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In southwest China, flash floods occur frequently and often cause severe damage to residential building areas, especially in mountainous rural settlements. Risk assessment is crucial in the hazard mitigation policies and measures. However, the study on the quantitative assessment of flash flood risk for buildings is still less explored. In this study, an indicator-based assessment approach is proposed to assess the risk of buildings threatened by flash floods. The flood hazard is first simulated with 1D/2D hydrodynamic model to determine the buildings exposed to the flood and flood inundation indicators. Then, a combination of virtual surveys and building census information is used to collect information on indicators of exposed buildings and their surroundings. The indicator scores are calculated using the building flash flood risk indicator system constructed in this study which includes the flood hazard and building vulnerability indicators. A flood risk index (FRI) combining flood hazard index (FHI) and building vulnerability index (VI) is developed by weighted aggregation of indicators using combination weights calculated by the game theory approach. Based on FRI, the flash flood risk of mountainous buildings is quantitatively assessed. Taken a key mountainous rural settlement in southwest China as an example, the proposed methodological framework enables the quantitative calculation and assessment of the risk of rural buildings to flash flood. The overall framework can provide an applicable approach for flood mitigation decisions in mountainous settlements.
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1 INTRODUCTION
Flash flood is one of the main challenges to the regional water security. Especially in the rural settlements in the mountainous area, flash flood can huge casualties and building damages to the local resident community, making the flood risk assessment an important issue for flood mitigation and decision-making (Petrow et al., 2006; Totschnig and Fuchs, 2013). The flood risk assessment of buildings is a fundamental issue in the flood risk assessment which provides important information for the safety of local residents and property.
The indicator-based method is one of the typical methods in flood risk assessment. (Papathoma-Köhle et al., 2017). The method carries out quantitative risk assessment by selecting and quantifying appropriate indicators and weighting them together into a composite index. It is widely used by decision-makers worldwide because of its simplicity and efficiency (Papathoma-Köhle et al., 2019a; Fuchs et al., 2019; Malgwi et al., 2020). Although the studies based on indicators to evaluate the physical risk of buildings to natural hazards are gradually increasing, the risk of village buildings to flash flood is less explored (Romanescu et al., 2018; Leal et al., 2021). The current research on the indicator-based method mainly focuses on the vulnerability characteristics of the buildings without the consideration of the hazard intensity that plays a key role in disaster risk. Previous studies used water depth and sediment height as flood hazard intensity indicators (Dall'Osso et al., 2016; Papathoma-Köhle et al., 2019b; Papathoma-Köhle et al., 2022), which cannot describe comprehensively the risk characteristics of flash flood (such as flow velocity and solid debris) to buildings. Therefore, there exists a need to further examine the physical risks of flash floods for buildings.
The indicator method includes steps such as indicators selection, weighting, and aggregation into a final index. Indicator weighting is the most sensitive step in constructing the index, because indicator weights may have a great impact on the final index results and thus on decision making (Becker et al., 2017; Papathoma-Köhle et al., 2019b). Indicator weighting methods can be divided into two categories: subjective weighting method and objective weighting method (Zou et al., 2020). The most commonly used weighting methods in current natural disaster risk evaluation studies are subjective weights represented by the expert scoring method and analysis hierarchical process (AHP) (Beccari, 2016). The subjectivity is the biggest shortcoming of the method, which relies heavily on the experience of decision-makers (Cutter et al., 2008; Yankson et al., 2017). The different judgment criteria of decision-makers lead to large differences in indicator weights between different studies, for example, Leal (2021) considers building materials as the most important indicator affecting flood vulnerability, while Romanescu et al. (2018) assigns a higher weight to the distance of buildings from the river. The objective weight method relies on the characteristics of the objective data sample to determine the weights, which includes principal component analysis (PCA) (Thouret et al., 2014), factor analysis (Ettinger et al., 2016), etc. With the continuous application of machine learning algorithms in various fields, another new objective weighting method based on machine learning algorithms has been increasingly studied. For example, Papathoma-Köhle et al. (2019a) relied on historical storm event disaster damage data, used random forests algorithm to select key indicators, and assigned indicator weights based on factor importance analysis. However, objective weights tend to ignore the effects of the randomness of sample data and their own differences, thus yielding results that may deviate more from the actual situation. In a word, both the subjective weighting method and the objective weighting method have certain limitations, therefore, a feasible combination method should be proposed to combine the two weights to solve the above problem.
In this paper, the main purpose of this study is to quantitative evaluation of flash flood risk for buildings in mountainous rural settlements. The novelty of this paper is to develop a hybrid flood risk index (FRI) which combines the flood hazard index (FHI) and the building vulnerability index (VI). The index is obtained by weighting the flood risk indicators using the game-theoretic combination weights. Taken Jiecun Village, Southwest China as an example, the new index-based approach is used for flash flood risk of buildings. The approach provides a comprehensive risk assessment of buildings in the mountainous area and provide a scientific basis for spatial planning and flood risk management. The proposed method can be applied to other areas facing similar problems.
2 STUDY AREA
The Jiecun village is located in the Shouxi River basin within Wenchuan County in southwest China (Figure 1). After the 2008 Sichuan earthquake (magnitude 8.2), flash floods in the Shouxi River basin erupted more intensely and are often accompanied by secondary hazards such as debris flows, which seriously threatened the safety of local residential areas. Especially two major flash floods occurred on 20 August 2019 and 17 August 2020 (referred to as the “8.20” flood and “8.17” flood), causing severe damage. The Jiecun village is one of the most severely affected villages in the “8.20” flood. It is a typical mountainous rural settlement in southwest China, which has a resident population of more than 600 people and 230 buildings The Jiecun village is located in the heavy rain center in the Longmen Mountain rainfall area, where heavy rainfall occurs frequently. And the village area is the confluence area of three major tributaries of Shouxi River-Xi River, Zhong River, and Heishi River, it is vulnerable to flood disasters. Meanwhile, since the village is located in Sanjiang township and the national 4 A scenic spot-Sanjiang Ecological Tourism Zone, the relatively dense distribution of houses and population also make Jiecun village face the threaten of severe flood damage. Therefore, the extreme rainfall conditions, special topographic environment, and the severity of the flood response contribute to the flash flood in this area. And there is an urgent need to carry out a quantitative assessment of the flash flood risk of buildings in this area.
[image: Figure 1]FIGURE 1 | Location of the Jiecun village and the distribution of buildings in the area.
3 METHODOLOGY
Figure 2 represents the flowchart of the build risk assessment in this study. The main processes include flood hazard modeling, building vulnerability analysis, and building flood risk assessment.
[image: Figure 2]FIGURE 2 | Flowchart of flood risk assessment of buildings.
3.1 Flood Hazard Modeling
In this study, the hydrological-hydraulic model is used to calculate water depth and velocity for flood inundation indicators of buildings and to identify the number of buildings exposed to flooding. The 1D/2D hydrodynamic models included in the MIKE FLOOD software package are used to simulate the flood inundation scenarios in the study area. Flooding is simulated with a combination of 1D and 2D elements. The river channel is modeled as a 1D element, and the overland flooding is modeled as a 2D process. In the flood simulation, the DEM (2 m spatial resolution) generated from LiDAR data is used as the topography of the floodplain, and the building hole method is used to consider the effect of building water retention (Tsubaki and Fujita, 2010). More details of the model can be found in the Supplementary Material.
After the “8.20” flood in 2019, the dike of local river sections in this area have been renovated and the flood protection standard of the river has been raised to 20-years return period. The inundation scenarios of the study area are simulated with two flood events under the return periods of 50- and 100- year. Due to the lack of field-observed data from gauging stations, the discharge process of the selected return period was generated by the empirical formula method including the hydrologic analogy method and the rational formula method (Chin, 2019).
3.2 Building Vulnerability Analysis
A critical part of building vulnerability analysis is the creation of building vulnerability dataset. Building vulnerability dataset includes information of building features and surrounding environment. The conventional method is based on a manual survey which usually takes a lot of time. In this study, a combination of virtual survey and existing building census dataset in the study area is used to improve the efficiency. Based on the 3D real scene model of the study area and remote sensing images obtained from the survey by unmanned aerial vehicle, the virtual survey is conducted to extract information of building footprints and building attributes such as number of stories (NF), building openings (OP), rows towards river (RO), and fence type (FT). Some attributes that are difficult to identify in the 3D real scene model, such as material structure type (MS) and age (AG), can be obtained through building census information provided by the Housing and Urban Development Bureau of Wenchuan County. There is an example of building information collection in Figure 3. Building footprint and building attribute data are linked together based on unique identifiers and stored in an ArcGIS geodatabase to facilitate further analysis.
[image: Figure 3]FIGURE 3 | An example of building information collection via virtual survey.
3.3 Indicator-Based Flood Risk
An indicator-based flood risk used in this study includes the three steps: 1) indicator selection, 2) indicator weighting, and 3) indicator aggregation (Malgwi et al., 2020). A hybrid flood risk index is proposed to evaluate the building risk. The specific process for the development of the flood risk index of buildings is shown in Figure 4.
[image: Figure 4]FIGURE 4 | The process of indicator-based flood risk assessment.
3.3.1 Indicator Selection
The selection of relevant indicators is based on literature review, empirical observation from the field study, and expert consultation. Following the definition of risk “Risk = Hazard × Vulnerability” (UNDHA, 1992), an indicator system of the flash flood risk of buildings is proposed with 8 indicators and can be divided into two parts: 1) flood hazard (flood intensity and debris factor), and 2) building vulnerability (material structure type, age, number of floors, openings, rows towards river, and fence type), which are described in detail below.
3.3.1.1 Flood Hazard
The damage to buildings by flash floods is mainly affected by floodwater flow and the debris it carries (Leal et al., 2021). Therefore, flood intensity and debris factor are determined as indicators of the flood hazard.
.3.3.1.1.1 Flood Intensity
To facilitate the use of indicators to simplify the assessment, a mathematical expression as Eq. 1 with water depth and flow velocity as independent variables is established based on Defra’s recommended average size-based damage scale (DS) matrix (Defra, 2006), which is adapted from Kelman’s research on building flood vulnerability (Kelman, 2002). The mathematical expression is named as the flood intensity (FI) indicator, representing the intensity of the action of floodwater flow on buildings. This indicator is based on the physical concept of flood momentum (Pistrika and Jonkman 2010), while the form of this indicator is a reference to the Defra human flood hazard formula (Defra, 2006).
[image: image]
Where [image: image] is the flood intensity (m2/s), v is the incoming flow velocity near the house (m/s), h is the water depth near the house wall (m), and a is a constant.
Logistic fitting in the non-linear fit function of Oringin software is used to analyze the relationship between flood intensity (FI) and damage scale (DS). According to the fitting analysis (Figure 5), when a = 3, the best fit is obtained with the fitting correlation R2 of 0.969, and the following fitting equation can be obtained.
[image: image]
Where DS is the house damage scales (1–5) defined by Kelman (Kelman, 2002).
[image: Figure 5]FIGURE 5 | Logistic fitting correlation result (A) the fitting correlation R2 corresponding to different values of parameter a, and (B) fitting curve of damage scale DS and flood intensity FI (a = 3)
Therefore, [image: image] is selected as the final form of the flood intensity indicator. According to Eq. 2, based on different damage scales (DS), the FI value range of different grades is divided, and the results are shown in Table 1.
TABLE 1 | [image: image] Value interval.
[image: Table 1].3.3.1.1.2 Debris Factor
In the Shouxi River watershed with active tectonics and poor geological conditions, debris flows are likely to occur along with flash floods. The occurrence of debris flow will greatly increase the content of solid debris materials in the flood, increasing the destructive power of the flood, which in turn will cause more serious damage to the buildings. Therefore, it is necessary to propose a new indicator—debris factor (DF)—to measure the degree of increased flood hazard of debris flow occurrence.
With the consideration of the quantity of the debris and the probability of its occurrence (Defra, 2006), the debris factor is calculated as:
[image: image]
The quantity of the debris can be expressed in terms of the bulk density of debris flow Cd, and the probability of occurrence can be expressed in terms of the probability of debris flow occurrence Pd. The debris factor (DF) can be calculated by the following equation.
[image: image]
In this study, the table look-up method which is commonly used in the previous studies is used to calculate the values of Cd and Pd parameters [the readers can refer to Specification of geological investigation for debris flow stabilization (China Geological Disaster Prevention Engineering Association 2006) for the details]. According to the specification, the Cd parameter is calculated based on watershed parameters, and the Pd parameter is calculated based on precipitation in 10 min, 1 h, and 24 h. The Cd and Pd can be divided into four classes. The ordinal scale method was used to assign a score from 0 to 1 to each class of Cd and Pd (Table 2). Then through Eq. 4 and the matrix method, the Cd and the Pd were combined to calculate the DF, and the debris factor hazard class is classified (Tables 3, 4).
TABLE 2 | Classification of Cd and Pd.
[image: Table 2]TABLE 3 | Debris factor hazard matrix.
[image: Table 3]TABLE 4 | Classification of debris factor hazard class.
[image: Table 4]3.3.1.2 Vulnerability
Referring to the Papathoma tsunami vulnerability assessment model framework (PTVA) (Dall'Osso et al., 2010; Dall'Osso et al., 2016; Papathoma-Kohle et al., 2019b), building vulnerability indicators consist of the physical characteristics of buildings (including material structure type, age, number of floors, and openings) and the environment surrounding buildings (including rows towards river, and fence type). The details are as follows.
.3.3.1.2.1 Material structure type (MS)
MS represents the material used in the building structure and is the main factor influencing the vulnerability of the building (Fuchs et al., 2007; Müller et al., 2011; Guillard-Gonçalves et al., 2016). According to the survey, MS in Wenchuan County mainly includes wood, adobe and wood mixed, brick and wood mixed, masonry walls with concrete, and reinforced concrete structures.
.3.3.1.2.2 Age (AG)
AG refers to the year of construction of the building, and the age of the building. It has an influence on the expected structural damage from flooding. The degradation and technology level of the building is related to the age of the building (Leal et al., 2021). It can be assumed that newer buildings have higher resistance to flood damage. According to the building census information, AG is divided into five categories: before 1980, 1981–1990, 1991–2000, 2001–2010, and after 2010.
.3.3.1.2.3 Number of floors (FL)
FL can affect building vulnerability from different perspectives. On the one hand, more floors increase the vertical load on the ground floor, which leads to a greater resistance of the building to lateral loads of floods and is less likely to be destroyed and damaged (Kelman, 2002). On the other hand, the more floors, the smaller the proportion of exposure and the smaller the vulnerability (Papathoma-Köhle et al., 2010; Papathoma-Köhle, 2016; Leal et al., 2021). FL can be divided into three categories: one floor, two floor, and three or more floors.
.3.3.1.2.4 Openings (OP)
OP measures the presence and location of doors, windows, or other openings. According to the post-disaster field survey in Wenchuan, it can be observed that buildings with large openings (e.g., roll-up doors, floor-to-ceiling windows) on the exterior walls exposed to floodwater are significantly more severely damaged than buildings with small openings (e.g., single doors or windows) or no openings. Understandably, the presence of large openings on the exterior walls facilitates the entry of water into the building, and the entry of floodwater will greatly increase the damage to the interior of the building (Fuchs, 2009; Papathoma-Köhle, 2016; Leal et al., 2021). Therefore, OP can be classified into 3 categories: large openings, small openings, and no exposed openings or openings above the flood level.
.3.3.1.2.5 Rows towards river (RO)
RO can affect direct damage to buildings from flooding. The study shows that the front row of buildings in a row layout has a sheltering effect on the back row of buildings (Dall'Osso et al., 2010; Dall'Osso et al., 2016). Buildings in the back row, protected by the front row of buildings, have relatively little flood damage. RO can be divided into first row, second row, and third or more rows.
.3.3.1.2.6 Fence Type (FT)
FT can affect the effectiveness of the fence on the protection of the house (Dall'Osso et al., 2010; Dall'Osso et al., 2016). According to field research, there are mainly two types of house fences in Wenchuan County: semi-enclosed fences and fully enclosed fences. Obviously, the protection effect of fully enclosed fences is stronger than that of semi-enclosed ones. Therefore, according to the fence protection effect, FT can be divided into three cases: fully enclosed fences, semi-enclosed fences, and no fences.
3.3.1.3 Indicator Scaling System Development
To quantify the impact of indicator attributes on risk, an indicator scaling system should be developed. The indicator values are classified according to their influence on flood risk, and the ordinal scale method is used to assign a standard score of 10–100 to each category of indicator attributes. In the scaled system, 10 indicates the lowest contribution to flood risk and 100 indicates the highest contribution to flood risk. The scaling system is shown in Figure 7.
3.3.2 Indicator Weighting
Each indicator considered in this study has a different impact on the flood risk of buildings, so each indicator should be given a different weight. To correct the one-sidedness of the single weighting method, this paper first used analysis hierarchical process (AHP) and random forests (RF) method to generate indicators weight, and then adopted game theory (GT) method to integrate the two weights to determine the combined weights.
3.3.2.1 Weights Based on AHP
Analysis hierarchical process (AHP) is an important tool developed by Satty to support decision making. It constructs a judgment matrix by comparing indicators in pairs and calculates the weights (Saaty, 1988). We invited 30 experts from different professions and organizations to participate in the work of judging the importance of indicators. Among the experts, 50% 15) are researchers from research institutions, 30% 9) are engineers from front-line production units, and 20% 6) are staff from water/construction-related management agencies. The experts judged the importance of the indicators based on their understanding and experience on flood risk. Finally, the experts’ feedback is aggregated using an arithmetic averaging method.
The main process of the AHP method is as follows.
1) Constructing the hierarchical model. The decision objectives are decomposed into several levels according to the different attributes of each factor. The uppermost level is the objective level, the middle level is the criterion level and sub-criterion level, and the bottom level is the indicator level, as shown in Figure 6.
[image: Figure 6]FIGURE 6 | Hierarchical structure of building flood risk indicators.
2) Constructing a judgment matrix, starting from the second level of the structural model, and comparing the factors in the same level in pairs according to the experts’ judgment.
3) Calculating the weight vector. The eigenvectors and the maximum eigenvalue λmax of the judgment matrix are calculated. The consistency ratio (CR) is calculated using Eq. 5 to validate the AHP results, where: CI is the consistency index, n is the matrix dimension, and RI is the random index.
[image: image]
[image: image]
When CR < 0.1, the judgment matrix has satisfactory consistency; otherwise, the judgment matrix should be reconstructed until it is satisfactory.
In this study, the CRs of all pairwise comparisons are less than 0.1 (see Table 5), which shows that the judgment matrix is consistent. The weights of each indicator calculated by AHP are shown in Table 6.
TABLE 5 | Inconsistences index result of the AHP.
[image: Table 5]TABLE 6 | Weights calculated by AHP.
[image: Table 6]3.3.2.2 Weight Based on RF
The Random Forest algorithm (RF) is a machine learning algorithm proposed by Leo Breiman that combines the bagging idea and the random selection of features (Breiman, 2001). RF can provide estimates regarding the importance of variables, which in our case can help decision-makers to assess the contribution of each indicator in representing the damage process. There are two variable importance metrics: mean squared error reduction (MSER) and the Gini importance. Most researchers recommend the former as the method of choice (Genuer 2010; Gromping, 2009). Thus we adopted MSER to measure the importance of indicators.
Indicator weights are defined as the relative contribution of each indicator to the total importance of all indicators (Papathoma-Kohle et al., 2019a), i.e., the ratio of the MSER of each indicator to the sum of the MSER of all indicators (Eq. 7).
[image: image]
We collected data from a sample of 117 buildings affected by the “8.20″ flood of 2019 and “8.17″ flood of 2020 in Wenchuan County through post-disaster field research. Each building is classified according to the classification of mountain torrent damage to the building (Table 7) to determine the damage class (Zhen et al., 2022). Since flood hazard indicators (flood intensity and debris factor) could not be collected from the field survey, we only analyzed the contribution of building vulnerability indicators to the building damage class. Each building vulnerability indicator is assigned a standard score according to the indicator scaling system (Figure 7), which is taken as a predictor variable. Taking the damage class as the dependent variable, the importance of each indicator is obtained using random forest classification algorithm.
TABLE 7 | Classification of mountain torrent damage to building (Zhen et al., 2022).
[image: Table 7][image: Figure 7]FIGURE 7 | Computation framework for flood risk index (Adapted from Kappes et al., 2012)
The random forest classification model is constructed using the R-packages randomForest. The main model parameters that need to be set include the number of trees (ntree) and the number of candidate variables randomly selected for each split in each tree (mtry). In this paper, based on the bootstrap method, the optimal parameters are obtained by comparing the Out-of-Bag (OOB) errors of random forest models with different parameter settings. The final value of the model parameters ntree is 1900, and mtry is 2. The importance (MSERi) and weights of each vulnerability indicator calculated by the RF model are shown in Table 8.
TABLE 8 | Importance and weights of vulnerability indicators.
[image: Table 8]3.3.2.3 Weight Based on GT
Game theory (GT) is the mathematical modeling of strategic interactions between intelligent rational decision-makers, specifically addressing conflicts between two or more participants (Zou et al., 2020). The weights obtained by AHP and the weights obtained by RF are considered as the two participants of the game, while the combined weights are the outcome of the game. The GT approach aims at Nash equilibrium to achieve agreement and compromise between the two weights, so that the respective deviations between the combined weights and the AHP and RF weights are minimized. The steps for calculating the GT-based combination weights are as follows.
Step 1 Assuming that n weights are calculated using L methods, a basic weight vector set denoted as [image: image], [image: image]. A possible combination weight vector w is achieved by wn with the arbitrary linear combination coefficient [image: image]:
[image: image]
Step 2 The most satisfactory weights can be determined by finding the coordination and compromise between various weighting methods. A most satisfactory linear combination coefficient [image: image] is sought to minimize the deviation between [image: image] and [image: image], to achieve a compromise among various weights. The optimization function is to minimize the deviation between [image: image] and [image: image] by using the following equation:
[image: image]
According to the differential properties of the matrix, the optimal first-order derivative condition equivalent to Eq. 9 is
[image: image]
which corresponds to the following system of linear equations.
[image: image]
Step 3 Calculate the weight coefficient [image: image] and then normalize it with Eq. 12.
[image: image]
Step 4 Calculate the game theory portfolio weight vector.
[image: image]
Based on Eqs 8–12, the combination coefficients of AHP weights and RF weights are calculated as [image: image] and [image: image]. The combination coefficients are substituted into Eq. 13 to obtain the combination weights. The combination weights of vulnerability indicators based on game theory are shown in Table 9.
TABLE 9 | Combination weights of vulnerability indicators.
[image: Table 9]3.3.3 Indicator Aggregation
The weighted linear combination (WLC) method is used to further integrate the indicator scale values and indicator weights to create a single composite index. Due to data limitations, the calculation of building vulnerability index (VI) is based on the GT combination weights, and the flood hazard index (FHI) and flood risk index (FRI) is calculated based on the AHP weights. Figure 7 illustrates the computation framework of the flood risk index.
Combining flood intensity and debris factor indicators, the flood hazard index (FHI) is calculated as follows.
[image: image]
The building vulnerability index (VI) is computed by weighting building indicators.
[image: image]
The flood risk index (FRI) is determined by combining the flood hazard index (FHI) and the building vulnerability index (VI).
[image: image]
To allow for comparison of buildings in different locations under different flood scenarios, buildings are classified into five risk classes based on FRI using the equal interval method: very low (10–28), low (28–46), medium (46–64), high (64–82), and very high (82–100). The flood risk class is mapped using GIS.
4 RESULTS
4.1 Flood Extent and Exposed Buildings
By hydraulic model calculation, flood inundation results (including flood extent, water depth, and flow velocity) are derived for the flood scenarios with the 50- and 100-year return periods (RT) in the study area (See Figure 8). The analysis of these flood characteristic indicators allows us to make a preliminary judgment on the magnitude of flood events and their impact on the buildings.
[image: Figure 8]FIGURE 8 | Flood inundation results. (A) and (B) are the maximum inundation extent of flood with 50-year and 100-year RT, (C) and (D) are the maximum water depth of flood with 50-year and 100-year RT, (E) and (F) are the maximum flow velocity of flood with 50-year and 100-year RT.
Based on the flood extent, the buildings exposed to flood water are identified and the potential exposure of the buildings (the part of the building in contact with flood water) is estimated to determine how the buildings are affected by floodwater. Table 10 shows the statistics of inundation indicators of buildings in the two flood scenarios. In the 50-year flood scenario, 39 buildings in the study area are affected by flooding, of which 7 (18%) buildings are potentially exposed to more than 50%, and only 2 buildings are fully exposed. In the 100-years flood scenario, 72 buildings in the study area are affected by flooding, of which 26 (36%) buildings are potentially exposed to more than 50% and 7 are fully exposed. And this indicates that buildings will be generally severely affected by flooding in the 100-years flood scenario. In the 50-year and 100-year flood scenarios, the average maximum inundation depth of flood-affected buildings is 0.38 and 0.62 m, and the average maximum flood flow velocity on the building surface is 0.86 m/s and 1.88 m/s respectively. The changes in the number of inundated buildings and building exposure as well as flood action (water depth, flow velocity) on exposed buildings indicated that compared to the 50-year flood scenario, the adverse effects of flooding on buildings in the study area would increase dramatically in the 100-year flood scenario.
TABLE 10 | Flood inundation indicators statistics.
[image: Table 10]4.2 Flood Hazard
The water depth and flow velocity simulation results are processed using a processing program developed by the authors to generate a maximum flood intensity (FI) layer (see Figures 9A,B). Based on the flood intensity layer, the maximum flood intensity (FI) near the building is extracted to represent the intensity of flood action on the building. The maximum FI on the building surface ranges from 0.2 to 6.5 m2/s in the flood scenario with 50-years RT and from 0.3 to 9.2 m2/s in the flood scenario with 100-years RT. According to the calculation method described in Section 3.3.1, the value of debris factor (DF) is calculated by Eq. 4. Applying the debris hazard matrix, the debris factor hazard class is determined based on the DF value. In the two flood scenarios, the DF of the buildings on both sides of the Xi River is 0.49, which belongs to the high debris factor hazard, while the DF of the buildings on both sides of the Zhong River is 0.35, which belongs to the medium debris factor hazard (see Figures 9C,D).
[image: Figure 9]FIGURE 9 | Flood hazard results. (A) and (B) are maximum FI in flood scenarios with 50-year and 100-year RT, (C) and (D) are DF in flood scenarios with 50-year and 100-year RT, and (E) and (F) are distribution of FHI in flood scenarios with 50-year and 100-year RT.
The calculation results of FI and DF indicators are assigned standard scores, and the flood hazard index (FHI) values are calculated according to Eq. 14. Figures 9E,F shows the distribution of FHI of the building. Based on the location of the buildings to the river, the flooded building areas can be roughly divided into four zones (see Figure 9): the left bank of the XI River (Zone I), the right bank of the XI River (Zone II), the right bank of the Zhong River (Zone III), and the left bank of the Zhong River (Zone IV). It can be seen that the distribution of FHI is basically consistent with the distribution of FI, which is also influenced by DF. The high debris factor hazard in Zone I and Zone II increases the FHI value of buildings in the area to different degrees. For example, after combining the DF values, the FHI values of buildings 2–2, 2–3, and 2–4 (Figure 9F) in Zone II of the Xi River for the 100-years flood scenario increase by 5, 13, and 20, respectively, compared to the FI standard score. This indicates that considering the influence of the debris factor (DF) indicator will increase the flood hazard of buildings to different degrees, which is important for a comprehensive understanding of flash flood hazard in mountainous areas.
The FHI of the building is between 20 and 75 for both flood scenarios. With reference to the flood risk classification, the FHI is also divided into the same five intervals, corresponding to five hazard classes. No buildings belong to very high hazard class, and the statistics of the number of buildings with the remaining flood hazard classes are shown in Table 11. In the flood scenarios with 50- and 100-year RT, the hazard of buildings to flash floods ranges mainly from very low to low, which account for 92% and 76% of the exposed buildings respectively. The distribution of flood hazard classes indicates that the overall flood hazard of the flooded buildings is low. Compared with the buildings in the 50-years RT flood scenario, the number and proportion of the buildings of Medium- and high-hazard class increased significantly in the 100-years RT flood scenario, with the number of Medium-hazard buildings in flash floods increasing from 2 (5%) to 9 (13%) and the number of high-hazard buildings increasing from 1 (3%) to 8 (11%). The overall flood hazard of buildings increased significantly. According to the distribution of FHI, the overall flood hazard of buildings in Zones I & II is higher than that of buildings in Zones III & IV (Figure 9 and Figure 13), indicating that buildings on both sides of the Xi River are more vulnerable to flood damage, which is also generally consistent with the building damage observed in the post-flood survey of “8.20” flood.
TABLE 11 | Number of buildings in each flood hazard class.
[image: Table 11]4.3 Building Vulnerability
Before carrying out a more detailed analysis of the vulnerability results, the statistics of the vulnerability indicators can help to better understand the building vulnerability results. With this aim in view, Figure 10 shows the frequency distribution of vulnerability indicators for exposed buildings in the 50-year and 100-year flood scenarios. In both scenarios, the material and structural types of flooded buildings are mainly masonry walls with concrete and reinforced concrete structure, and the buildings are mainly constructed after 2000, with most buildings of 3 floors and above. This is due to the fact that most of the buildings in the area were rebuilt after the Great Wenchuan Earthquake (Wang, 2008), and the housing safety was fully considered during the construction process. Therefore, the distribution of the structure type, building age and number of floors of the flooded buildings tends to be concentrated, and the buildings generally show a strong disaster resistance. However, due to the canyon topography of the area and the commercial function of the buildings (stores, restaurants, etc.), the flooded buildings are mostly large openings located in the front row of the river, which implies a potentially higher vulnerability. Also, most of the buildings in the area are open-sided, with no fence protection to reduce building vulnerability, while individual buildings having fully or semi-enclosed fence. It can be seen that building vulnerability is influenced by multiple indicators, and some indicators have even opposite effects on building vulnerability. Therefore, a comprehensive vulnerability index is established by integrating building vulnerability indicators, which can help to better reflect the comprehensive performance of building resistance to flood damage.
[image: Figure 10]FIGURE 10 | Frequency distribution of vulnerability indicators of exposed buildings (A) material structure type (B) age, (C) number of floors (D) openings, (E) rows towards river, and (F)fence type.
Based on the combined weights, the vulnerability index (VI) of buildings is calculated by weighting the building attribute indicators. Figure 11 shows the distribution of the VI of the exposed buildings in two scenarios. The vulnerability of non-flooded buildings is equal to zero because flooding does not pose a threat to these buildings. The VI ranges from 44 to 74 in both scenarios. Referring to the flood risk classification, the VI is divided into the same five intervals corresponding to the five vulnerability classes. There are no buildings in the extreme classes very low or very high, and the statistics of the number of buildings in the remaining vulnerability classes are shown in Table 12. The interval distribution of VI is consistent for the 50-year and 100-year flood scenarios, with medium-and-high vulnerability buildings dominating, of which medium-vulnerability buildings accounted for 56% and 50% respectively, and high-vulnerability buildings accounted for 36% and 47% respectively, showing an overall high building vulnerability.
[image: Figure 11]FIGURE 11 | Distribution of VI in flood scenarios with (A) 50-year and (B) 100-year RT.
TABLE 12 | Number of buildings by building vulnerability classes.
[image: Table 12]It is noteworthy that Figure 11 show that the vulnerability of buildings partially exposed to flooding in both scenarios change, which is mainly caused by the different building openings exposed to different flood levels. In the inundation level of flood with 50-years RT, buildings have no exposed openings, while in the inundation level of flood with 100-years RT, buildings have exposed large window and door openings or small openings, which proves the importance of the location of the building openings. Comparing the distribution of FHI and VI (Figure 9 and Figure 11), it can be found that some buildings with high vulnerability are also buildings with high flood hazard (e.g., 3–1 and 3–2 in Zone III, 1–1 building in Zone I and 4–1 in Zone IV), which implies extremely high potential damage, and these buildings should be the focus of attention.
4.4 Flood Risk Analysis
The flood risk index (FRI) of each building is calculated by combining the FHI and VI. The FRI of the exposed buildings is between 33 and 71 for both flood scenarios. According to the flood risk classification criteria described in 3.3.4, the flood risk of buildings in the study area in both scenarios is concentrated in three risk classes: low, medium, and high (Figure 12). There are no buildings in the very low and very high classes, and the statistics of the number of buildings in the remaining flood risk classes are shown in Table 13. The two flood scenarios are dominated by low and medium-risk buildings, which account for more than 92% of the buildings, and the overall risk level is low. Compared to the 50-years RT flood scenario, the number and percentage of medium and high-risk buildings increased significantly in the 100-years flood scenario, with the medium risk buildings increasing significantly from 11 (28%) to 34 (47%) and the high-risk buildings increasing from 1 (3%) to 6 (8%). Thus, there is a significant increase in the overall building risk.
[image: Figure 12]FIGURE 12 | The flood risk of buildings in the flood scenarios with (A) 50-year and (B) 100-year RT.
TABLE 13 | Number of buildings in each flood risk class.
[image: Table 13]The overall flood hazard, vulnerability and flood risk of buildings is analyzed at zone level, based on average values of FHI, VI, and FRI in each zone (Figure 13). For the 50-years flood scenario, the average value of FRI in each zone from high to low is Zone I > Zone II > Zone III > Zone IV. For the 100-years flood scenario, the average FRI value of each zone from high to low is Zone I > Zone III > Zone II > Zone IV. The ranking of the mean FRI values for each zone in the two scenarios is consistent with the FHI values and differs significantly from the ranking of the VI values. It can be stated that the high flood risk of buildings in the study area is mainly driven by high flood hazard. And high VI values of buildings also increase the overall flood risk of buildings in the zone to some extent (e.g., Zone III and IV). The area with the highest flood risk of buildings is Zone I. According to the field research, it can be seen that there are relatively low gap sections of the dike of the river in Zone I, which has not formed a closed dike protection. When the floods overflow the dike, a large amount of floodwater enters the building area from the gap section of the dike, which will cause serious flooding and impact damage to the buildings in the area. Therefore, when implementing regional flood prevention and mitigation measures, priority should be given to improving the construction of flood prevention measures in Zone I to control the flood risk in this subzone.
[image: Figure 13]FIGURE 13 | Average FHI, VI, FRI of each zone in the flood scenarios with (A) 50-year and (B) 100-year RT.
High risk buildings may be of greater concern in building risk mitigation efforts. As shown in Figure 12 and Table 13, there is only one high-risk building in the 50-years RT scenario, which is building 1–1 in Zone I of the Xi River. And there are six high risk buildings in the 100-years RT scenario, which are building 1–1 and 1–2 in Zone I, building 2–1 in Zone II, building 3–1 and 3–2 in Zone III, and building 4–1 in Zone IV, respectively. The building with the largest FRI value is building 1–1. When planning building mitigation measures, it is clear that priority should be given to these high-risk buildings, especially building 1–1.
5 DISCUSSION
The FRI is derived quantitatively using an indicator-based method, which requires awareness of its applicability, limitations, and challenges. Some key steps in the methodological process are discussed further below, including 1) selection of indicators, 2) aggregation of indicators, and 3) data acquisition.
The selection of indicators is the first step in creating a flood risk index, which depends on the characteristics of flood damage to buildings and the building features of the affected area (Kappes et al., 2012). In this study, flood intensity (FI) indicator consisting of inundation depth and flow velocity and debris factor (DF) indicator consisting of the quantity of debris and probability of occurrence are established as flood hazard indicators for mountainous areas. The determination of flood hazard indicators took into account the theoretical mechanisms of building damage caused by floodwater flow and the actual characteristics of combined disaster caused by flood and debris flow in this area. Compared with the previous studies, which directly used the inundation depth as flood risk indicators, the introduction of flood intensity (FI) and debris factor (DF) indicators is an innovation of this paper, which can better reflect the disaster-causing characteristics of flash floods on buildings in mountainous areas. As to the selection of the building vulnerability indicators, we took into account the disaster resistance characteristics of the buildings and the surrounding environment of the buildings in the study area as well as the accessibility of the indicators. After expert evaluation, six building vulnerability indicators are finally determined, including the material structure type, age, number of floors, openings, rows toward river, and fence type, which are generally accepted by many studies (Godfrey et al., 2015; Miranda and Ferreira, 2019; Chao et al., 2021; Leal et al., 2021). However, due to the lack of historical disaster data, flash flood scenarios are difficult to accurately recreate and simulate, and the validity of the indicators still needs further validation.
The weight assignment is the most critical part of the indicator aggregation and the most sensitive step in the construction of the risk index. In this paper, the weights based on analysis hierarchical process (AHP) and random forest algorithm (RF) (Figure 14) are analyzed and compared. The AHP method considers building material structure type and openings as the two relatively most important indicators with the greatest impact on flood risk, while the least important ones are age and number of floors. However, influenced by experts’ experience, the AHP method has strong subjectivity and does not depend on the objective data law, which may lead to unreasonable results. According to the RF method, building material structure type (MS) and enclosure type (FT) are relatively most important, while building age (AG) and number of building stories (FL) are relatively least important. Compared with AHP method, the RF method presents polarized weight values, i.e., the important indicators have larger weight values, such as MS and FT, while the unimportant ones have smaller weight values, such as FL. The analysis results of the RF method are easily affected by the quality of collected samples. The small number of samples used in this study as well as the concentration of building types may affect the results of variable importance, which may lead to a deviation between the calculated importance of the indicators and the actual importance. The shortage of sample size is a limitation of this study, and more sample data of the affected buildings need to be collected in the future to improve the results. In addition, the field survey data set does not contain data of flood intensity and debris factor indicator, and only the importance analysis of building vulnerability indicators has been carried out. Further disaster data should be collected. The flood inundation characteristics can be obtained by accurate restoration simulation of flood scenarios, and relevant indicators data in disaster data sets can be supplemented to carry out a more comprehensive analysis.
[image: Figure 14]FIGURE 14 | Vulnerability indicator weights obtained by the three methods.
The two methods, AHP and RF, have less divergence in judging the importance ranking of indicators, and the main differences are reflected in the specific weight values. The combination weight result obtained by the game theory method (GT) is more similar to that of RF, because the ratio of AHP to RF is determined by the weight combination coefficient reaching Nash equilibrium, and the combination coefficient corresponding to RF weight is greater than that of AHP. GT method makes some abnormal values more reasonable by increasing the weight of the MS and FT indicator of AHP, as well as increasing the weight of the AG and FL indicators of RF. Thus, the combined weights based on the GT method overcome the problem of the one-sidedness of single weights and the results are more reasonable.
In addition, the way of acquiring and processing indicator data will affect the accuracy of risk calculation results and the efficiency of the whole evaluation process. In the flood hazard modeling of this study, hydrological and hydrodynamic methods are used to obtain parameters such as inundation extent, water depth, and flow velocity in the assumed flood scenario. The flood simulation adopted high-precision terrain and generalizes the water blocking effect of individual buildings by building hole method, which can more accurately simulate the effect of flood on buildings on the microscopic scale. The modeling approach provides more accurate values for flood hazard indicators, which in turn improves the accuracy and rationality of the risk calculation results. In the process of building vulnerability dataset creation, the data of building vulnerability indicators are mainly collected through the combination of virtual survey based on unmanned aerial survey and remote sensing technology as well as building census data. Although the 3D real scene model may have the problem of the low resolution of local images and needs to be verified with the aid of some field research photos, the building information collection time is greatly reduced and the efficiency is significantly improved compared with manual field collection, which proves the feasibility of this data collection method, and is conducive to the promotion of risk assessment methods in this study.
The analysis of the flood risk results shows that the risk of flash flood to buildings can be reduced by controlling the flood hazard and reducing the vulnerability of buildings. For the first approach, flood control engineering measures such as reinforcing some substandard dike in the Xi River and Zhong River are required to reduce the extent and frequency of flood inundation of building areas. For the second method, measures to reduce the vulnerability of buildings include relocation, optimization, and improvement of building structures and construction of protective facilities attached to buildings such as fences (Wei et al., 2021) to increase the resilience of buildings to flooding.
6 CONCLUSION
This study proposed an indicator-based methodological framework to assess the flood risk of rural buildings in mountainous areas. The main findings are as follows.
In the flood risk indicators, the flood hazard indicators which combines flood intensity (FI) and debris factor (DF) performs better than the traditional indicator of flood hazard such as water depth used in the previous studies. The FI and DF indicators can better reflect the disaster-causing characteristics of floods to buildings in mountainous areas of southwest China. Another contribution of this paper is to combine analysis hierarchical process weights with random forest algorithm weights through game theory, which solves the subjectivity problem of previous indicators and makes the weights of indicators more reasonable.
The quantitative calculation method proposed in this study is applied to assess the flash flood risk of buildings in Jiecun Village, a typical mountainous rural settlement in southwest China. The results showed that in the flood scenarios with the 50- and 100-year return period, 97% and 92% of the flooded buildings in the study area are at low and medium risk, signifying an overall low risk level. The inundation zone with the highest overall flood risk of buildings is Zone I on the right bank of the Xi River. The results highlight this method can not only achieve quantitative assessment of the overall risk of buildings in the inundation area, but also manage to identify buildings with different risks, providing reference for implementing different disaster response measures.
Despite some limitations and uncertainties in the risk assessment process, the methodological framework still has good application value for flood mitigation decisions to buildings. The effective management of flood risk of buildings will be achieved through the implementation of both hazard risk mitigation and vulnerability reduction measures, such as raising the standard of the dike, renovating building structures, and constructing building accessory protection facilities, to ensure that the FRI of buildings is below a certain threshold value.
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