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Abstract: Accurately assessing the risk of flash floods is a fundamental prerequisite for defending
against flash flood disasters. The existing methods for assessing flash flood risk are constrained by
unclear key factors and challenges in elucidating disaster mechanisms, resulting in less-than-ideal
early warning effectiveness. This article is based on official statistics of flash flood disaster data
from 2017 to 2021. It selects eight categories of driving factors influencing flash floods, such as
rainfall, underlying surface conditions, and human activities. Subsequently, a geographical detector
is utilized to analyze the explanatory power of each driving factor in flash flood disasters, quantifying
the contribution of each factor to the initiation of flash flood; the flash flood potential index (FFPI)
was introduced to assess the risk of flash flood disasters in China, leading to the construction of a
comprehensive assessment framework for flash flood risk. The results indicate that (1) Flash floods
are generally triggered by multiple factors, with rainfall being the most influential factor, directly
causing flash floods. Soil type is the second most influential factor, and the combined effects of
multiple factors intensify the risk of flash floods. (2) The southeastern, southern, and southwestern
regions of China are considered high-risk areas for flash floods, with a high danger level, whereas
the northwestern, northern, and northeastern plain regions exhibit a lower danger level. The above
research results provide reference and guidance for the prevention and control of flash flood disasters.

Keywords: flash flood disaster; driving factors; risk assessment; geodetector; FFPI

1. Introduction

Flash floods are surface runoff events in mountainous watersheds caused by short-
duration heavy rainfall. These events are characterized by their suddenness, destructive-
ness, and rapid rise and fall in surface runoff, often triggering disasters such as landslides
and debris flows. In recent years, the frequency of extreme weather events worldwide has
increased significantly [1]. Coupled with rapid population growth and extensive urban-
ization, the interaction of factors such as precipitation, underlying surface conditions, and
human activities has contributed to floods, which are among the high-frequency natural
disasters. Both the affected populations and economic losses caused by floods rank among
the highest globally. For instance, in April 2022, South Africa experienced floods and
landslides caused by heavy rainfall, resulting in over 500 fatalities. On 8 August 2023,
severe flooding in Beijing led to the death or disappearance of more than 50 people. In
late October 2023, flooding in Kenya claimed the lives of 154 people [2]. To address flash
flood disasters, international organizations such as the World Meteorological Organization
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(WMO), the Global Water Partnership (GWP), the International Association of Hydrological
Sciences (IAHS), the International Association for Hydro-Environment Engineering and Re-
search (IAHR), and the National Oceanic and Atmospheric Administration (NOAA) have
increased their attention and research efforts on flash flood disasters. China has established
a comprehensive defense system against flash flood disasters, combining professional
prevention with community-based monitoring and defense [3]. This system has achieved
significant success in practical defense. However, due to the complexity of flash flood
disasters, involving various hydrological processes and nonlinearities, unclear disaster
mechanisms, numerous influencing factors, and limited available data, the key technology
research on flash flood risk assessment is still in its early stages and technological explo-
ration. Taking into account the lack of a universally recognized scientific method for flash
flood risk assessment in existing domestic and international research, this study focuses
on the driving factors of flash flood disasters in China and conducts a risk assessment to
understand the regional differences in the flash flood occurrence. Taking into account the
lack of universally recognized scientific methods for assessing flash flood risks in existing
domestic and international research, this study focuses on investigating the driving factors
of flash flood disasters in China. It conducts a risk assessment to understand regional
differences in flash flood occurrence. The goal is to provide theoretical references and
insights from an adaptive perspective for flash flood prevention in China.

In recent years, domestic and international research on flash flood disasters has primar-
ily focused on three aspects: First is research on flash flood warnings based on hydrological
models [4,5]. Ngoc et al. [6] proposed combining the particle swarm optimization algorithm
with deep learning to enhance the performance of segmenting flash floods from satellite
images, thereby optimizing flood warning systems. Surwase et al. [7] employed multiple
segmentation and Otsu’s threshold segmentation techniques to validate flood footprints,
thereby improving warning accuracy. Liu et al. [8], after analyzing the impact of sediment
on disaster risk, integrated watershed sediment yield models and monitoring technologies,
selecting different warning indicators and thresholds for runoff and sediment risks. The sec-
ond aspect is the analysis of disaster distribution characteristics and causes [9-11]. Zhang
etal. [12], based on the results of historical investigations into flash flood disasters, analyzed
the spatial variation patterns of flash floods in Chongqing. They utilized a geodetector to
categorize the changes in flash flood disasters into three stages. Chen et al. [13] discovered
that the mid-lower reaches of low hills and plains are more prone to flash flood disasters
than the upstream mountainous areas. The third aspect primarily involves flash flood risk
assessment and risk zoning [14-16]. This is mainly based on factors such as precipitation,
elevation, slope, etc., with quantification of their contributions to flash flood risk. Sanyal
et al. [17] proposed a comprehensive multi-factor index using GIS to create flood risk maps.
Bhatt et al. [18] utilized satellite data, coupled with ArcGIS 10.8 technology, to systemati-
cally identify high-risk flash flood areas. Moiaddadi [19] introduced a flood risk probability
index, validated its effectiveness along highways, and obtained a flood risk map based
on vulnerability weights. Tang et al. [20] conducted an analysis and overlay evaluation of
flash flood impact factors, resulting in a flash flood risk zoning map. Huang et al. [21], by
constructing a flash flood risk assessment model, identified high-risk aggregation areas
in the study area. Yang et al. [22] found that the coefficient of variation analysis indicates
that with the occurrence of landslides, the frequency distribution of slope becomes more
dispersed, while aspect and TWI become more concentrated. Zhou et al. [23] proposed a
method that combines transient rainfall infiltration and the transient rainfall infiltration and
grid-based regional slope stability (TRIGRS) model, along with the rapid mass movement
simulation (RAMMS) model, to achieve hourly disaster prediction. Ma et al. [24] verified
that ecological vulnerability in mining areas is a key factor in exploring the development
characteristics and destructive mechanisms of various surface disasters. Liu et al. [25] con-
ducted a detailed analysis of the precursors and causes of the recent Yahuokou landslide,
and explored the current application status of time-series INSAR methods in landslide
investigations. Wang et al. [26] investigated the spatiotemporal deformation before and
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after the landslide damage in the Four Gates Village of the Yellow River in 2018. They
verified that both spatial deformations before and after the damage followed a progressive
failure pattern. Evidently, the current focus of research is on integrating the impact factors
of flash floods and different analysis methods for flash flood risk assessment.

The geographic information system (GIS) is widely applied in flash flood disaster
risk assessment. Muhammad et al. [27] used geographic spatial models and the analytic
hierarchy process to assess flash flood susceptibility and delineate flash flood risk zones.
Hafedh [28], employing the GIS and hydrological models, simulated flood processes, reveal-
ing low to extremely high risks for floods with recurrence periods of 5, 50, and 100 years.
Hewaidy [29] utilized the GIS to investigate topographical parameters, identifying high-
risk zones in the study area. In China, Fang et al. [30] and Lin et al. [31] both used the GIS
to study flash flood disaster risks, exploring and analyzing regions prone to frequent flash
floods with severe losses. Geodetector models are mainly used to detect the importance of
influencing factors and their interaction patterns, and are widely applied in economic [32],
population [33], and agricultural [34] research. This model is gradually being utilized to
explore the driving factors of flash flood disasters. Huang et al. [35] quantitatively analyzed
the impact of various triggering factors on flash flood disasters and, using a geodetector,
verified that rainfall is the direct trigger and conditioning factor for flash floods, while
terrain and landforms provide the material basis and potential conditions. Li et al. [36] used
a geodetector to explore the probability of flash flood disasters, finding that the maximum
6 h and 24 h rainfall in a 100-year event had the greatest impact. Yu et al. [37] revealed the
driving factors of flash flood disasters at different scales and conducted a flash flood risk
assessment based on a comprehensive weighting method. He et al. [38] summarized the
current status of flash flood defense construction in China, investigating the characteristics
of flash floods induced by heavy rainfall under the new defense situation. Liu [39] revealed
the spatiotemporal evolution pattern of flash flood disasters in China since its founding,
detecting the driving factors influencing the spatial distribution of historical flash flood dis-
asters. Chen et al. [40] used a hybrid clustering method with neural networks to formulate a
flash flood zoning plan for China and evaluated it using a geodetector. Bin et al. [41] studied
flash flood disaster driving factors using methods such as the Mann-Kendall test and a
geodetector, discovering that elevation and land use were the most critical factors, showing
an upward trend over time. Clearly, flood risk assessment methods have experienced rapid
development with their dependence on modern information technology.

Research on flash flood disaster risk assessment primarily focuses on exploring the
probability of flash floods at the provincial or watershed scale. The weights of flash
flood factors often use the analytic hierarchy process, but due to the subjective nature of
this method, it significantly affects the accuracy of flash flood risk probability. Using a
geodetector to calculate indicator weights can effectively address this issue. Meanwhile, the
flash flood potential index (FFPI) is an established method for the operational application
of flash flood risk assessment. Therefore, based on flash flood events in China from 2017 to
2021, this study first identified the influencing factors triggering flash floods. Subsequently,
a geodetector was employed to explore the relationships between various factors and flash
flood disasters, obtaining the weights of each influencing factor. Building upon this, this
study introduced the flash flood potential index (FFPI) and constructed a comprehensive
risk assessment framework for flash floods. The aim was to provide a certain reference for
research on the prevention of flash floods.

2. Study Area and Materials
2.1. The Study Area

China is located in the eastern part of the Eurasian Plate, with the Bohai Sea to the
east and extending deeply into the interior of the Eurasian continent to the northwest. The
land area is approximately 9.6 million square kilometers. Due to its vast latitudinal span,
China experiences three main climate zones: temperate, subtropical, and tropical. The
terrain generally slopes from east to west in a three-tiered distribution, with mountains,
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plateaus, and hills covering about 67% of the land area, while basins and plains account for
approximately 33%. In some regions, significant elevation variations make them prone to
flash floods. China exhibits distinct and diverse climate characteristics, characterized by
high temperatures and abundant rainfall during the summer months, with precipitation
concentrated mainly from April to September. In contrast, winter is cold and experiences
less rainfall. Influenced by monsoons, precipitation tends to be concentrated and intense,
increasing the frequency of flash floods.

Flash floods have a widespread impact, with a dense distribution in the northern,
central, and southwestern regions. They are particularly concentrated in the northwest
of Xinjiang, the central-eastern part of Inner Mongolia, the eastern part of Qinghai, and
the central-southern part of Ningxia. Flash flood disasters are also widely distributed
in Yunnan Province and Sichuan Province, with a significant number of occurrences in
Chongging, Hubei, etc. Overall, the distribution of flash floods shows a pattern of fewer
occurrences in the west, more in the east, fewer in the north, and more in the south. In
terms of topography, these disasters are mainly concentrated on the second-tier terraces in
China. There is also a certain number of flash floods distributed in the transitional zones
between terraces, exhibiting a belt-shaped and patchy distribution pattern according to
the topography and terrain. For specific details, please refer to Figure 1. The red triangles
represent individual flash flood events and they are geolocated on the map based on the
latitude and longitude of the occurrence of flash flood disasters. This mapping process was
conducted using ArcGIS.

Legend M
A Flash Flood
Administrative Divisions

0 250

Figure 1. 2017-2021 flash flood disaster distribution in China.

2.2. Basic Data

This study initially categorizes factors influencing flash floods into natural and social
factors. Eight specific factors, including precipitation, elevation, terrain type, population
density, etc., are selected for analysis, as detailed in Table 1. ArcGIS is employed for
preprocessing the foundational data. This involves rasterization, projection transforma-
tion, and resampling to obtain raster layers with the same coordinate system, specifically
WGS_1984_UTM_Zone_49N. Precipitation data are sourced from the National Tibetan
Plateau Data Center, while flash flood data are obtained from authoritative sources such as
the “China Water and Drought Disaster Bulletin” and direct disaster reports. Other data
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are sourced from the Resource and Environment Science and Data Center. Due to the study
period being from 2017 to 2021, the selected data are concentrated within this timeframe.

Table 1. Research data.

Data Name Data Source Attribute Data Year
. National Tibetan
Precipitation Plateau Data Center 1 km, monthly 2017-2021
DEM By province, 90 m 2008
Landform Types 1:1,000,000 2009
Soil Type};p Resource and R _
NDVI En‘“g)gmenésaeme Annual, 1 km 2018
Land Use and Data Center Raster data, 30 m 2020
Porl);ilsiili%r;tsigihal Kilometer grid 2019

3. Comprehensive Risk Assessment Framework for Flash Floods in China
3.1. Building Approach for the Risk Assessment Framework of Flash Flood Disasters

This article is based on the official and authoritative statistics of historical flash flood
disasters, conducting research to identify eight factors influencing flash floods, namely,
rainfall, elevation, slope, landform, soil, land use, vegetation, and population density.
Firstly, the occurrence locations of flash flood disasters are overlaid with influencing factors,
and the natural break method in ArcGIS is used to classify these factors. Subsequently,
a geodetector is employed to quantitatively analyze each factor, determining their ex-
planatory power for flash floods, which serves as the basis for calculating the weights of
influencing factors. Secondly, considering the significant impact of local topography and
watershed conditions on flash floods, slope, soil, vegetation, and land use types are selected
as indicators for the flash flood potential index (FFPI) model. After overlay operations, the
distribution of the FFPI in China is obtained. Finally, combining precipitation, elevation,
landform, and population density with FFPI risk probability distribution, a comprehensive
index for flash flood risk probability is constructed. Through spatial weighted overlay
calculations, the comprehensive risk assessment framework for flash floods in China is
proposed. The specific process is illustrated in Figure 2.

e T T T T T e e e e e e e T e T e T e e T T T T T T T
| Analysis of Flash Flood Hazard Driving Factors Based on Geodetector :
' |
' |
: - - Geodetector I
. |

| Geom . DAL A A Factor Detection |
| DEM  LUCC ‘A Q-value I
| PRCP SL I
| Overlay of Driving Factors on Interaction Detection |
| Disaster Points |
' |
: Coupling FFPI Model for Zoning Flash Flood Disaster Hazard :
: Calculating Weights for Eight factors Influencing Flash Floods :
| |
| |
| |
|

: PRCP PD Selecti.ng Four Factors |
I FFPI as Indicators for FFPI |
I Model |
| DEM Geom ) ) |
| Overlaying Indicators to Calculate FFPI Values |
| |
| |
| |
: Probability Distribution Chart of Flash Flood Risk in China CIM :
s 1

Figure 2. Research approach.
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The framework includes the following main methods.

3.2. Geodetector

A geodetector is a set of statistical methods designed to detect spatial variations and
reveal the driving forces behind them [42]. The fundamental idea of a geodetector is that
different influencing factors lead to different outcomes for a particular event. Changes in
these factors can result in the phenomenon occurring. By studying the patterns of factor
variations, one can explore the relationship between the factors and the phenomenon.
Moreover, these factors have explanatory power regarding the occurrence and changes
in the phenomenon. One of the advantages of a geodetector is its ability to detect both
numerical and qualitative data. It not only examines the explanatory power of individual
factors for a specific phenomenon but also explores the results of interactions between
pairs of factors. A geodetector is primarily classified into four types: differentiation and
factor detection, interaction detection, risk zone detection, and ecological detection. In this
study, the first two detection methods are mainly adopted. Simultaneously, in addressing
the extent to which influencing factors can explain the spatial variation in flash floods, the
g-value measure is utilized, expressed as follows:

L
Yyt Nuoj,

:1—
q No?

1)
where g represents the explanatory power of the factor for flash flood disasters, k=1, 2, ...,
L denotes the partition of factor X, and Ny and N represent the number of units in partition
h and the total number of units, respectively. 0 and o7 are the variances of partition h
and flash flood risk, respectively. The range of g is [0, 1], with a higher value indicating a
stronger explanatory power of the factor for the distribution of flash floods.

3.3. Flash Flood Potential Index

The flash flood potential index (FFPI) is the flash flood risk assessment index estab-
lished by the California-Nevada River Forecast Center (CNRFC) in the United States. It
is a widely used established method in flash flood early warning [43]. Soil type, slope,
vegetation coverage, and land use type are taken as factors for calculating the FFPI index.
The relative values of each factor (usually ranging from 1 to 10) are determined to repre-
sent the likelihood of flash flood occurrence. A higher relative value indicates a greater
impact on the occurrence of flash flood disasters. The calculation is expressed by the
following formula:

FFPI =Y w;FFPI (2)

where FFPI; represents the FFPI value for each causative factor, and w; corresponds to the
weight of each causative factor.

3.4. Composite Index Method

The composite index method (CIM) is a basic and straightforward comprehensive eval-
uation method. Its fundamental idea involves transforming various indicators of different
natures and units into weighted composite indices for comparison and evaluation [44,45].
In this paper, CIM is applied after constructing the FFPI model, integrating it with precipita-
tion, elevation, landform, and population density for comprehensive calculations, resulting
in the generation of a probability distribution map of flash flood risk. The calculation
formula is as follows: ,

W; = Z a; X b] (3)
j=1
where W; is the risk index of the ith factor; j represents various evaluation factors; g; is the
assigned value of the evaluation factor in the ith evaluation unit; b; is the weight of the jth
evaluation factor; P is the number of evaluation factors.
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4. Results and Analysis
4.1. Analysis of Flash Flood Disaster Drivers Based on the Geodetector

The occurrence of flash flood disasters is the result of the combined influence of
multiple factors, with precipitation being an indispensable condition. Unique topography
and soil conditions create a conducive environment. Additionally, factors such as vegetation
cover, land use patterns, and human activities can also have a certain impact on the
formation of flash floods. Therefore, this study categorizes factors influencing flash flood
disasters into three aspects: precipitation, underlying surface, and human activities. Eight
influencing factors, namely, precipitation, elevation, slope, landform, soil, vegetation, land
use, and population density, are selected for the analysis. Using a combination of ArcGIS
and a geodetector, this study aims to analyze the contributions of each factor to the initiation
of flash floods, thereby assessing the risk of flash flood disasters.

4.1.1. Drivers of Flash Flood Disasters
(® Precipitation Factor

Precipitation is one of the primary causes triggering flash flood disasters. Heavy
rainfall can result in elevated peak flow, thereby inducing flash floods. Moreover, intense
rainfall can lead to increased surface runoff and groundwater levels, amplifying the flash
flood risk. The spatial relationship between the precipitation factor and the distribution of
flash flood disasters is illustrated in Figure 3a. Spatially, the average annual precipitation in
China gradually decreases from the southeast coastal areas to the northwest inland regions.
Overall, flash floods are more prevalent in the southern regions, with relatively fewer
occurrences in the northwest inland areas. Compared to regions with lower precipitation,
areas with higher precipitation experience a higher frequency of flash flood disasters.

@ Underlying Surface Factor

Elevation and slope are important factors triggering flash floods. In general, areas with
lower elevations tend to accumulate precipitation, forming depressions or low-lying areas.
In regions where there is a significant difference in elevation within a certain area, it can
lead to large river gradients or steep slopes, thereby triggering flash floods. Steeper slopes
can cause rainfall to rapidly flow downhill, leading to the convergence of water flow and
triggering flash flood disasters. As seen in Figure 3b,c, flash flood disasters are less frequent
in low-altitude areas, such as the northern regions. The southern regions are susceptible to
flooding disasters, possibly due to their location in the middle and lower reaches of major
rivers such as the Yellow River and the Yangtze River, experience abundant precipitation
and, coupled with undulating terrain, are more prone to flash flood disasters. Both mid-
altitude and high-altitude areas experience flash floods. Additionally, the distribution
of flash flood disasters has a linear pattern, mainly occurring in transition zones with
significant differences in elevation. While an increase in slope generally increases the
probability of flash flood disasters, the relationship between slope and the density of flash
flood disaster distribution is not very pronounced.

Different landform types represent varying surface relief conditions. As observed in
Figure 3d, flash flood disasters mainly occur in hilly and mountainous areas, while they
are less frequent in plain areas. Clearly, topographical factors are to some extent associated
with the distribution of flash flood disasters and serve as crucial geographical conditions in
the formation of flash flood disasters. Soil also has a certain impact on flash flood disasters.
Different soil types, due to varying permeability, can affect the retention and drainage
of rainfall, thereby leading to the occurrence of flash flood disasters. Figure 3e depicts
the distribution of soil types and flash flood disasters. Soil classification was conducted
using the traditional ‘Soil Genesis Classification” system. Regions with primary soils and
ferruginous soils experience more flash flood disasters. This is mainly because areas with
primary soils generally have sparse vegetation, severe soil erosion, and weak soil water
retention capacity, and are thus prone to flash floods. In regions with ferruginous soils,
strong soil leaching leads to large rainfall amounts, inducing flash flood disasters.
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Figure 3. Distribution map of flash flood risk drivers. (a-h) represent the distribution maps of rainfall,
elevation, slope, landform, soil, vegetation, land use, and population density factors, overlaid with
the disaster points. Note: The black triangle represents a flash flood event.

Vegetation primarily stabilizes soil in place through roots, branches, and leaves, inter-
cepting rainwater and reducing the speed and erosive force of runoff. Figure 3f shows the
distribution of the vegetation factor and flash flood disasters. Apparently, the impact of
vegetation cover on flash flood disasters is complex. Flash flood disasters mainly occur in
areas with a normalized vegetation index ranging from 0.2 to 0.8. In areas with an index
below 0.2 or above 0.8, flash floods are less frequent. This may be attributed to the arid
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climate and low precipitation in areas with sparse vegetation. In areas with dense vegeta-
tion, water retention capacity is strong, providing effective interception against floods, and
disasters are less likely to occur. Land use patterns affect the underlying surface. As seen
in Figure 3g, flash flood disasters mainly occur in grassland areas on hills. For forested
areas, occurrences are more frequent in the southern regions, especially in the southwest.
Residential land and unused land generally experience minimal flash flood disasters.

(® Human Activity Factor

Human activities have become a significant factor influencing flash flood disasters.
Population growth and land development disrupt existing soil and water conservation
measures, leading to increased surface exposure, reduced vegetation, and intensified soil
erosion, and subsequently triggering flash floods. From Figure 3h, based primarily on land
resources and their utilization characteristics, the land is classified into arable land, forest
land, grassland, water area, construction land, and unused land. It can be observed that
areas with lower population density experience fewer flash flood disasters. However, the
region with the highest population density is not necessarily a concentrated area of disaster
occurrences. It is possible that areas with high population density, often located in urban
settings, and situated farther away from rivers, may be less prone to experiencing flood
disasters. On the other hand, areas with low population density, commonly found in rural
and mountainous regions, are more susceptible to flash flood disasters.

4.1.2. Single-Factor Driving Force Analysis

ArcGIS was used to reclassify various factors. After overlaying the disaster points,
the distribution relationship between each factor and the disaster was obtained. The
reclassified results were corresponded to the disaster points and exported, obtaining the
level of each factor corresponding to each disaster. These were then used as the X variable
in the geodetector, with the distribution of disaster points considered as the Y variable
for analysis.

Table 2 presents the results of the single-factor driving force analysis. The p-values for
each indicator are all less than 0.1, indicating that each factor to some extent induces flash
flood disasters. The explanatory power of each factor, ranked by numerical value from
highest to lowest, is as follows: precipitation (0.363) > soil (0.268) > slope (0.221) > NDVI
(0.201) > landform (0.195) > elevation (0.191) > population density (0.185) > land use (0.106).
Obviously, precipitation has the highest explanatory power, followed by soil, suggesting
that flash flood disasters are greatly influenced by precipitation and soil type, with high
explanatory powers.

Table 2. Results of single-factor driver analysis.

Factor p-Value Q-Value Factor p-Value Q-Value
Precipitation 0.000 0.363 Soil 0.000 0.268
Elevation 0.000 0.191 NDVI 0.000 0.201
Slope 0.000 0.221 Land Use 0.004 0.106
Landform 0.000 0.195 Population Density 0.000 0.185

In mountainous areas of China, the soil is formed by the weathering of rocks, with
poor permeability and difficulty for groundwater to penetrate. When heavy rainfall occurs,
surface runoff quickly converges, resulting in a large runoff volume, which easily triggers
flash flood disasters. Slope affects the speed and direction of rainwater runoff. In areas
with steep slopes, especially during heavy rainfall, water can carry surface soil down the
slope under the force of gravity, making areas with steeper slopes more prone to flash flood
disasters. Vegetation cover also affects the spatial distribution of flash flood disasters. In
areas with sparse vegetation, where the ground is exposed and water retention capacity is
low, rapid surface runoff is more likely, leading to flash flood disasters. Conversely, in areas
with dense vegetation cover, vegetation intercepts the rainfall, reducing the erosive force on
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the surface. These findings highlight the complex interplay of various factors influencing
flash flood disasters, with precipitation, soil type, and slope being particularly significant
in the mountainous regions of China.

4.1.3. Multi-Factor Driving Force Interaction Detection Analysis

The outbreak of flash flood disasters is influenced by multiple factors. This study
further explores the impact of multiple factors. Compared to the explanatory power of
single factors, the combination of two factors has a stronger explanatory power for the
occurrence and distribution of flash flood disasters. The effects after the interaction of
two factors can be categorized into synergistic effects and nonlinear synergistic effects. A
synergistic effect refers to a phenomenon where the explanatory power of the interaction
between two factors is greater than the maximum of their individual explanatory powers
but less than the sum of their explanatory powers. Nonlinear synergy specifically indicates
that the explanatory power of two factors interacting is greater than the sum of their
individual explanatory powers. After detection, the results of the interaction of flash
flood disaster driving factors (Table 3) and the interactions (Table 4) were obtained. The
interactions of precipitation N elevation, precipitation N soil, and soil N vegetation show
nonlinear synergistic effects, while precipitation N slope, precipitation N landform, and
precipitation N land use exhibit synergistic effects.

Table 3. Results of interaction detection for flash flood risk driving factors.

PRCP DEM SL Geom Soil NDVI LUCC PD

PRCP 0.363
DEM 0.594 0.191

SL 0.496 0.393 0.221

Landform 0.548 0.441 0.415 0.195

Soil 0.640 0.611 0.566 0.558 0.268
NDVI 0.494 0.429 0.374 0.400 0.530 0.201
LUCC 0.456 0.347 0.372 0.423 0.442 0.266 0.106

PD 0.529 0.413 0.447 0.481 0.598 0.418 0.341 0.185

Table 4. Interaction effects of flash flood risk driving factors.

Interaction Factors

Primary Driving Factor Q-Value with the Highest Interactive Q-Value Interaction
Explanatory Power
Precipitation 0.363

Elevation 0.191 Precipitation—elevation 0.594 Enhanced; nonlinear

Slope 0.221 Precipitation-slope 0.496 Enhanced; linear

Landform 0.195 Precipitation-landform 0.548 Enhanced; linear
Soil 0.268 Precipitation-soil 0.640 Enhanced; nonlinear
NDVI 0.201 Soil-NDVI 0.530 Enhanced; nonlinear

Land Use 0.106 Precipitation-land ese 0.456 Enhanced; linear
Population Density 0.185 Soil-population density 0.598 Enhanced; nonlinear

From the interaction results, the interaction explanatory power of precipitation N soil
is the highest, at 0.64. This indicates that the interaction has a stronger explanatory power
for the occurrence of flash flood disasters. Comparing the results of pairwise interactions be-
tween other factors, precipitation shows a relatively high explanatory power in interactions
with other factors. Therefore, precipitation is identified as the primary factor influencing
the occurrence of flash flood disasters.
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4.2. Flash Flood Risk Assessment
4.2.1. Distribution of Flash Flood Potential Index (FFPI)

The flash flood potential index (FFPI) is a potential risk assessment model based on
geographical and topographical factors. In this study, four indicators, slope, soil texture,
vegetation index, and land use, were selected and confirmed to predict flash flood disasters.
Based on the contribution of each indicator, a potential flash flood index was assigned to
each grid data, ranging from 1 to 10. The relative values (1-10) for each influencing factor
represent the likelihood of a flash flood occurrence, with higher values indicating a greater
contribution to the occurrence of flash floods, and a value of 1 indicating the least impact.
Similarly, a value of 10 represents the greatest impact on the occurrence of flash floods.

Before mapping, the data needed to be classified. Regarding slope, it is classified
into levels at intervals of 5 degrees. At the same time, it is essential to consider that
extremely steep areas or cliffs may not be the main locations for the occurrence of flash
floods. Therefore, areas with steeper slopes have smaller relative values. For soil, the
infiltration rate depends on the soil’s pore structure and arrangement. Soils primarily
composed of clay tend to have relatively lower permeability, making them more prone to
flash floods. Therefore, clayey soils have higher relative values. Regarding land use types,
including forests, grasslands, cultivated land, urban and rural areas, and places with high
population and industrial density, such as cities, generally incur greater losses from flash
floods. Hence, a higher FFPI was assigned. The specific FFPI for each indicator is detailed
in Table 5.

Table 5. Classification of factors influencing flash floods and FFPI value.

FFPI Slope Soil Texture NDVI Land Use
1 1~5 Loamy sandy soil 0.8~1 Other woodland
2 5~10 Forested land
3 10~15 Sandy loam soil 0.6~0.8 Shrubland
4 >45 High coverage grassland
5 40~45 Loamy soil 0.4~0.6 Sparse woodland and moderate-coverage grassland
6 35~40 Low-coverage grassland
7 30~35 Silty soil 0.2~0.4 Bare land and paddy field
8 25~30 Wetland
9 20~25 Sandy clay soil 0~0.2 Water body and dryland
10 15~25 Urban and rural land and other developed Land

For determining the weight values of the FFPI index, the geodetector involves cal-
culating the results of single-factor driving forces and using them as a basis for division.
Subsequently, quantitative correlations are computed. The weights are assigned based on
the magnitude of the explanatory power, where a larger explanatory power corresponds
to a greater weight. The weight values for each indicator are presented in Table 6. It
can be observed that the weight order of the indicators is as follows: precipitation > soil
type > slope > vegetation factor > landform type > elevation > population density > land
use type. This suggests that the occurrence of flash flood disasters is primarily influenced
by precipitation and soil type.

After spatially overlaying the classified values of the four indicators related to the
FFPI, along with their corresponding weights, the FFPI distribution was obtained (Figure 4).
It can be observed that under the influence of slope and soil characteristics, the southwest
and southern regions are more likely to have a higher potential occurrence of flash floods.
Under the influence of vegetation, the likelihood of flash floods is greater in the northwest.
Meanwhile, with the impact of land use types, the southwest region exhibits a higher
potential for the occurrence of flash floods. Subsequently, this study employs the ArcGIS
spatial analysis tool to weight and combine the FFPI of slopes, soil types, vegetation indices,
and land use types. This process yields a map depicting the potential distribution of
mountain floods in the study area (Figure 5). The map represents the conditions of the
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disaster-prone environment, where higher values indicate a greater likelihood of flash
floods. It can be observed that the overall values for the western and southwestern regions
of China are relatively high, while those for the eastern and northeastern regions are lower.
Therefore, the likelihood of flash flood occurrence decreases gradually from west to east,
with the southern and southwestern regions being more susceptible to flash flood disasters.

Table 6. Weights of each driving factor based on geodetector.

Driving Factor Q-Value Weight
Precipitation 0.363 0.210
Elevation 0.191 0.110
Slope 0.221 0.138
Landform 0.195 0.113
Soil 0.268 0.155
NDVI 0.201 0.116
Land Use 0.106 0.061
Population Density 0.185 0.107

(a) (b)

h

Figure 4. Flash flood driving factor. (a—d) represent FFPI values corresponding to slope, soil,
vegetation, and land use, respectively.

4.2.2. Flash Flood Risk Analysis

A comprehensive evaluation of the flash flood risk is carried out through the con-
struction of the FFPI, which integrates factors such as rainfall, elevation, landform, and
population density in the assessment system for flash flood disasters. The disaster risk
is then assessed using a comprehensive index. Following the FFPI allocation method,
relative values (1-10) are assigned to the other four factors. Weighted calculations are then
performed using the weight values for each factor. By combining the natural breakpoint
method, the resulting risk is classified into five categories: low risk, relatively low risk,
moderate risk, relatively high risk, and high risk. The probability distribution of flash flood
risk is presented in Figure 6.
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Figure 5. Distribution of flash flood potential index.
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Evidently, the distribution of flash flood risk aligns with the general distribution of
historical flash floods from 2017 to 2021. Overall, the southwestern, central, and south-
eastern regions exhibit higher risk levels, while the northwestern and northern plain areas
(such as north China) and northeastern regions have lower risk levels. This is primarily
due to regions with higher rainfall and greater rainfall intensity being more prone to flash
floods. The topographical variations also contribute to the occurrence of flash flood disas-
ters. Therefore, in areas with significant elevation differences and abundant rainfall, the
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risk of flash floods is greater. In summary, the risk distribution map obtained generally
corresponds to the actual occurrence of flash floods.

5. Conclusions

Under the influence of extreme climates, flash floods occur frequently, resulting in sig-
nificant economic losses and casualties. This study quantifies and identifies key influencing
factors, conducting an in-depth investigation into the probability distribution of flash flood
risks. The main conclusions are as follows:

(1) After examining the contributions of various factors triggering flash floods, among
them, precipitation is a fundamental factor with the greatest impact on flash floods. Sub-
surface factors such as soil and slope serve as material conditions and potential criteria for
triggering flash floods. Human activities also exacerbate the occurrence of flash floods. The
mutual explanatory power between these two groups of factors surpasses the explanatory
power of individual factors.

(2) After obtaining the probability distribution of flash flood risks in China, the south-
ern and southwestern regions of China were identified as high-risk areas, while the risk
levels in the northwest and northeast regions were relatively low. This is consistent with
the observed distribution of flash flood disasters from 2017 to 2021.

This study mainly uses the explanatory power of the geographical detectors to cal-
culate factor weights; most current studies obtain weights through expert scoring or the
analytic hierarchy process, which are greatly affected by human factors. Therefore, this
method avoids the influence of human subjective judgment. However, since the input data
cover a limited time range, there are also potential errors in predicting actual situation.

Considering the uncertainties and vulnerabilities associated with flash flood disasters,
future research will refine the factors influencing these disasters, focusing on issues such as
improving the accuracy of input data. The goal is to provide valuable references for the
risk management of flash floods in China.
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