al. [34] used the inverse distance weighted (IDW) interpolation method to identify the distribution of disaster impact levels based on Tweets. In addition, the space–time cube in GIS can integrate temporal and spatial information at the same time [38], providing effective and intuitive means to mine dynamic information in many fields, such as traffic accidents [39,40] and diseases [41]. However, at present, this method has rarely been used for flood disasters.



In addition, spatial accessibility analysis in GIS has been employed to analyze the service areas of major infrastructure, such as metros [42], schools [43], fire houses, and police stations [44], in floods. Masuya et al. [45] selected houses with specific standards as emergency shelters in floods and analyzed their spatial distribution and accessibility using GIS. Shi et al. [46,47] attempted to find the impact of river-flooding inundation levels on emergency response times in Shanghai tourist attractions under different rainfall and land use scenarios. These studies mainly relied on hydrodynamic models to simulate flood inundation under different storm intensities and did not fully harness the real flood disaster information extracted from social media data. Furthermore, emergency rescue resources are not limited to fixed fire stations and hospitals. The rescue points provided by social media in disaster events are also crucial. In general, the current research on mining flood disaster information from a spatiotemporal coupling perspective for the urban emergency response is still limited.



Based on the analysis above, current research lacks a thorough exploration of the application of social media data and remote sensing imagery in the urban flood emergency response. To address this issue, this paper, while extracting disaster locations based on social media data, deeply mines their spatiotemporal distribution characteristics and spatial accessibility of rescue points. Furthermore, SAR imagery and social media data for monitoring urban flooding are compared. This study utilized the Zhengzhou 7.20 rainstorm and flood disaster as a case study. It aimed to integrate near-real-time social media data and SAR images for extracting flood disaster information and conducting spatiotemporal analysis to mine valuable information to facilitate the implementation of emergency responses. First, we coupled a natural language processing platform, GIS, and social media data and POI data to build a methodological framework for the rapid extraction of real-time flood disaster information (flood, landslide, and rescue points). The effectiveness of social media data and SAR remote sensing imagery in urban flood monitoring was compared. Then, several spatiotemporal analysis methods, including kernel density, spatial autocorrelation, space–time cube, and network analysis, were employed to (1) analyze the response relationship between rainfall and the flood disaster; (2) mine the overall and spatiotemporal dynamic distributions of the flood disaster; (3) evaluate the space accessibility of the rescue sites; and (4) assess the effectiveness of SAR remote sensing imagery and social media data in urban flood monitoring.




2. Materials and Methods


2.1. Study Area


Zhengzhou is a national central city in China and the capital of Henan Province, located in the central northern part of the province (Figure 1). The selected region has a temperate continental climate with a mean annual precipitation of 625.9 mm. The study area selected for this paper is located in the main urban area of Zhengzhou City, and includes five districts: Huiji (HJ), Zhongyuan (ZY), Guancheng (GC), Jinshui (JS), and Erqi (EQ) Districts, with a total population of 5.016 million, accounting for 39.8% of the total population of Zhengzhou City and a study area of 1017 km2.



During the period from 20 July to 22 July 2021, the accumulated rainfall in Zhengzhou reached 787 mm, which was more than the average annual rainfall in previous years. On 20 July, the maximum hourly rainfall reached 201.9 mm, surpassing the historical hourly maximum rainfall in mainland China. This typical urban rainstorm and flood catastrophe caused serious urban pluvial and fluvial floods, resulting in significant socioeconomic losses and casualties, which aroused widespread concern around the world. Many urban facilities (roads, buildings, and underground spaces) were flooded, roads collapsed, and power and communication lost their functions. By analyzing the processes of this event, the heavy rainfall first triggered the flood, then a secondary disaster road collapse occurred, and, finally, the emergency rescue response occurred. Thus, under the severe situation of increasing extreme rainfall, the information mining of the disaster processes of this event is helpful for emergency rescue and loss reduction of such events.




2.2. Data Sources and Preprocessing


Weibo text data provided by the Chinese social media network platform Sina were used mainly for the extraction of disaster locations [48]. Considering the time span of the 7.20 extreme rainstorm in Zhengzhou, this study used Python web crawler technology to obtain a total of 22,860 texts from Zhengzhou City from 19 to 23 July 2021, taking “Zhengzhou rainstorm” as the keyword, with each Weibo record containing several fields, such as user ID, posting time, posting content, posting location, and posting tool.



In the context of the rapid development of multisource geographic information, POI data have been applied by various scholars in the study of road extraction due to their rich data volume, wide coverage, and accuracy of information [49,50]. POI road data were crawled from Amap (https://www.amap.com/, accessed on 1 November 2021), with a spatial scope of 2546 roads in the main city of Zhengzhou. In this paper, POI data were used to match Weibo text data to provide spatial location information for flood disasters.



This study collected GF-3 SAR images before (15 July 2021) and during (20 July 2021) the flood disaster in the study area. The preprocessing of SAR images primarily involved radiometric calibration, filtering and denoising, and geometric correction. Radiometric calibration converted the digital values of the SAR images into backscattering coefficients, which represented the radar reflectivity per unit area within the ground range, facilitating the comparison between SAR images acquired at different times. The SAR images were affected by significant speckle noise, which limited the accuracy of change detection in the SAR images [51]. Therefore, Frost filtering was used to suppress speckle noise in the GF-3 SAR images, ensuring the accuracy of the classification results. Geometric correction was performed on the images by manually selecting control points.




2.3. Methodology


A method framework (Figure 2) was created by integrating the NLPIR (Natural Language Processing and Information Retrieval Sharing Platform) with social media data, POI data, and GIS tools to extract real-time flood disaster information (flood, landslide and rescue).



2.3.1. Rapid Extraction for Flood Disaster Information


Firstly, urban flooding hotspot text information was extracted using the Python tool. Secondly, the Python re module was used to filter out special characters that did not affect the meaning of the text. The Chinese deactivation word list was imported, and the Jieba module was used to deactivate the text and remove words with no real meaning. Thirdly, a user subword dictionary was created using Jieba based on the Zhengzhou POI data, totaling 2546 words. Then, the identification of different types of disaster information was built based on the NLPIR platform. The created POI user dictionary was imported into the NLPIR platform, and Weibo text data were processed for content segmentation, key word annotation, and lexical classification [52]. The main functions of NLPIR include Chinese segmentation, part-of-speech tagging, named entity recognition, and keyword extraction. The NLPIR platform, with the advantages of Chinese word separation processing, can quickly and accurately process large volumes of data in batches [38]. A total of 2546 names of different roads were filtered. Based on the keywords “Flooding”, “Inflow”, “Backflow”, “Landslide” and “Rescue information”, disaster information was successfully identified to determine the names of road sections where flooding and landslides occurred, as well as the locations of rescue points. Finally, geographic coordinates were obtained with the help of the Baidu Map Location tool and visualized in ArcGIS.




2.3.2. Spatiotemporal Analysis


Kernel Density and Spatial Autocorrelation


Kernel density is usually used to measure the degree of spatial clustering of point data, especially urban flood hotspot points. It applies a moving window and takes into account the spatial location of points in the window compared with ordinary density values. The kernel density method is a density distribution model for spatial features with distance decay effects that can be used to calculate the density of randomly distributed points in a neighborhood and output a raster image. A higher kernel density value indicates a more spatially concentrated distribution of disaster data, and the kernel density estimation Equation (1) is as follows [37]:


    f   n     x   =   1   n h     ∑  i = 1   n    k (   x −   X   i     h   )    



(1)




where   k     x −   X   i     h       is the kernel function,   h   is the bandwidth and represents the distance from valuation point   x   to point     X   i    , and   n   is the number of points in the window.



In this paper, the spatial autocorrelation method was used to analyze the spatial pattern of flooding, landslides, and rescue points. Unlike kernel density estimation, the spatial autocorrelation tool can measure the spatial autocorrelation of elements according to their positions and attribute values at the same time. The pattern of elements can be clustering, discrete, or random. In this paper, global Moran’s I was first utilized to examine whether there was spatial autocorrelation in the whole study area. The calculation results of parameter   I  , the Z-test, and p value all showed that disaster information had a globally significant clustering effect. Then, the local spatial correlation (local Moran’s I) was used to identify the spatial concentration pattern. The formula related to local space is as follows [37]:


  I  ( i )  =   n     x   i   −   x  ¯      Σ   j     W   i j   (   x   j   −   x  ¯  )     Σ   i         x   i   −   x  ¯      2      



(2)




where     x   i     is the observation value of area   i  , and in this paper, it is the number of flooding, landslide, and rescue points in the grid;     x  ¯    is the average value; and     W   i j     is the spatial weight matrix, indicating the spatial weights of the grid cells   i   and   j  , where     W   i j     = 1 if grid cells   i   and   j   are adjacent, and     W   i j     = 0 otherwise.




Space–Time Cube and Emerging Hot Spot Analysis


In this study, the spatiotemporal cube tool was employed to investigate the spatiotemporal distribution characteristics, temporal evolution processes, and spatiotemporal hotspot analysis of flooding points [39]. Among the flood disasters in Zhengzhou City caused by the “7.20” torrential rainfall, 20 July witnessed the most severe flooding, with a significantly higher number of newly identified flood points compared with other disaster types, and distinct spatial features. Therefore, this research takes the flooding points from this particular day as an example and utilizes the spatiotemporal cube to illustrate their dynamic changes in time and space.



The spatiotemporal cube model was constructed by aggregating sample points into spatiotemporal columns (Figure 3), creating a spatiotemporal cube. This cube facilitates the visualization and analysis of spatiotemporal data through methods like time series analysis and integrated spatial and temporal pattern analysis [53]. In this study, flooding points within a 2 km radius every 6 h were considered as sample points. These sample points were then aggregated into a single cube, thus establishing a spatiotemporal cube model for flooding points. Consequently, by aggregating flood points at different spatiotemporal scales, the spatiotemporal variation characteristics and trends of flood points in Zhengzhou city on 20 July could be obtained and analyzed.




Spatial Accessibility


In cases of heavy urban rainfall and flooding, public safety and emergency response incidents require the prompt arrival of the emergency response department at the scene to address and assist people, with central urban areas typically necessitating an arrival time of 5 to 15 min [42]. GIS network analysis is a commonly employed method in assessing urban infrastructure accessibility. Previous studies have used this method to evaluate the spatial accessibility of facilities, such as medical and firefighting services, during flood events [43,47]. The advantage of this approach lies in its simultaneous consideration of travel time and distance costs.



In this study, when calculating the spatial accessibility of rescue points (also known as service coverage), two essential conditions need to be set: the obstruction to vehicle passage and vehicle speed. This study posits that road passages were hindered by flood and landslide points extracted from social media during this flood event. When the depth of flooding surpasses a vehicle’s air intake height, safe vehicle passage becomes impossible, leading to road disruptions. Vehicle speeds are set at the highest speed limits of the roads. Drawing from the study by the Chinese Urban Road Traffic Planning and Design Code (GB50220-95), the speed limits for roads of various categories are as follows [47]: 60 km/h for expressways, 40 km/h for primary roads, 30 km/h for secondary roads, 25 km/h for tertiary roads, and 15 km/h for local roads. Subsequently, utilizing the Service Area tool within ArcGIS Pro’s network analysis, this study calculates and analyzes the service coverage and variations within 5 min, 10 min, and 15 min intervals for rescue points during different time periods of the disaster (20 July) and post-disaster (22 July).





2.3.3. Random Forest Classification


Random forest classification is a widely adopted classifier known for its numerous advantages, including short processing time and high accuracy. It is an ensemble classifier that evolved from regression decision trees. By using decision trees as weak classifiers and leveraging the Bootstrap resampling method to extract diverse samples from the original dataset, the random forest algorithm progressively constructs decision trees through regression and combines them to form a random forest [54]. This versatile algorithm can predict thousands of variables and is currently the most extensively applied classification method in remote sensing image analysis. Referencing Jia et al. [55] and Tian et al. [56], who used Sentinel 1 SAR images to extract water bodies, the two polarization bands of the GF-3 SAR image, HH and HV were used to calculate the water body index (WBI). The calculation formula is as follows:


  W B I =   ln  ⁡    10 × H V × H H     − 10  



(3)







When the WBI value is greater than 0, it indicates water. When it is less than 0, it indicates non-water.   H H   polarization refers to the SAR emitting microwave signals with a horizontal orientation and receiving echoes with the same horizontal orientation;   H V   polarization means that the SAR emits microwave signals with a horizontal orientation and receives echoes with a vertical orientation.



The synthesized image using the three GF-3 SAR HH, HV, and WBI bands was used for random forest classification to extract the flood inundation area. Visual interpretation was conducted on two GF-3 SAR images, with samples of water and non-water areas carefully selected. Subsequently, the image classification was performed using the random forest classifier in ENVI 5.6, completing the classification process.






3. Results


3.1. Validation and Comparison of Flooding Point Extraction


To verify the accuracy of the extraction of flooding points from Weibo texts, this paper compared the flooding points extracted by the NLPIR platform with those announced by the official sector (Zhengzhou Traffic Police). During 19–23 July 2021, a total of 171 flooding points were extracted based on Weibo data, which was quite close in total number to the 184 flooding points announced by the official sector. Social media or official information often describe the location of flooding as a specific road intersection or a particular road segment. Therefore, when visualizing flooding, it is common to represent it using point data. However, for the same flooded area, due to its spatial characteristics, there may be variations in the reference points used in textual descriptions. The different text representations of the same flooding point resulted in slight differences in the position of the visualization of the flooding point in the display (Figure 4a). Thus, the accuracy of flooding point extraction was assessed by setting 100 m and 300 m buffer zones. The points within the buffer zone were considered to be the same flooding points. Within the 100 m buffer, the probability of the same flooding points was 56.5%; however, within the 300 m buffer, this probability was as high as 85%. Therefore, in this study, the flood point results extracted based on Weibo data were reasonable.



Based on GF-3 SAR imagery, the extent of flood inundation extracted is shown in Figure 4b. On 20 July, the flood inundation area was primarily distributed in the low-density built-up areas on the outskirts of the city and some large water bodies, such as the Jiangang Reservoir, the Yellow River section, and the eastern section of the Dongfeng Canal. However, the flooding points extracted from the Weibo platform and the official sector were mainly distributed in the high-density built-up areas in the central region of Zhengzhou. The flood detection based on GF-3 SAR imagery was less effective in high-density built-up areas. This was because the buildings and trees obstructed the road, causing the radar echo to fail to reflect the water bodies on the road. Compared with SAR data, social media data were a more effective source for extracting the extent of flooding in densely built urban areas.




3.2. Response Relationship between Rainfall and Floods


The response relationship between new disaster points and rainfall at different times is illustrated in Figure 5. Temporally, the study revealed that disaster information did not increase proportionally with the amount of rainfall during the rainfall process. In the initial stage of the storm between 12:00 on 19 and 09:00 on 20 July, the cumulative rainfall of 79.7 mm resulted in 72 new flooding points, being the highest of all periods, with 8 new landslide points and 12 new rescue points. In the middle stage of the rainstorm between 09:00 and 15:00 on 20 July, the cumulative rainfall was 103.8 mm, with 51 new floods, 8 new landslides, and 7 new rescue points, which was lower than that in the early stage. At the peak of the rainstorm between 15:00 and 21:00 on 20 July, the cumulative rainfall was 402 mm, but the number of new flooding points was a limited 29, much lower than those in the early and middle stages, with 10 new landslides and 6 new rescue points. During the decline in rainfall, it is worth noting that, although there was continuous rainfall from 22:00 on 20 July to 18:00 on 22 July, with a total rainfall of 143.3 mm, there were no new flooding points. Possible reasons for this were related to the gradual increase in flooding, which led to damage to communication and electrical facilities (some areas took the initiative to cut off the network and electricity to avoid harm to the crowd). During the final phase of the rainstorm, the total rainfall from 19:00 on 21 July to 00:00 on 23 July was 34.8 mm, with 19 new floods, 42 new landslides, and 41 new rescue points. The time scale of the rainfall showed that the early and mid-storm rainfall (183 mm) resulted in the creation of most of the flooding points. Landslides and rescue points were mainly concentrated in the late stage of rainfall.




3.3. Spatial Distribution of Flood Disaster Information


A disaster information statistical map based on administrative divisions is illustrated in Figure 6. During 7.20–7.22, a total of 169 flooding, 90 landslides, and 68 rescue points were extracted from the Weibo data in the main urban area of Zhengzhou. The JS district had the largest number of each kind of disaster point among all five districts, while the HJ district had the smallest number of each type of disaster point. Among the other three districts, the ZY and GC districts had the same number of flooding points, which was slightly higher than that in the EQ district. The number of landslide points and rescue points in the GC and EQ districts was approximate; however, their number of landslide points was lower than that in the ZY district, and the number of rescue points was slightly higher than that in the ZY district.



The kernel density indicated that the trend of the spatial concentration degree of flood, landslide, and rescue points was similar to a certain extent; that is, the concentration degree gradually decreased from the highest concentration area in the old town (near the boundary of the EQ, JS, GC, and ZY areas) to the surrounding areas (Figure 7a–c). Although their respective highest concentration regions were close in geographic location, the specific locations exhibited slight differences. For example, the highest-concentration region of the flood points was mainly situated in the border area between JS, EQ, and GC, while the landslide points were in ZY and the rescue points were in JS. Compared with the results of the kernel density analysis, the high–high clusters of flooding point hotspots with statistical significance were more concentrated within the old town. In addition, the flooding points had a larger coverage area than the landslides and rescue points. In contrast with the continuous distribution of rescue and flood points, the landslide points appeared to have a more obvious scattered clustering distribution.



The results of local spatial autocorrelation analysis indicated that the main cluster patterns of flood, landslide, and rescue sites were high–high and low–low (Figure 7d–f). Among them, the high–high clustering pattern of the three kinds of disaster information points was mainly distributed in the central and eastern regions, while the low–low clustering pattern was mainly spread in the periphery of the study area, while the regions between the two patterns were the regions where the clustering was not significant.




3.4. Temporal and Spatial Dynamic Distribution of Flood Points


The three-dimensional visualization of the space–time cube model indicated that the spatiotemporal pattern of the new flood points was sporadically hot, mainly located in the western part of the JS district (Figure 8). This indicated that this region was an intermittent hot spot, and, at most, 90% of the time step intervals were statistically significant hot spots. The spatiotemporal pattern in other areas was not significant. There was only one new flooding point from 0:00–6:00 pm on 20 July; therefore, it is not shown here. Emerging hot spot analysis showed the spatial distribution of the hot spots of new flooding points in the three time periods from 6:00 to 24:00 on this day (Figure 9). As shown in Figure 9a, from 6:00 to 12:00 on 20 July, 94 new flooding points in this period were the highest in the four periods of the day, accounting for 62.3% of the total number of new flooding points throughout the day. Most flooding points were concentrated in the area surrounded by the South Third Ring Road, North Fourth Ring Road, West Third Ring Road, and Zhongzhou Avenue in the central high-density built-up area, and most of the region had an extremely significant (99% confidence) hot area. At the same time, there were small areas of extremely significant and significant (90% confidence) hot spots in the east and west, respectively. As shown in Figure 9b, during the 12:00–18:00 period, although the hourly rainfall reached an extreme value, the number of flood spots increased very little. Most of them were concentrated in the central and eastern regions, which were mainly related to the topography, with high values in the west and low values in the east. The most significant hot spots were concentrated in the southwestern part of the JS district in the central area, which was significantly smaller than that in the last period. However, due to the scattered flood points in the east, there was no significant distribution of hot spots. During the 18:00–24:00 period (Figure 9c), there were only 19 new flooding points, mainly situated in the central region. As the number of new flooding points in this period was small and spatially dispersed, there was no significant hot spot distribution.



Emergency service areas were covered by 5, 10, and 15 min response times with three periods on 20 July and 22 July (Figure 10 and Figure 11). Each day consisted of three time periods, namely the first time period, 06:00–12:00, the second time period, 12:00–18:00, and the third time period, 18:00–24:00. The results indicated that the service coverage of the rescue not only changed with time in a day, but also varied during and after the disaster.



On 20 July, emergency service generally improved slightly with time, most of which was distributed in the central and eastern parts of the study area, and a small part was located in the southwest. Within 5 min, the emergency service coverage was 1.5%, 2.3%, and 2.6%, respectively, from the first to the third period; within 10 min, the corresponding proportion became 7.0%, 10.2%, and 10.4%, respectively; and within 15 min, the corresponding proportion became 18.2%, 26.0%, and 26.6%, respectively. Obviously, for all response times, the corresponding area increased with increasing time. This was due to the spatial accessibility range of the rescue points increasing as the severity of the disaster escalated; however, this power was still insufficient. In addition, the emergency service area growth from the first to second period was significantly higher than that of the second to third period for all service response times. For example, when compared with the second period, the third period only had a 0.3% rise in the service area in 15 min. It could be observed that the increase in rescue capacity at night was very limited. Notably, some flooding points distributed in ZY were within the rescue scope until the third period; however, only a few areas located at the junction of JS and HJ were within the rescue range, as shown in the black ellipse in Figure 11. The growth trend of the service area on 22 July remained consistent with that on 22 July. However, the service area on 22 July effectively increased at the same service time and period in contrast with that on 20 July. Meanwhile, the spatial accessibility on 22 July demonstrated that the aggregation degree was more obvious in the central and eastern regions than that on 20 July. From another perspective, these situations confirmed that the central and eastern regions were the most severely affected regions of this flood. In addition to heavy rainfall, the main reason was that the terrain trend of the study area was high in the west and low in the east, and the urban built-up areas and population were dense, especially in the central region. Therefore, this region received the accumulation of rescue forces.





4. Discussion


4.1. Comparison of Flood Point Extraction Based on Social Media and SAR Data


In densely populated areas, where buildings are concentrated, flooding events are more likely to capture public attention and media coverage. Social media data have a clear advantage in extracting flood points in these high-density built-up areas, because social media platforms often rely on information reported by geographically located volunteers [57]. These volunteers can promptly share text, photos, videos, and other information related to flooding, providing real-time reports on a disaster. However, GF-3 SAR performs better in monitoring floods in low-density built-up areas at the edges of cities and in large water bodies. GF-3 SAR can provide accurate flood monitoring in open areas [58]. In contrast, GF-3 SAR may face challenges in high-density urban areas, where buildings can obstruct its view, affecting the extraction of flood-related information, like road inundation. Therefore, social media data and GF-3 SAR have their respective advantages in flood monitoring in different environments and can complement each other. By combining these two data sources, a more comprehensive and accurate flood monitoring result can be achieved, which is of great significance for emergency response and disaster management.




4.2. The Potential Application of the Time–Response Relationship between Disaster and Rainfall in Early Warning


Analyzing the response relationship between direct triggering factors of flooding, rainfall, and disaster conditions can guide early warning. Previous studies considered the relationship between rainfall and social media activities or public response to be positive [17,36]. This paper further explored and identified the temporal correspondence between this rainfall and the number of new disasters, including flooding, landslide, and rescue points, and found that the quantity of disaster information did not increase with an increase in rainfall. For example, the number of newly added flooding points in the middle and later stages of rainfall was significantly lower than the number of newly added flooding points in the early stages of rainfall, indicating that the drainage facilities in the vast majority of flooding point occurrence areas were no longer able to cope with the early rainfall of this event. It is possible to identify the cumulative rainfall duration that will trigger the highest number of new flooding points. This can not only aid in further analyzing the relationship between urban floods and rainfall thresholds, but also evaluate the response capacity of the urban drainage system to rainstorms as a whole. Under extreme rainfall, the urban drainage network had lost its drainage capacity. In addition, this study also discovered an approximate 2–3 h lag between the peak rainfall volume and the peak number of new flooding points. This time lag was shorter than the approximately 3–4 h lag found by Fang et al. [17] between rainfall and social media activity. This suggests that severe flooding only occurs after a period of continuous heavy rainfall, leading to widespread attention on social media. Making full use of this time gap, timely issuance of rainstorm warning information, and the formulation of emergency plans have proven to be effective flood control methods.




4.3. Comparison of Spatiotemporal Distribution of Flood Disasters


Exploring the spatiotemporal distribution of disaster situations helps to distinguish areas highly affected by floods [34] and facilitates the initial configuration of emergency rescue resources. This study not only analyzed flooding points, like many previous studies, but also considered the spatial distribution of secondary disasters, such as landslides and rescue points, providing a more comprehensive understanding of the spatial aggregation patterns and their differences.



Flooding points were predominantly located in the old urban areas and the low-lying new urban areas. Their spatial characteristics were consistent with the distribution of floods in most cities in China [37,59]. This suggests that the old urban areas and low-lying new urban areas are key areas for flood emergency management. This is primarily determined by the urban spatial development model. The long construction history, low drainage pipe network standards, and densely populated buildings make the old urban areas prone to flooding. In urban expansion, flat or low-lying areas are preferred, which means that, even though the new urban areas have higher drainage pipe network standards, they are more susceptible to rainwater accumulation due to their terrain, especially during prolonged rainstorms. This flood event indicated that the rescue locations published on the social media platform were primarily concentrated in areas heavily affected by floods and densely populated.



Flood points had a larger coverage area compared with landslide and rescue points. While rescue and flood points exhibited continuous distribution, landslide points appeared to have a more scattered clustering distribution. Moreover, the high–high clustering regions of flood and rescue points were not only approximately equal in area, but also highly overlapped in space. The high–high clustering region of landslide points was mainly situated within the flood or rescue points range, but with a smaller area. This suggested that social emergency rescue primarily responded to floods, while the response to landslides was not as pronounced. The possible reason was that landslides mainly occur in the later stage of flooding, with a relatively small number and impact area. However, it should be noted that landslides occurring after rainfall and floods pose significant dangers to vehicles and pedestrians. Therefore, in emergency management, secondary disasters caused by floods should not be overlooked, and citizens should be promptly alerted to potential hazards.




4.4. The Application of Space Accessibility in Emergency Response


The dynamic spatiotemporal mining of flooding points and their spatial accessibility can provide targeted guidance for the allocation and scheduling of emergency resources in disasters. New flood points were concentrated in the central and eastern and western regions. Over time, new flood points continued to appear in the central and eastern regions, while the number of newly added flooding points in the western region gradually decreased. Therefore, emergency rescue supplies should be allocated to these three regions, with a particular focus on the central and eastern regions. Taking into account the variations in location and severity of flood sites, in this type of rainfall event, rescue resources from the eastern and western regions can supplement those in the central region.



The spatial access analysis of rescue points can evaluate the rescue capabilities and provide direct and effective guidance for disaster relief. In flood emergency rescue, flood and landslide points often pose obstacles, so a reasonable evaluation of the service scope of rescue points is crucial for evaluating the current rescue capacity. Yin et al. [43] and Shi et al. [47] mainly focused on the accessibility of fixed rescue points, such as fire stations and hospitals, in flood simulation scenarios and examined whether schools or tourist attractions of interest are located within their respective rescue service areas. However, emergency rescue resources are not limited to fire stations and hospitals; temporary shelters in disasters and locations that provide food for the affected population [60,61] are also part of the rescue effort. Furthermore, as demonstrated in this study, the rescue points may undergo changes. Compared with previous studies, this study focused on the dynamic emergency linkage of flood, landslide, and rescue points from a spatiotemporal perspective, aiming to supplement the accessibility analysis of rescue resources in real flood scenarios.



It was found that the spatial accessibility of rescue points differed not only across different time periods of the day, but also between the disaster and post-disaster phases. Whether on 20 July or 22 July, the accessibility service area of rescue gradually increased as the day progressed. On 20 July, the accessibility of rescue points in the central and eastern regions was significantly higher than in the western and northern regions. In the western region, the accessibility of rescue points did not increase until 18:00–24:00. However, the accessibility in the northern region remained low and showed minimal change. This difference may be attributed to the severity of flooding and its impact on the population. The densely populated and built-up areas in the central and eastern regions tend to attract more attention. With the weakening of the flood disaster, the spatial accessibility after the disaster significantly improved, particularly in the central and eastern regions, indicating an enhanced rescue capability. The post-disaster rescue efforts primarily focused on the central and eastern regions.



The limitations of this study are reflected in the fact that the data collection process did not account for variations in social media platforms and individual perceptions of flooding. Additionally, during the spatial accessibility analysis, due to the large study area, obtaining real-time traffic data was challenging, necessitating the use of traffic regulations to set vehicle speeds. In future research, improvements will be made to data acquisition.





5. Conclusions


In the process of the Zhengzhou 7.20 rainstorm flood disaster, a long period of heavy rainfall triggered floods, followed by secondary disasters of road landslides and emergency rescue responses. A methodological framework combining NLPIR, GIS, and social media was created to quickly extract near-real-time flood disaster information, including flood, landslide, and rescue points. Moreover, the study compared the differences in the effectiveness of SAR imagery and social media data for urban flood monitoring. Several spatiotemporal analysis methods were employed to explore the dynamic linkage of flood, landslide, and rescue points from a spatiotemporal perspective in the flood emergency response. The main conclusions were as follows:




	(1)

	
Temporally, the study revealed that disaster information did not increase proportionally with the amount of rainfall during the rainfall process. Instead, there was often a lag period of 2–3 h between the peak rainfall period and the small peak of new flooding points. Landslides and rescue points tended to be concentrated in the late stage of rainfall;




	(2)

	
Spatially, the research identified specific regions that exhibited higher susceptibility to flooding, landslides, and rescue points. These regions included the central region, characterized by low drainage standards and high-density urban areas, as well as the eastern region with low-lying terrain. This study also revealed the spatial and temporal dynamics of flood points, which shifted from the central region to the eastern region and eventually returned to the central region;




	(3)

	
This study examined the spatial accessibility of rescue resources in real flood scenarios and found that their service coverage varied throughout the day during and after the disaster;




	(4)

	
Social media data had advantages in extracting flood points in high-density urban areas, while SAR had advantages in monitoring floods in low-density urban areas at the city’s edges and large water bodies. The two could complement each other, to a certain extent.









The findings of this study can provide a scientific foundation for the emergency response to urban floods triggered by extreme rainstorms, as well as subsequent disaster prevention and reduction efforts. However, it should also be noted that the flood information extracted based on social media data may be missing in the case of power communication interruption. In future research, actively combining big data from the urban Internet of Things or strengthening the repair of communication facilities will help to obtain more comprehensive disaster information for the flood emergency response.
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Figure 1. Geographic location and specifications of the study area. 
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Figure 2. Methodological workflow of this study. 
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Figure 3. Space–time cube model diagram. 
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Figure 4. (a) Comparison map of Weibo flooding points and Zhengzhou traffic police official flooding points; (b) Flood inundation maps based on random forest algorithm and GF-3 imagery. 
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Figure 5. Relationship between rainstorm disaster information and hourly precipitation from 19 to 23 July. 
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Figure 6. Statistical map of disaster information for Zhengzhou City. 
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Figure 7. Kernel density (a–c) and clustering (d–f). 
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Figure 8. Space–time cube emerging heat map. 
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Figure 9. Emerging heat maps in different periods based on the space–time cube model: (a) 06–12:00 on July 20; (b) 12–18:00 on July 20; (c) 18–24:00 on July 20.3.5. Spatial Accessibility of Rescue Points. 
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Figure 10. Emergency response service scope of rescue points in different periods. 
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Figure 11. Spatial accessibility of rescue points in different periods: (a) 06–12:00 on July 20; (b) 12–18:00 on July 20; (c) 18–24:00 on July 20; (d) 06–12:00 on July 22; (e) 12–18:00 on July 22; (f) 18–24:00 on July 22. 
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