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Abstract

:

Flash floods are one of the most destructive natural disasters. The comprehensive identification of the spatiotemporal characteristics and driving factors of a flash flood is the basis for the scientific understanding of the formation mechanism and the distribution characteristics of flash floods. In this study, we explored the spatiotemporal patterns of flash floods in Fujian Province from 1951 to 2015. Then, we analyzed the driving forces of flash floods in geomorphic regions with three different grades based on three methods, namely, geographical detector, principal component analysis, and multiple linear regression. Finally, the sensitivity of flash floods to the gross domestic product, village point density, annual maximum one-day precipitation (Rx1day), and annual total precipitation from days > 95th percentile (R95p) was analyzed. The analytical results indicated that (1) The counts of flash floods rose sharply from 1988, and the spatial distribution of flash floods mainly extended from the coastal low mountains, hills, and plain regions of Fujian (IIA2) to the low-middle mountains, hills, and valley regions in the Wuyi mountains (IIA4) from 1951 to 2015. (2) From IIA2 to IIA4, the impact of human activities on flash floods was gradually weakened, while the contribution of precipitation indicators gradually strengthened. (3) The sensitivity analysis results revealed that the hazard factors of flash floods in different periods and regions had significant differences in Fujian Province. Based on the above results, it is necessary to accurately forecast extreme precipitation and improve the economic development model of the IIA2 region.
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1. Introduction


A flash flood is a violent surface runoff of water caused by heavy precipitation in a small watershed with an area under 100 km2. Flash floods are characterized by suddenness, severe damage, and strong destructiveness [1,2]. According to the statistics of the World Meteorological Organization, flash floods cause the highest casualties out of all flood-related disaster events, and flash floods rank among the top 10 in terms of property losses when taking into consideration all natural disasters in 75% of the countries affected [3]. In the United States, a total of 21,549 flash floods occurred from 2006 to 2010. These floods caused 224 injuries and 326 deaths [4]. The catastrophic flash flood in 1997 in Somalia caused 2311 deaths, accounting for approximately 18% of the total population affected [5]. In the Rubi River Basin in Spain, 441 deaths and losses of approximately 2650 million Euros were attributed to the flash floods that occurred in September 1962 [6]. China has a vast territory and a complex eco-geographic environment, and it is simultaneously affected by extreme weather, human social activities, and other factors [7,8]. Because of these conditions, China has undergone some of the most severe effects in the world due to flash floods [9]. Since the beginning of the 21st century, 80% of the total deaths from floods in China have been caused by flash floods [9]. In this context, the State Council approved the “National Flash Flood Disaster Prevention and Control Plan (NFFDPCP)” in October 2006 [10], and the “National Flash Flood Investigation and Evaluation Project (NFFIEP)” was launched in 2013 [11]. These programs provide a reliable data foundation for the monitoring and prediction of flash floods.



After reviewing previous studies, research on flash floods has focused on the following aspects: First, the risk assessment of flash floods, which includes hazard and vulnerability assessment [12,13]. These research studies were mainly conducted at the county and provincial scales [14,15,16]. Second, flash flood mechanisms, including the process of occurrence, development, and influence [6,17]. In particular, flash flood warning systems have been established based on these mechanism studies, which have been combined with the critical rainfall, critical water level, and other factors [18,19]. The scenario simulations of flash floods have been performed using the Mike Flood and Flood Area system by some researchers [20,21]. These studies have mainly been conducted on flash flood ditches or at a watershed scale [22,23]. Finally, some researchers have explored the spatiotemporal patterns and driving forces of flash floods [24,25]. The spatiotemporal pattern analyses were based on the historical spatiotemporal variation in a long time series. The conditions of the underlying surfaces, population activity distribution, and precipitation were selected for the driving force detection [25,26,27]. Moreover, a quantitative analysis was performed for the driving force of numerous factors that could contribute to understanding the formation of flash floods [28]. Generally, an inland province or a county was selected as the research object.



However, there are also some problems with the existing studies of the spatiotemporal patterns and driving factors for flash floods. First, some dynamic factors were reflected by static factors, and the aspect of the spatiotemporal variation of the dynamic factors was neglected. These dynamic factors include the population distribution, precipitation, vegetation cover, and land use. Therefore, the corresponding results were not sufficiently accurate and objective. Second, a few studies have revealed the effect of human activities on flash floods, but research on the responses of flash floods to the gradual intensifying of human activity and precipitation is still rare. Finally, previous studies have detected the interaction between two driving factors [28,29], but the results did not sufficiently reflect the contribution rate of each driving factor. Therefore, research from the perspective of the interaction of multiple factors with flash floods is highly recommended. In particular, Fujian Province, at the forefront of China’s reform and opening-up, has a high population density and developed economy [30], but it is greatly affected by extreme precipitation events, such as tropical cyclones [31]. Additionally, the characteristics of flash floods in Fujian Province are still unknown. Furthermore, the distributions of the precipitation and human activities are constrained by the topographic forms in Fujian Province [32]. Overall, it is urgent to know about the spatial distribution difference from coastal to inland.



Thus, in this study, a long-time series of flash flood events was used to analyze the spatiotemporal variation in Fujian Province from 1951 to 2015 using a Mann-Kendall test and the standard deviation ellipse method (SDE). Then, a geographical detector model, principal component analysis (PCA), and multiple linear regression (MLR) were adopted to quantitatively evaluate the single factor explanatory power and contribution rate of the interaction of multiple driving factors (include multi-periods dynamic factors) with the spatial patterns of flash floods based on a three-grade geomorphic regionalization (GR). Lastly, a geographically and temporally weighted regression (GTWR) model was adopted to explore the sensitivities of flash flood to population (POP) density, gross domestic product (GDP) density, village point density (VPD), and rainstorms (PII). The main objective was to provide primary references for the prevention of flash floods.




2. Materials and Methods


2.1. Study Area


Fujian Province (115°40′–120°30′ E, 23°30′–28°20′ N) is situated on the southeastern coast of China (Figure 1), on the edge of the Asian continent, facing east to the Taiwan Strait. As the forefront of China’s reform and opening-up, Fujian Province is characterized by a developed economy and high population density. The population and the GDP density were 39.11 million and 3.58 trillion RMB at the end of 2017, respectively [33]. Moreover, Fujian Province has complex terrain, and the western and central mountain ranges are parallel to the coastal hills, which constitute the topographic skeleton of Fujian Province [34]. It has a dense water system with numerous rivers, and the river network density is 0.1 km/km2. The soil structure is loose in the north-central region, with strong weathering and low sloping hills in the southeast [35]. In terms of climatic conditions, Fujian Province is located on the western coast of the Pacific Ocean with a subtropical ocean monsoon climate, and the area is greatly impacted by tropical cyclones. In this region, the light is sufficient and precipitation is abundant, with an annual average temperature range of 17 °C–21 °C and an annual precipitation range of 1400–2000 mm [36]. According to previous research, approximately 95% of the land area and 84% of the population are threatened by flash floods [37]. Thus, it is one of the areas that is the most vulnerable to the frequently occurring flood floods in China.




2.2. Data


In this study, the flash flood data were obtained from the NFFIEP dataset. This dataset includes 30 provinces in China, with a total land area of 7.55 million km2 and a population of nearly 900 million. Moreover, the attribute data (e.g., position, and time) of the flash floods were collected in the form of points [2]. In this study, the data were collected based on three aspects: human activity indicator, precipitation indicator, and surface environmental indicator. The datasets are listed in Table 1.



The human activity factors included the population density (POP; unit: person/km2), GDP density (GDP; unit: yuan/km2), road density (RD; unit: km/km2), and village point density (VPD; unit: village/km2). These indicators reflected the intensity of human activity in Fujian Province.



The precipitation indicators were calculated from daily observations of precipitation. The daily precipitation data for 50 meteorological stations from 1951 to 2015 in Fujian Province and its surroundings were obtained from the National Meteorological Information of China (CMA) [38], and the data were used to analyze the spatiotemporal variation of precipitation in Fujian Province. In addition, according to the daily precipitation, four precipitation indicators were extracted: annual maximum one-day precipitation (Rx1day; mm), annual total precipitation from days > 95th percentile (R95p; mm), annual total precipitation from days > 99th percentile (R99p; mm), annual count when the precipitation was ≥ 50 mm (P50; days). These factors were recommended by the Expert Team on Climate Change Detection and Indices (ETCCDI) [39]. These precipitation indicators were used to reflect the impact of precipitation intensity on flash floods in Fujian.



The surface environment indicator included the vegetation fractional cover (VFC; unitless), elevation (ELE; unit: m), land use (LU; unitless), soil texture (ST; unitless), and formation lithology (FL; unitless). Among them, the ELE was extracted from the digital elevation model (DEM) that was obtained from the Geospatial Data Cloud site, Computer Network Information Center, Chinese Academy of Sciences (GDC) [40]. The VFC, LU, ST, and FL were collected from the Data Center for Resources and Environmental Sciences, Chinese Academy of Sciences (RESDC) [41].



Furthermore, the three-grade geomorphic regionalization (GR) was derived from the State Key Laboratory of Resources and Environmental Information System, Institute of Geographic Sciences and Natural Resources Research. The three-grade GR in Fujian Province was divided into the coastal low mountains, hills and plain regions of Fujian (IIA2); low-middle mountains, hills and valley regions in central Fujian (IIA3); and the low-middle mountains, hills and valley regions in Wuyi mountains (IIA4).




2.3. Methodology


2.3.1. Spatiotemporal Analysis


(1) Mann-Kendall (M-K) test



For temporal pattern analysis, the M-K statistical test has been recognized and used in many studies [42], and it is widely used in time-series trend analysis for hydrology, meteorology, and natural disaster studies [43]. In this study, the M-K test was used to analyze the temporal variation of flash floods from 1951 to 2015 and to determine the mutation point, which is the time when the variation trend of flash floods changes. Among them, UF follows the normal distribution, which is a statistical sequence calculated according to time series, and UB is a statistical sequence calculated according to inverse time series. If the value of the UF is greater than 0, it indicates that the sequence is in an upward trend. If it is less than 0, it means a downward trend. When the value exceeds the critical line (P = 0.05), it indicates that the rising or falling trend is significant. If the UF and UB curves intersect, the value of the intersection point is the mutation point. Detailed information regarding the M-K test has been described in previous studies [44].



(2) Standard deviation ellipse method (SDE)



The SDE method was proposed by Lefever in 1926 [45]. It is an effective method for analyzing the spatial variation of point factors [46]. It is a simple model that is embedded in ArcGIS 10.5 software (ESRI, Inc., Redlands, CA, USA), with parameters that include the center point, azimuth, and area. The center point is used to reflect the center position of the geographic features and their evolution. The azimuth reflects the main trend direction of the geographical features in the spatial distribution. The area represents the concentration or divergence of the geographical features in the spatial distribution. In this study, the SDE method was used to reveal the directional trend and hence the degree of spatial dispersion of flash floods from the 1950s to the 2010s in Fujian Province.




2.3.2. Driving Factor Analysis


In this study, 13 driving factors were selected from the categories of human activity, precipitation, and the surface environment. Moreover, their explanatory power for the flash floods in Fujian Province was analyzed. A driving force analysis was performed for the period from 1981 to 2015, and the 35 years of the study period were divided into two periods: 1981 to 2000 (D1) and 2001 to 2015 (D2). In particular, the variations in the soil, vegetation, climate, hydrology, and human activities were constrained by the geomorphologies at different scales [47,48]. In this study, we analyzed the relationship between flash floods and the driving factors in the three-grade GR, which was proposed in previous research [49]. We generated 3000 random points in Fujian Province. The values for the kernel density and the driving factors for flash floods in the three GRs were extracted by these random points. Subsequently, the extracted data were divided into 10 levels using the “Natural Breaks” method in ArcGIS (except type variables: land use, soil texture). Furthermore, the average value of each driving factor was adopted to calculate the driving force of each driving factor on the flash flood.



(1) Land use (LU):



The runoff conditions varied greatly for different land uses, and a runoff coefficient was adopted to differentiate the types of land use. According to previous studies [50,51] and standards implemented according to the “Code for Design of Building Water Supply and Drainage of China (GB 50015-2003)” and the “Code for Design of Outdoor Wastewater Engineering of China (GB 50014-2006)” [51], ten types of land use were selected and given different runoff coefficients, as listed in Table 2:



(2) Soil Texture (ST)



Texture is an important property of soil that represents the relative proportions of the different particle sizes of the particles in the soil and is determined by the generation of surface runoff and the process of flooding [15,52]. In this study, based on previous studies, and as described by the Harmonized World Soil Database [51], different soil textures were given corresponding codes. In particular, the larger code values indicated stronger infiltration capabilities, as shown in Table 3.



(3) Calculation of the precipitation indicator



Flash floods are often caused by short convective events, such as sub-daily precipitation and sub-daily extreme precipitation events. However, sub-daily precipitation data were not available for this study area. Therefore, daily precipitation data were used to calculate the four precipitation indicators (R95p, R99p, Rx1day, and P50) using the specially designed software RClimDEX (1.0) [53]. In particular, according to the definition of the “WMO Guidelines on the Calculation of Climate Normals (2017 edition)”, the precipitation standard normal (averages of the precipitation data computed for the following consecutive periods of 30 years: 1 January 1981–31 December 2010, 1 January 1991–31 December 2020, and so forth) was used to analyze the temporal variation of precipitation in Fujian Province, and these four precipitation indicators were calculated as period averages (averages of climatological data computed for any period of at least ten years starting on 1 January of a year ending with the digit 1). Then, the four precipitation factors for 50 meteorological stations were interpolated based on the kriging interpolation method in ArcGIS 10.5 software, with a resolution of 1 km × 1 km. Specifically, 45 meteorological stations were used as interpolation samples. The rest of the stations were test samples, and the root mean square error (RMSE) was used as the accuracy assessment.



(4) Geographical detector



A geographical detector is a typical method used to detect spatial stratified heterogeneity and to reveal the correlation between two variables [54]. The basic idea of a geographical detector is that if the spatial pattern of an independent variable (e.g., precipitation) is similar to that of a dependent variable (e.g., flash flood density), this variable contributes to a certain amount of risk [55]. In this study, a geographical detector was adopted to explore the explanatory power of driving factors for flash floods in Fujian Province, and the Q value was used to measure the explanatory power of the various driving factors of flash floods. The formula is as follows:


  Q = 1 −     ∑   h = 1  n   N h   σ h 2    N  σ 2    ,  



(1)




where n is the number of units in the study region, σ2 denotes the variance of the driving factor, and N signifies the size of the study area. Q ∈ (0, 1), Q = 1 indicates that the spatial patterns of flash floods were completely determined by the driving factors, while Q = 0 indicates that there was no association between the flash flood and the influential factors [56].



(5) Interaction of multiple factors for the flash floods



The occurrence of flash floods is the result of the interaction of two or more factors. Therefore, we adopted a combination of principal component analysis (PCA) and multiple linear regression (MLR) to explore the contribution rate of multiple factors to flash floods. PCA is a traditional multivariate technique. Its goal is to reduce the dimensionality of multiple variables and the difficulty of data analysis; detailed information about PCA has been described in previous studies [57]. The number of principal components was determined by the total variance, which was greater than 85%. Furthermore, two R packages (“psych” and “FactoMineR”) were adopted to calculate the contribution rate of the principal components to flash floods. MLR is a typical statistical tool that can be performed to measure the correlations between two or more variables and to make predictions by using the relationship [58]. In this study, the results of the PCA were used as the input variables of MLR, and they were used to calculate the contribution rate of a single principal component or multiple principal components.




2.3.3. Sensitivity Analysis


The sensitivity of flash floods refers to the intensity of each flash flood event affected by driving factors. In this study, the geographically and temporally weighted regression model (GTWR) was adopted to calculate the sensitivity of a flash flood. This model was improved by Huang et al. based on the GWR [59,60]. The GTWR model is presented as follows:


   y i  =  β 0   (   μ i  ,  v i  ,  t i   )  +   ∑  k   β k   (   μ i  ,  v i  ,  t i   )   X  i k   +  ε i  ,  



(2)




where (ui, vi, ti) are the spatiotemporal coordinates of the ith flash flood point; β0 (ui, vi, ti) is the regression constant of the ith flash flood point, which is the constant term of the GTWR; Xik is the value of the independent variable Xi at the ith flash flood point, which is the value of each quantitative standard in the index system of the GTWR; εi denotes the residual of the GTWR; and βk (ui, vi, ti) is the kth regression parameter of the ith flash flood point, which is the weight of (ui, vi, ti). The estimates of βk (ui, vi, ti) are as follows:


   β ^   (   μ i  ,  v i  ,  t i   )  =    (   X T  W  (   μ i  ,  v i  ,  t i   )  X  )    − 1    X T  W  (   μ i  ,  v i  ,  t i   )  y ,  



(3)




where W (ui, vi, ti) is the spatiotemporal weight matrix, the diagonal elements of which are indicated as the geographical weighting of the ith observation, and the off-diagonal elements are indicated as zero [61,62]. The parameters R2 adjusted and coefficients of the GTWR represent the degree of data fitting and the level of sensitivity, respectively. The sensitivity was divided into four levels, as listed in Table 4:






3. Results


3.1. Spatiotemporal Pattern of Flash Floods


3.1.1. Temporal Change


To investigate the variation of flash floods in the time series from 1951 to 2015, an analysis was performed on the three time-scales: monthly, yearly, and interdecadal. As shown in Figure 2a, the results indicated that the temporal variation of the flash floods in Fujian Province was slightly reduced (slope = −0.289) from 1951 to 1980 but then rapidly increased (slope = 2.287) from 1981 to 2015. Furthermore, for the periods 1951–1952, 1957–1970, and 1983–2015 (Figure 2b), all the UF values were positive (the average values were 0.5, 0.9, and 3.081, respectively). This signified that during these periods, the frequency of flash floods was on the rise, and for the remaining periods, there was a decrease. Specifically, the mutation point (the intersection point of UF and UB) occurred in 1988 (Figure 2b), and it showed that flash floods steadily increased after 1988. In addition, the values of the UF were greater than the upper limit (P = 0.05) in 1995, which signified that the counts of the flash floods sharply increased after 1995. In the seven periods from the 1950s to 2010s (Figure 2d), the number of flash floods of the 1990s, 2000s, and 2010s accounted for 75.3% of the total, with a significant increasing trend of flash floods (R2 = 0.72). An obvious seasonal variation occurred (Figure 2d–f), and there were significant differences in the time and quantity of the occurrence of flash floods in different GRs. In the IIA2 region, flash floods mainly occurred from May to September. For the IIA3 region, the flash floods were mainly concentrated in June and August. Regarding the IIA4 region, the largest number of flash floods occurred in June.




3.1.2. Spatial Change


The SDE was performed to measure the spatial pattern of flash floods from the 1950s to the 2010s. As illustrated in Figure 3, from the 1950s to the 2010s, the azimuth of the SDE ranged from 21.767° to 41.157°, and the SDE area ranged from 24,602.69 km2 to 65,099.24 km2. In addition, from the point of gravity shift, the gravity center of the flash floods was mainly located in the Putian, Quanzhou, Fuzhou, and Sanming regions, with a shift of the gravity center from central and eastern areas to the northwestern area of Fujian. In general, the number of flash flood events increased obviously after the 1980s, and the spatial distribution of flash floods mainly extended from IIA2 to IIA3 and to IIA4 from the 1950s to the 2010s.





3.2. Driving Factors of Flash Floods in Fujian Province


3.2.1. Distribution of the Major Driving Factors


(1) Precipitation Factors



The temporal variation of the precipitation from 1951 to 2015 exhibited an overall increasing trend (Figure 2a). For the seven periods from the 1950s to the 2010s (Figure 2c), there was an obvious increasing trend of precipitation (R2 = 0.66). Precipitation standard normals were 1563.156 mm per year, 1580.379 mm per year, 1617.906 mm per year, 1629.948 mm per year, and 1642.282 mm per year in periods 1951–1980, 1961–1990, 1971–2000, 1981–2010, and 1986–2015, respectively. These analyses further proved that the precipitation was on the rise. Furthermore, the months and the precipitation peaks of the heavy precipitation had significant differences for the different GRs in the IIA2, IIA3, and IIA4 regions, and the precipitation was mainly concentrated in April to September, May to August, and May to June, respectively. As exhibited in Figure 4, in the D1 and D2 periods, the average RMSE values were 3.39 and 3.32, respectively, and the interpolation result could accurately represent the spatial distribution of the precipitation. For the spatial distribution, Figure 4a,b,e,f indicates the increase in the intensity and the larger range of influence of R95p and R99p from D1 to D2. Figure 4c,d reflects the fact that the Rx1day shifted from the southeast to northeast from D1 to D2. Figure 4c,d illustrates the annual count when the precipitation ≥ 50 mm decreased from D1 to D2.



(2) Human Activity Factors



In this study, we adopted the VPD, RD, GDP, and POP density to reflect the spatial distribution and intensity of human activity. As displayed in Figure 5, the most concentrated regions of human activity were mainly distributed in coastal regions, and these regions were mainly located in IIA2, with dense villages, road networks, population, and a developed economy. In particular, the GDP increased rapidly (Figure 5b,e), with a significant change in the spatial distribution of Longyan, and there was obvious growth in Fujian, Quanzhou, Putian, and Xiamen. In addition, the spatial distribution of the POP was almost identical in the D1 and D 2 periods, except for the Longyan areas. However, the difference in the POP density was obvious, in Fujian (Figure 5c,f), Quanzhou, Sanming, Longyan, Putian, and Xiamen, with a significant increase from D1 to D2.




3.2.2. Driving Factor Detection


In this study, the explanatory power of the various driving factors with respect to the spatial patterns of the flash floods from 1981 to 2015 is listed in Table 5. Furthermore, results of the interaction of various driving factors for flash floods for different GRs from D1 to D2 by PCA and MLR are illustrated in Figure 6.



For the IIA2 region: In the D1 period, the highest Q value was that of R99p (Q = 0.483, P < 0.01), followed by R95p (Q = 0.342, P < 0.01), VPD (Q = 0.318, P < 0.01), and POP (Q = 0.293, P < 0.01). According to Figure 6a,d, the interaction of Dim 1 and Dim 2 contributed the highest R2 value (R2 = 0.332), which was attributed to the driving factors of the VPD (18.44%), GDP (16.27%), P50 (15.62%), POP (14.10%), R95p (11.28%), and RD (10.85%). In the D2 period, the VPD (Q = 0.424, P < 0.01), R99p (Q = 0.396, P < 0.01), Rx1day (Q = 0.392, P < 0.01), and GDP (Q = 0.246, P < 0.01) were the main driving factors. As presented in Figure 6b,e, the highest R2 value (R2 = 0.429) was a consequence of the interaction of Dim 1 and Dim 3, and the main contributing driving factors were VPD (14.01%), GDP (13.86%), POP (13.26%), R99p (13.11%), R95p (11.77%), RD (11.48%), and Rx1day (11.18%).



The IIA3 region: In the D1 period, the highest Q values were those of the P50 (Q = 0.208, P < 0.01), R95p (Q = 0.197, P < 0.01), R99p (Q = 0.181, P < 0.01), and Rx1day (Q = 0.152, P < 0.01). As illustrated in Figure 6c,f, the interaction of Dim 1, Dim 2, Dim 3, and Dim 4 contributed the highest R2 value (R2 = 0.126), which accounted for the driving factors of the VPD (18.24%), POP (17.06%), R99p (14.44%), R95p (14.44%), GDP (12.86%), and Rx1day (12.47%). In the D2 period, the highest Q values of the driving factors exhibited the following rankings: Rx1day (Q = 0.344, P < 0.01), VPD (Q = 0.337, P < 0.01), R99p (Q = 0.304, P < 0.01), R95p (Q = 0.304, P < 0.01), P50 (Q = 0.261, P < 0.01), and POP (Q = 0.211, P < 0.01). As displayed in Figure 6g,j, the highest R2 value (R2 = 0.427) was due to the interaction of Dim 1, Dim 2, Dim 3, and Dim 4, and the main contributing driving factors were the VPD (20.08%), Rx1day (19.82%), POP (16.25%), R99p (12.95%), R95p (11.49%), and GDP (10.04%).



The IIA4 region: In the D1 period, the highest Q values were those for the GDP (Q = 0.208, P < 0.01), Rx1day (Q = 0.238, P < 0.01), R95p (Q = 0.232, P < 0.01), R99p (Q = 0.190, P < 0.01), and P50 (Q = 0.179, P < 0.01). As illustrated in Figure 6h,k, the interaction of Dim 1, Dim 2, and Dim 3 contributed the highest R2 value (R2 = 0.175), which was attributed to the driving factors of R99p (30.52%), Rx1day (27.27%), R95p (26.30%), POP (14.94%), and P50 (11.69%). In the D2 period, P50 (Q = 0.285, P < 0.01), Rx1day (Q = 0.281, P < 0.01), GDP (Q = 0.162, P < 0.01), VPD (Q = 0.138, P < 0.01), and POP (Q = 0.118, P < 0.01) were the main driving factors. As displayed in Figure 6i,l, the highest R2 value (R2 = 0.033) was a consequence of the interaction of Dim 1, Dim 2, and Dim 3, and the main contributing driving factors were R95p (46.22%), P50 (44.96%), R99p (43.28%), Rx1day (38.66%), and RD (16.81%).





3.3. Sensitivity Analysis


The sensitivity of the flash flood points to human activities (GDP and VPD) and precipitation (R95P and Rx1day) was analyzed by GTWR, and these four driving factors had a greater driving force for Fujian flash floods in the D1 and D2 periods than other nine driving factors. These results show that the mean R2 adjusted value was 0.695, the value of the bandwidth was 0.115, and the Akaike information criterion (AIC) value was less than −3000, which reflected the preferable fitting degree of the GTWR model. From the perspective of the GDP (Figure 7a,e), the sensitive regions increased from D1 to D2. There was low sensitivity and moderate sensitivity in the Ningde areas, and the bordering areas of Sanming and Nanping increased significantly. For the VPD (Figure 7b,f), the moderate sensitivity and the high sensitivity in the bordering areas of Sanming and Nanping increasing significantly. In contrast, the sensitive areas in the southwest of Ningde were markedly reduced. From the perspective of R95p (Figure 7c,g), there was moderate sensitivity and high sensitivity in Ningde areas, and the bordering areas of Sanming and Nanping increased significantly. For the Rx1day (Figure 7d,h), except for the coast of Fujian Province (Quanzhou, Putian Fuzhou, and Ningde), the overall sensitivity of Fujian Province was weakened. From an overall perspective, flash floods were highly sensitive to the GDP, VPD, R95p, and Rx1day in Quanzhou.





4. Discussion


4.1. Spatiotemporal Patterns of Flash Floods


In this study, we revealed the significant yearly, monthly, and interannual variations of flash floods in Fujian Province. The flash floods showed an increasing tendency from 1951 to 2015 (Figure 2a). In particular, after 1980, the quantity of flash floods increased sharply (Figure 2b). The pattern is consistent with that of Sichuan Province in China [28,29]. Possible reasons include intensified human activity and increased extreme precipitation events in Fujian [63]. Undeniably, another possibility is that the quantity of flash floods was inaccurate due to unrecorded flash flood disasters prior to 1980. In addition, the months of flash floods in different GRs were not consistent (Figure 2d–f), and in some months, high frequency flash floods were often accompanied by heavy rainfall. That is, precipitation contributed significantly to flash floods [64]. Previous studies reported that flash floods mainly occurred in July and August in Tibet [26], and that they were concentrated in June, July, August, and September in Sichuan [28]. These differences are likely due to the precipitation being a huge driving force for the occurrence of flash floods [65], and different unique climatic conditions and geographical environments in those regions cause significant differences in the spatiotemporal distribution of precipitation [66,67].



The SDE analysis result signified that the overall spatial variation trend of flash floods was broadened from the coastal regions to the inland regions from the 1950s to the 2010s (Figure 3). Previous studies revealed an obvious increasing trend of extreme precipitation in northern, central, and southeastern coastal regions of Fujian [68]. Moreover, intensified human activity and increased precipitation after the 1980s led to changes in the precipitation pattern and surface runoff processes [69,70], indirectly causing the occurrence of flash floods. It is also possible that flash floods were not recorded because human footprints were rare in the IIA3 or IIA4 regions before the 1980s. This was especially true in region IIA2, with high human activities, and flash floods were mainly concentrated in the central and eastern regions of Fuzhou and Quanzhou, the northeastern regions of Xiamen, the entire territory of Zhangzhou and Ningde, the southern regions of Longyan, and the northern regions of Sanming (Figure 3). Additionally, from Figure 4 and Figure 5, we found that high intensity precipitation, dense population, and a developed economy were characteristics of these regions. Thus, it could be seen that the occurrence of flash floods was primarily affected by precipitation and human activity.




4.2. Driving Factors Influencing Flash Floods


4.2.1. Coastal Low Mountains, Hills, and Plain Regions of Fujian (IIA2)


The northern area of IIA2 was obviously affected by extreme precipitation events from D1 to D2 (Figure 4). The mean Q values of the precipitation indicator were 0.346 and 0.301, respectively. These results were attributed to the strongest influence on the extreme precipitation by the El Niño-southern oscillation, and the non-stationary characteristic of the extreme precipitation in this region [68,71]. In addition, this region is densely populated, with a developed economy (Figure 5), and the mean Q value of the human activity indicators was 0.26, which was the highest mean Q value of the three geomorphic regionalization values. The reason for this was that numerous external populations have been attracted to the coastal regions in Fujian Province since the reform and opening-up [72]. Subsequently, with deforestation, urban expansion, and wasteland reclamation, the natural cover protection for the land was removed [73], surface runoff processes were changed and rainwater confluence times were shortened [64], and flash floods were prone to occur under the influence of precipitation. These are the reasons why the human activity indicator and the precipitation indicator had a great driving force on flash floods in the interaction detection analysis (Figure 6). Specifically, the Q values of VPD and Rx1day increased significantly from D1 to D2 (Table 5), and the contribution rate exceeded 10% of the driving factors from the precipitation and human activity indicators for both D1 and D2 periods (Figure 6), These results indicated that the interaction of precipitation and human activity was responsible for the occurrence of flash floods in the IIA2 region.




4.2.2. Low-Middle Mountains, Hills, and Valley Region in Central Fujian (IIA3)


This region was characterized by an obvious spatial distribution of precipitation due to the obstruction of the atmospheric circulation by several mountain ranges [74,75]. Furthermore, the precipitation indicator had the highest mean Q value in both periods, with an obvious increase from 0.185 to 0.303 (Table 5). A possible reason for this is that the IIA3 region had a lower population activity relative to the IIA2 region (Figure 5), with intensification of the global atmospheric water cycle [76], and several mountain ranges affecting the movement of the southeastern monsoon, giving rise to orographic rain [66], and resulting in more frequent precipitation events [77]. In addition, a series of policies were used to promote the coordinated development of the inland and coastal regions in Fujian Province, such as industry regional transference and cross-regional resource flows [78]. It is worth emphasizing that the Q value of the VPD increased significantly from 0.106 to 0.337, and the Q value of P50 increased significantly from 0.152 to 0.344. The obvious changes were attributed to the development of urban construction. The natural cover protection was damaged [79], the urban impermeable area increased, and river gullies were occupied [80], with the result of reduced precipitation thresholds required for a flash flood to occur [29].




4.2.3. Low-Middle Mountains, Hills and Valley Region in Wuyi Mountains (IIA4)


Unlike regions IIA2 and IIA3, IIA4 has a sparse population and underdeveloped economy (Figure 5). The reason for the abundant precipitation in this area is that the atmospheric circulation is blocked by the Wuyi Mountains [81]. Through the driving factor detection (Table 5) and multiple factor detection (Figure 6), we found that human activities had a low effect on flash floods. These possible reasons were likely due to the fact that the spatial distributions of the POP and GDP remained almost unchanged in both periods, the human activity intensity was the weakest in three geomorphic regionalization (Figure 5 and Figure 6), and the original eco-environment structure was relatively complete [82]. As illustrated in Figure 4, from D1 to D2, we found that the intensity of the extreme precipitation increased in this region, and the contribution rates were dominated by precipitation indicators (Figure 6). These results indicated that precipitation was responsible for the occurrence of flash floods in this region.



From the perspective of the whole territory of Fujian Province, the driving forces of human activity indicators for flash floods gradually weakened from IIA2 to IIA3 and to IIA4; these differences were mainly related to the intensity of human activity. In contrast, the contribution of the precipitation indicators gradually strengthened from IIA2 to IIA3 and to IIA4. These transitions were caused by the significant spatial distribution differences of precipitation, and this spatial distribution was closely related to the topography. In particular, the effects of the monsoon season (March to June) and the typhoon season (July to September) are inconsistent in different regions [32]. Additionally, the extreme precipitation caused by tropical cyclones was strongly affected by the topography [83]. These were the reasons for the significant differences in the times and quantities of flash floods in different GRs. However, the influence of surface environmental factors on flash floods was very small in both periods. These results indicated that the surface environment was only a carrier for the occurrence of flash floods, not the decisive factor [84]. From the interaction detection (Figure 6), we found that the closer the distance to the densely populated coastal areas, the more the driving factors of flash floods result from human activity. When humans transform nature, they also destroy the natural self-regulation ability and increase the exposure of humans to natural disasters [85].





4.3. Sensitivity Analysis of the Flash Floods


The sensitivity analysis of flash floods to GDP, VPD, R95p, and Rx1day was used to reflect the response of flash floods to human activity and precipitation in Fujian Province. Based on Figure 7, we found that flash floods in Quanzhou had moderate and high sensitivity to the four driving factors in the two periods. After the reform and opening-up, Quanzhou Port played an important role in China’s foreign trade [86]. However, with the economic development and infrastructure construction, the frequency of flash floods gradually increased. The good geographical conditions and advantages made Quanzhou rapidly grow into a port city with strong economic power [87]. This is why the flash floods were more sensitive to VPD than to GDP in the D1 period. In the 21st century, measures such as "industry regional transfer" were used to release the development pressure of coastal regions and promote economic development in inland areas [78]. Although the economy of the inland areas developed, it also destroyed the eco-environment and led to frequent flash floods. Additionally, the bordering areas of Sanming and Nanping have rich mineral resources, which played an important role in the local economic development, while the local ecological environment was also destroyed [88]. Flash floods were prone to occur under the influence of heavy precipitation. In particular, regarding the northeastern regions of Fujian in the D2 period, the precipitation had a more significant effect than that in the D1 period. Furthermore, with the implementation of some policies to promote the regional coordinated development in Fujian Province, these regions developed rapidly after entering the 21st century [89]. This is the reason for the moderate and high sensitivity of flash floods to R95p, Rx1day, and GDP in these regions. Therefore, it follows that the hazard factors of flash floods in Fujian Province in different periods and different regions had significant differences.




4.4. Limitations of the Current Study


In this study, we conducted a preliminary analysis of the spatiotemporal distribution and driving factors of the flash floods in Fujian Province, and we detected the sensitivity of flash floods to VPD, GDP, R95p, and Rx1day. Nevertheless, there are some deficiencies in the current study. First, there was a lack of comprehensive record data before 1980, which is why the driving factor analysis began in 1981. Second, Fujian Province is one of the areas seriously affected by tropical cyclones, but the driving effect of tropical cyclones on extreme precipitation and flash floods was not researched in this study. Moreover, we adopted daily precipitation data instead of sub-daily precipitation data, which did not accurately reflect the effects of short-term precipitation on flash floods. Finally, the analysis of the driving factors of flash floods based on three-grade GR was not very accurate because of the spatial heterogeneity of the flash flood driving factors. Despite these deficiencies, this work has provided primary references for the spatiotemporal pattern of flash floods in Fujian Province and has improved the public awareness of flash floods.





5. Conclusions


Flash floods are serious, catastrophic natural disasters that can occur practically anywhere. Areas susceptible to flash floods have been identified as a crucial consideration worldwide. The spatiotemporal exploration and driving force analysis of flash flood are effective means of predicting and controlling these events. In this study, a long-term series of flash flood events was used to analyze the spatiotemporal variation in Fujian Province from 1951 to 2015. Three-grade GR was used to detect the single factor explanatory power and the contribution rate of multiple driving factors that interacted with the spatial patterns of flash floods from D1 to D2. Moreover, the sensitivities of flash floods to GDP, VPD, R95p, and P50 were explored. Three main conclusions were summarized as follows.



(1) The quantity of flash floods has risen sharply since the 1980s, and the frequency of flash floods from IIA2 to IIA4 has decreased gradually. Moreover, similar to precipitation, the months of flash floods in different GRs were not consistent. The main reason for this is that the spatiotemporal distribution of precipitation in Fujian Province is obviously affected by the topography, and human activities promoted the occurrence of flash floods, particularly in the IIA2 region.



(2) In the IIA2 region, the high-incidence area of flash floods was mainly attributed to the interaction of human activity and precipitation, causing frequent flash floods. In the IIA3 region, precipitation was mainly responsible for the occurrence of flash floods, and the impact of human activities could not be ignored after entering the 21st century. Regarding the IIA4 region, due to the weak intensity of human activities in the region and the obstruction of atmospheric circulation by the Wuyi Mountain, precipitation has become a major factor in the occurrence of flash floods.



(3) The sensitivity analysis results revealed that the hazard factors of flash floods in different periods and different regions had significant differences in Fujian Province. These differences were mainly attributed to the different intensities of human activity and regional climates in different regions.



Based on the research, the forecast of extreme precipitation and the prevention and control of flash floods should be strengthened, especially in coastal areas. Additionally, the economic development model of coastal areas should be improved, the ecological environment of inland areas should be protected, and the harmonious development of man and nature should be promoted. In addition, the result indicated that for some regions, regional climate and human activity were the most important factors influencing the timing and location of flash floods in Fujian Province. Overall, this study provides a reference to assist governments, planners, and engineers to perform the proper actions in Fujian Province and to prevent and mitigate flash floods in the future.
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Figure 1. The study area: (a) The spatial distribution of the flash floods in Fujian Province; (b) The geographical position of Fujian in China; (c) Three-grade geomorphic regionalization in Fujian Province. 






Figure 1. The study area: (a) The spatial distribution of the flash floods in Fujian Province; (b) The geographical position of Fujian in China; (c) Three-grade geomorphic regionalization in Fujian Province.



[image: Ijgi 09 00133 g001]







[image: Ijgi 09 00133 g002 550] 





Figure 2. (a) The annual number of flash floods and the mean annual precipitation in Fujian Province from 1951 to 2015 and (b) flash flood mutation analysis using the Mann-Kendall test. (c) The interannual number of flash floods and the mean interannual precipitation in Fujian Province. (d–f) are the monthly number of flash floods in IIA2, IIA3, and IIA4, respectively. The curves represent the mean monthly precipitation of two periods under different geomorphological regionalization. 
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Figure 3. Distribution and gravity center evolution of flash floods during seven periods from the 1950s to the 2010s in Fujian Province. (a–g) are the spatial distributions of Fujian’s flash floods represented in the seven periods from the 1950s to the 2010s. (h) is the evolution track of the gravity center. 
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Figure 4. Spatial distribution of the four precipitation indicators in Fujian Province during D1 (1981 to 2000) and D2 (2001 to 2015): (a) R95p in D1, (b) R99p in D1, (c) Rx1day in D1, (d) P50 in D1, (e) R95p in D2, (f) R99p in D2, (g) Rx1day in D2, and (h) P50 in D2. 






Figure 4. Spatial distribution of the four precipitation indicators in Fujian Province during D1 (1981 to 2000) and D2 (2001 to 2015): (a) R95p in D1, (b) R99p in D1, (c) Rx1day in D1, (d) P50 in D1, (e) R95p in D2, (f) R99p in D2, (g) Rx1day in D2, and (h) P50 in D2.



[image: Ijgi 09 00133 g004]







[image: Ijgi 09 00133 g005 550] 





Figure 5. (a) VPD and (d) RD display the spatial distribution of the VPD and RD, respectively; (b,c) present the spatial distributions of GDP and POP in D1, respectively; (e,f) exhibit the spatial distributions of GDP and POP in the D2 period, respectively. 
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Figure 6. Interaction detection analysis based on principal component analysis and multiple linear regression in different geomorphological regions from D1 to D2. (a,c,h) are R2 values of the multiple linear regression (MLR) of the principal components for flash floods in the IIA2, IIA3, and IIA4 regions in the D1 period. (d,f,k) are the contribution rates of the driving factors to the principal components in the IIA2, IIA3, and IIA4 regions in the D1 period. (b,g,i) are R2 values of the MLR of the principal components of the flash floods in the IIA2, IIA3, and IIA4 regions in the D2 period. (e,j,l) are contribution rates of driving factors of principal components in the IIA2, IIA3, and IIA4 regions in the D2 period. The red font indicates the highest R2 values, the white font represents a significant coefficient below the 0.05 level, and the red bars indicate no contribution. 
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Figure 7. The sensitivity of flash flood to the (a) GDP, (b) POP, (c) R95p, and (d) Rx1day in the D1 period and the sensitivity of flash floods to the (e) GDP, (f) VPD, (g) R95p, and (h) Rx1day in the D2 period using GTWR. 
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Table 1. List of data used.
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	Parameters
	Scale or Resolution
	Time
	Date Sources





	Flash floods
	1:50,000
	1951–2015
	NFFIEP



	Small watershed
	1:50,000
	2014
	NFFIEP



	Population density
	1 km × 1 km
	1990, 1995, 2000,

2005, 2010, 2015
	RESDC



	GDP density
	1 km × 1 km
	1990, 1995, 2000,

2005, 2010, 2015
	RESDC



	Village point
	1:50,000
	2014
	NFFIEP



	Road density
	1:50,000
	2014
	NFFIEP



	Daily precipitation
	—
	1951–2015
	CMA



	Vegetation fractional cover
	1 km × 1 km
	1995, 2000,

2005, 2010, 2015
	RESDC



	DEM
	3 0m × 30 m
	2009
	GDC



	Land use
	1 km × 1 km
	1995, 2010
	RESDC



	Soil type
	1 km × 1 km
	2010
	RESDC



	Formation lithology
	1:500,000
	2013
	RESDC
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Table 2. Land use types and corresponding coefficients.
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	Land Use Types
	Forest
	Shrub
	Herbaceous
	Sparse Vegetation
	Cropland



	Runoff Coefficients
	0.15
	0.18
	0.2
	0.45
	0.6



	Land Use Types
	Mangrove
	Wetland
	Bare area
	Urban
	Water



	Runoff Coefficients
	0.4
	0.5
	0.7
	0.9
	1










[image: Table] 





Table 3. Soil textures and codes for the infiltration capacities.
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	Soil Texture Types
	Silty-Clay-Loam
	Heavy-Clay-Loam
	Clay-Loam
	Silt-Loam
	Sandy-Clay



	Codes
	1
	2
	3
	4
	5



	Soil Texture Types
	Loamy-clay
	Loam
	Sandy-clay-loam
	Sandy/loamy sand
	Water



	Codes
	6
	7
	8
	9
	10
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Table 4. Coefficients (Coe) corresponding to the sensitivity levels.
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	Coefficients
	Sensitivity Level
	Description





	Coe ≤ 0
	Insensitive
	This indicates that the changes in the flash floods and driving factors did not have any synchronized characteristics.



	0 < Coe ≤ 0.04
	Low Sensitivity
	This indicates that the flash floods had low sensitivity to the variation of the driving factors.



	0.04 < Coe ≤ 0.05
	Moderate Sensitivity
	This indicates that flash floods had moderate sensitivity to the variation of the driving factors.



	Coe ≥ 0.05
	High Sensitivity
	This indicates that flash floods had high sensitivity to the variation of the driving factors.
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Table 5. Results of the factor detection in Fujian from D1 to D2.
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Factor Type

	
Factors

	
IIA2

	
IIA3

	
IIA4




	

	
D1

	
D2

	
D1

	
D2

	
D1

	
D2






	
Human Activities

	
VPD

	
0.318

	
0.424

	
0.106

	
0.337

	
0.073

	
0.138




	
RD

	
0.190

	
0.184

	
0.061

	
0.017 **

	
0.032 *

	
0.046




	
POP

	
0.293

	
0.182

	
0.100

	
0.211

	
0.171

	
0.118




	
GDP

	
0.244

	
0.246

	
0.117

	
0.144

	
0.239

	
0.162




	
Rainfall

	
R95p

	
0.342

	
0.222

	
0.197

	
0.304

	
0.232

	
0.285




	
R99p

	
0.483

	
0.396

	
0.181

	
0.304

	
0.190

	
0.193




	
Rx1day

	
0.041 **

	
0.394

	
0.152

	
0.344

	
0.238

	
0.281




	
P50

	
0.213

	
0.190

	
0.208

	
0.261

	
0.179

	
0.285




	
Surface Environment

	
VFC

	
0.113

	
0.096

	
0.070

	
0.038

	
0.020 **

	
0.006 **




	
LU

	
0.085

	
0.032 **

	
0.016 **

	
0.016 *

	
0.020 **

	
0.013 **




	
ST

	
0.084

	
0.049 **

	
0.026 **

	
0.009 **

	
0.036 *

	
0.017 **




	
ELE

	
0.078

	
0.036 **

	
0.049

	
0.024

	
0.079

	
0.023 **




	
FL

	
0.050 **

	
0.061 **

	
0.041 **

	
0.067

	
0.091

	
0.080








Note: ** and * indicate significant coefficients exceeding the 0.05 and 0.01 levels, respectively.
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