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Abstract

:

Metro systems have become high-risk entities due to the increased frequency and severity of urban flooding. Therefore, understanding the flood risk of metro systems is a prerequisite for mega-cities’ flood protection and risk management. This study proposes a method for accurately assessing the flood risk of metro systems based on an improved trapezoidal fuzzy analytic hierarchy process (AHP). We applied this method to assess the flood risk of 14 lines and 268 stations of the Guangzhou Metro. The risk results validation showed that the accuracy of the improved trapezoidal fuzzy AHP (90% match) outperformed the traditional trapezoidal AHP (70% match). The distribution of different flood risk levels in Guangzhou metro lines exhibited a polarization signature. About 69% (155 km2) of very high and high risk zones were concentrated in central urban areas (Yuexiu, Liwan, Tianhe, and Haizhu); the three metro lines with the highest overall risk level were lines 3, 6, and 5; and the metro stations at very high risk were mainly located on metro lines 6, 3, 5, 1, and 2. Based on fieldwork, we suggest raising exits, installing watertight doors, and using early warning strategies to resist metro floods. This study can provide scientific data for decision-makers to reasonably allocate flood prevention resources, which is significant in reducing flood losses and promoting Guangzhou’s sustainable development.
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1. Introduction


Floods cause billions of dollars of damage each year [1,2,3]. Between 1980 and 2013, the global direct economic losses from floods exceeded $1 trillion (2013 values), and more than 220,000 people lost their lives [4]. In recent years, urban areas have faced global flood risk challenges due to extreme weather, rapid urbanization, and climate change, which has been increasing both in severity and frequency worldwide, increasing risks to human lives, health, properties, infrastructure, and the environment [5,6]. By 2050, the global urban population will grow from the current value of 55% to 68%, and the global urban land area will increase by more than 1.5 million km2, which means that a large number of properties will be concentrated in increasingly dense urban areas [7]. Related studies have shown that global flood risk is expected to increase about 187% by 2050 based on predicted changes in the flood peak return periods [8]. In addition, developing countries face more severe flood challenges than developed countries, especially Chinese cities undergoing rapid urbanization [9]. For example, 5 of the top 20 coastal port cities worldwide in terms of average annual flood losses are located in China [5]. Therefore, it is indispensable to understand how to live with urban floods and mitigate flood risk for sustainable development in cities [10].



Rapid urban expansion has accelerated the development of underground space [11,12,13]. As a key underground infrastructure, metro systems play an irreplaceable role in alleviating traffic congestion in mega-cities [11]. However, increasing urban flooding not only overwhelms people and property on the ground, but also greatly threatens the safe operation of metro systems [14,15]. Recently, the frequency and intensity of metro flooding incidents have shown an aggravating trend [14]. In 2021 alone, many metropolitan areas in the world experienced severe metro flooding. For example, on July 18, floodwater caused by torrential rain encroached on the tunnel from Shakoulu and Haitansi stations on Zhengzhou metro line 5. The flood in the metro reached people’s necks, causing 14 deaths and 5 injuries among the more than 500 trapped people. On 30 July, a flood occurred at Shenzhoulu station on Guangzhou metro line 21, resulting in the suspension of operations at six metro stations for seven hours; the direct economic loss was 911,500 yuan. In London, 30 of the 270 tube stations across the network were closed 38 times in 2021 due to flooding incidents; a total of 66 stations have reported flooding incidents in the past seven years. On September 1, extreme precipitation caused by hurricane Ida flooded many subway tunnels in New York, and much of the MTA (Metropolitan Transportation Authority) system was shut down. There is no doubt that metropolitan subway systems are at high risk of urban flooding [16]. Thus, assessing the flood risk of metro systems in mega-cities is a looming challenge. Figure 1 shows real scenes of subway flooding in Zhengzhou (a), Guangzhou (b), New York (c), and London (d).



However, systematic flood risk assessment studies of metro systems in mega-cities are currently lacking. Previous research has focused on flood risk evaluation at the provincial administrative region or basin scale. For example, Wang et al. performed a study on flood risk assessment in the Beijing-Tianjin-Hebei metropolitan area using the fuzzy synthetic evaluation method [17]. Pham et al. evaluated the flood risk level in the Quang Nam province of Vietnam based on a hybrid artificial intelligence model integrated with multi-criteria decision analysis [18]. Lai et al. used an ant colony algorithm to assess the flood risk level of the Dongjiang River basin based on 14 risk indicators [19]. Furthermore, flood studies on the urban scale concentrated on road networks’ vulnerability and community inundation simulations [20]. Zhang et al. analyzed the road network’s vulnerability in the Chebei watershed in Guangzhou based on the simulated water depth of the SWMM (stormwater management model) [21]. Kittipongvises et al. analyzed the flood hazard based on the AHP-GIS method for communities near the world heritage site on Ayutthaya Island, Thailand [22]. Due to the different study subjects and spatial scales, the above studies failed to identify high-risk lines and stations; however, this is the prerequisite and basis for the risk management of metro systems [15]. Hence, there is an urgent need to develop a reasonable risk indicator system and an accurate model for flood risk assessments for metro systems.



Moreover, risk is inherently a three-dimensional concept associated with non-profitability, uncertainty, and complexity [23]. In risk science, the geographic, meteorological, remote sensing, and statistical information employed to present these hazards is characterized by multiplicity, complexity, uncertainty, and a diversity of assessment approaches, making risk assessment a worldwide challenge in the fields of natural sciences and technology [17,23]. At present, the analytic hierarchy process (AHP) is widely applied in many fields and has proven to be a helpful method for assigning weight to risk indicators [24,25,26]. However, pairwise comparisons between indicators in the traditional AHP are limited to single crisp numbers, which ignores the uncertainty and ambiguity of experts’ judgment [17,23,27]. In addition, the traditional AHP features two apparent shortcomings in real applications: (a) the complexity of pairwise comparisons and (b) the inconsistency of the judgment matrix. More intuitively, the risk assessment process requires 45 pairwise comparisons for 10 indicators and 190 repetitions for 20 indicators. Experts are therefore prone to making important judgments that are incorrect. Of course, the indicator weights derived from incorrect judgment matrices are not true. These issues are the main obstacles to obtaining accurate risk level maps.



Based on the above analysis, the main objectives of this paper are (1) to propose an accurate flood risk assessment method for metro systems based on improved trapezoidal fuzzy AHP, (2) to address two significant drawbacks in the application of the traditional AHP mentioned above, (3) to assess the flood risk of the Guangzhou metro system employing the proposed assessment method, and (4) to verify the accuracy and feasibility of the proposed method based on historical flood records and field survey data and to suggest flood prevention measures. This study is expected to provide a reference for flood prevention and risk management for metro systems in the study area and beyond.




2. Materials and Methods


2.1. Study Area


Guangzhou is located on the southeast coast of China and is the core city of the Greater Bay Area (Figure 2) [28]. It comprises 11 districts, covering an area of 7434 km2, with a population of 16.68 million in 2020 [29]. The city features a maritime subtropical monsoon climate [28]. The average annual precipitation ranges from 1600 to 1900 mm, of which 80% is concentrated in April–September. This feature makes Guangzhou highly susceptible to urban floods. Guangzhou is surrounded by low mountains to the north and coastal alluvial plains to the south. Moreover, the widespread distribution of active faults, karst landform, and Quaternary sediments (soft soil layers) triggers severe land subsidence and frequent geological disasters (e.g., collapse, landslides) in Guangzhou [30].



Rapid urbanization has accelerated the construction of the Guangzhou metro system. As of 2020, the Guangzhou metro consisted of 14 lines and 268 stations and operated 589.4 km of lines (Figure 2). There were 11 metro lines under construction, with a total mileage exceeding 270 km. Recently, Guangzhou suffered several major urban floods, which resulted in severe metro flooding. For example, surface flooding poured into Shenzhoulu station on 30 July 2021 (Figure 1b). This incident resulted in the suspension of operations at six stations on metro line 21 for seven hours, with direct economic losses of 915,000 yuan. On 22 May 2020, surface flooding invaded the metro tunnels of line 13 from Guanhu, Nangang, and Xinsha stations, resulting in the shutdown of the entire line. The metro stations that experienced flooding are marked with red dots in Figure 2. Thus, metro flooding has become a major obstacle to sustainable development in metropolitan areas, and its risk assessment is a significant factor in minimizing losses.




2.2. Flood Risk Assessment Model


There is no consistent definition of the concept of risk, even though it is a globally used concept [31,32]. Risks are described in many different ways in previously published studies. For example, some definitions of risk are based on mathematical concepts, such as probability, chance, expected values, or exceedance probability [33]. According to the Fifth Assessment Report (AR5) of the Intergovernmental Panel on Climate Change (IPCC), we consider the metro flood risk as a function of hazard, exposure, and vulnerability, which results from the interaction of these three factors [34,35]. Therefore, metro flood risk is expressed as follows:


  M e t r o   f l o o d   r i s k = f   H a z a r d , E x p o s u r e , a n d   V u l n e r a b i l i t y    



(1)




where hazard indicates natural and human-induced physical events that may cause damage to the metro system; exposure refers to livelihoods, assets, and other resources that are adversely affected; and vulnerability encompasses a variety of concepts, including sensitivity or susceptibility to harm and lack of capacity to cope and adapt.



Due to the varying importance of the different indicators, metro flood risk is redefined as a combination of different indicators and their weights (Equation (2)).


  M F R = α   ∑   i = 1  n   H i   W h  + β   ∑   j = 1  n   E j   W e  + γ   ∑   k = 1  n   V k   W v   



(2)




where MFR represents metro flood risk. The values α, β, and γ are the weights of hazard, exposure, and vulnerability factors, respectively. The values Hi, Ej, and Vk denote the hazard, exposure, and vulnerability indicators’ secondary indicators. The values Wh, We, and Wv indicate the weights of the secondary indicators. The weight of each indicator is determined based on the improved trapezoidal fuzzy AHP proposed in this paper. Next, the regional flood risk map is generated based on the weights and normalized indicator layers (raster layers with a resolution of 100 × 100 m) and, eventually, produce the flood risk map of the metro system. Figure 3 presents the procedure of flood risk assessment for metro systems.




2.3. Risk Indicator System and Data


Based on the risk model and field survey, we selected 23 risk indicators from hazard, exposure, and vulnerability to establish a risk assessment indicator system for metro systems. The detailed data sources for these indicators are shown in Table A1.



2.3.1. Hazard Indicator


The hazard assessment comprised seven indicators. The rainstorm intensities (H1 and H2) and average annual precipitation (H6) were generated from the daily precipitation data provided by the Guangzhou Meteorological Bureau. We created raster layers of rainstorm intensities and average annual precipitation using kriging interpolation in ArcGIS (Figure 4a–c). The 128 waterlogging points (H3) were derived from historical flood records and the People’s Government of Guangzhou Municipality (Figure 4d). The frequency of major floods in Guangzhou during 975-2017 C.E. was counted through the Historical Materials of Natural Disasters in Guangdong Province and the Yearbook of Disaster Prevention and Mitigation of Guangdong Province. Figure 4e and Table 1 show the spatial distribution of the historical flood frequency (H7) and its danger rating.



The land subsidence (H4) and other geological hazard (H5) data were obtained from GeoCloud. The hazard level of the land subsidence was graded according to the deposition thickness of the Quaternary soft soil layer. According to the analysis of geological boreholes, soft soils were mainly distributed in the delta plain to the south of Guangzhou, i.e., along both sides of the Pearl River (≤10 m), Panyu (10–20 m), and Nansha district (20–40 m). The geological hazard data included collapse, landslide, and Karst collapse in our study, among which karst collapse exerts the most significant effect on the safety of metro tunnels [8,30]. Figure 5a,b show the hazard level distribution of the land subsidence and other geological hazards.




2.3.2. Exposure Indicator


Eight indicators were employed to analyze the exposure level of the Guangzhou metro system. The station exit numbers (E1) are from the official website of Guangzhou Metro. The metro station density (E2) layer was generated using the point density analysis in ArcGIS with a search radius of 5 km [36]. Figure 6a,b show the spatial distribution of the density and exit numbers of Guangzhou metro stations. The land cover (Figure 6c) in 2020 was extracted from the GlobeLand30 dataset. Subsequently, the flood susceptibility levels (E7) (Figure 6d) were ranked according to the runoff coefficients of different land-use types [37,38].



The elevation data originated in the Geospatial Data Cloud. We performed a slope analysis and resampling of the raw data using ArcGIS to obtain the DEM (E3) and slope (E4) raster layers with a spatial resolution of 100 × 100 m (Figure 7a,b). The river network was obtained from the basic geographic data of the National Geomatics Center of China with a scale of 1:250,000 (2017 version). Employing the line density and proximity analysis of ArcGIS, the river network density (E5) and distance-to-river (E6) layers were created [17] (Figure 7c,d). The fault data, including active fracture zones during the Late Pleistocene and Quaternary, were provided by GeoCloud. The raster layer of the distance to fault (E8) (Figure 7e) was generated using ArcGIS proximity analysis [31].




2.3.3. Vulnerability Indicator


The vulnerability assessment includes eight indicators. The daily passenger flow (V1) and metro lines were from the official website of the Guangzhou Metro (Figure 8a,b). The metro line density (V2) layer was created using the line density analysis in ArcGIS with a search radius of 2 km (Figure 8b). The data on the proportion of elderly and children (older than 60 or younger than 18, V7) were obtained from the Guangzhou Statistical Yearbook (2020) (Figure 8c). The education level (V8) data were sourced from the sixth population census from 2010. Figure 8d shows the percentage of the population with an education level of high school degree or higher.



The population and gross domestic product (GDP) data were derived from the Guangzhou Statistical Yearbook (2020). Figure 9a,b demonstrate the spatial distribution of the permanent population density (V3) and GDP density (V4). The road network data were obtained from the basic geographic data of the National Geomatics Center of China at a scale of 1:250,000 (2017 version). As shown in Figure 9c, we calculated the length of the roads using a 1 × 1 km fishnet and eventually created the road network density layer (V5). The distances to the road network (V6) shown in Figure 9d were generated using proximity analysis in ArcGIS [31].





2.4. Improved Trapezoidal Fuzzy AHP


Fuzzy set theory is a generalization of classical set theory, which provides a powerful tool for dealing with uncertainty in a decision-making system [23]. This paper used trapezoidal fuzzy numbers to collect expert opinions and construct indicators’ judgment matrix [27]. The trapezoidal fuzzy number can be defined as m = (a, b, c, d), and its membership function μm is expressed as follows:


   μ m   x  =       0                     x ≤ a   o r   x ≥ d           x − a   b − a                               a ≤ x ≤ b           d − x   d − c                               c ≤ x ≤ d         1                                       b ≤ x ≤ c          



(3)




where a and b are the lower and upper limits of m, and b and c are the interval variables of m. As shown in Figure 10, the crisp values, interval numbers, and triangular fuzzy numbers are special cases of trapezoidal fuzzy numbers [39]. Therefore, the trapezoidal fuzzy numbers feature more extensive adaptability in decision-making for complex problems.



2.4.1. New Questionnaire and Judgment Matrix Building Method


The collection of valuable expert opinions is a key step in the AHP approach. However, two significant drawbacks in the traditional AHP questionnaire (complexity of pairwise comparisons and judgment matrix inconsistency) hamper the availability of accurate risk assessment results. Based on this, we designed a new questionnaire to enable researchers to collect experts’ opinions and construct a consistent judgment matrix effectively (Table A2). Significantly different from the traditional AHP (Table A3), the numbers 1–9 in the new questionnaire are defined as an indicator’s direct contribution or importance to the risk results of this criterion. The new questionnaire asks experts to score indicators within the criterion using numbers 1–9 instead of providing the relative importance between any two indicators. In addition, the fine increments in the scoring system enable experts to capture subtle changes in an indicator’s contribution to flood risk.



The new questionnaire needs to abide by two fundamental rules. First, experts are required to use whole numbers in the range of 1–9 when scoring the indicators. Second, it is suggested that each expert assign different scores to different indicators in the same criterion. The latter is to distinguish the different importance levels between indicators adequately. If an expert assigns the same score to two or even more indicators in a criterion, researchers need to make appropriate adjustments based on the scoring of other experts, except, of course, for special cases in which all the indicators in the criteria are equally important. Therefore, if the number of indicators in the criterion is less than 10, experts are encouraged to assign different scores to different indicators; if there are less than 19, experts can award the same score to both indicators, and so on.



We extended the new questionnaire to the trapezoidal fuzzy AHP. Next, fuzzy judgment matrices were established according to the collected questionnaires and trapezoidal fuzzy linguistic variables (Table A4). Due to the differences in risk perception, a threshold exists for multiple experts to score the importance of the same indicator. As shown in Table A5, the scores for H1 (rainstorm intensity, daily precipitation ≥ 100 mm) and H3 (waterlogging points) are 7–9 and 4–7, respectively. Based on this, the relative importance of H1 to H2 can be calculated by the interval numbers, i.e.,      H 1     H 2    =   7 − 9   4 − 7    . Furthermore, it should be noted that the number of votes for each score in the questionnaire also affects the weight calculation. Taking the scoring threshold for indicator H1 (7–9) as an example, 17 experts (70.83%) in the questionnaire scored 9, and only two experts (8.33%) scored 7.



To adequately account for the majority of the experts’ ratings (as this may be more reasonable), we proposed the synthetic importance index of indicators, which is expressed in Equation (4):


  S I =   ∑  1 9  x ·  r x   



(4)




where SI represents the indicator’s synthetic importance index; x indicates all scores appearing in the rating interval for an indicator and is integers belonging to 1–9; and rx refers to the ratio of the number of expert votes at score x to the number of valid votes. Next, we defined the relative importance of the indicator Ii to Ij using Equation (5).


  R  I  i j     ′  =    I i     I j    =   S  I i    S  I j     



(5)




where RIij′ indicates the relative importance of indicator Ii to Ij. We constructed the judgment matrix by selecting the trapezoidal fuzzy number based on the value of RIij′. If RIij′ is a fraction, then the trapezoidal fuzzy number adjacent to the left and right of RIij′ was chosen. SI is the synthetic importance indices derived from Equation (4).




2.4.2. Steps of Improved Trapezoidal Fuzzy AHP


Based on the new questionnaire and judgment matrix building method proposed in this paper, the steps of the improved trapezoidal fuzzy AHP are as follows.



Step 1: The relative importance of the indicators is calculated based on the expert questionnaire results (Table A5) using Equations (4) and (5). Next, the trapezoidal fuzzy judgment matrix (Fij)n×n (Equation (6)) is established by replacing the RIij′ values using the trapezoidal fuzzy linguistic variables in Table A4:


       F  i j       n × n   =       R  I  11     ′     ⋯    R  I  1 n     ′       ⋮   ⋱   ⋮      R  I  n 1     ′     ⋯    R  I  n n     ′        =         1 , 1 , 1 , 1      ⋯       a  1 n   ,  b  1 n   ,  c  1 n   ,  d  1 n          ⋮   ⋱   ⋮         1   d  n 1     ,  1   c  n 1     ,  1   b  n 1     ,  1   a  n 1     ,      ⋯      1 , 1 , 1 , 1          



(6)







Step 2: The trapezoidal fuzzy matrix is converted into a concise matrix using the center of gravity method proposed by Delgado et al. [40]. Subsequently, the consistency ratio is used to test the concise matrix’s consistency. It can be expressed by Equations (7) and (8) [17,27]:


  C R =   C I   R I    



(7)






  C I =      λ  m a x   − n     n − 1    



(8)




where CR is the consistency ratio. The trapezoidal judgment matrix is consistent if CR of the concise matrix is less than 0.1. The values CI and RI indicate the consistency index and average random consistency index, respectively. λmax is the maximum eigenvalue of the concise judgment matrix. n is the number of evaluation indicators.



Step 3: According to the trapezoidal fuzzy judgment matrix, the fuzzy weight vector       v ⇀  i      of the indicators is calculated using Equations (9)–(11):


     v i   ⇀  =      α i   δ  ,    β i   γ  ,    γ i   β  ,    δ i   α     



(9)




where


   α i  =     ∏   j = 1  n   a  i j     ,  β i  =     ∏   j = 1  n   b  i j     ,  γ i  =     ∏   j = 1  n   c  i j     ,  δ i  =     ∏   j = 1  n   d  i j      



(10)






  α =   ∑   i = 1  n   α i  , β =   ∑   i = 1  n   β i  , γ =   ∑   i = 1  n   γ i  , δ =   ∑   i = 1  n   δ i   



(11)




The values aij, bij, cij, and dij are the fuzzy judgment matrix elements.



Step 4: The fuzzy weight vectors of the indicators are defuzzified using Equation (12) and then normalized by Equation (13) [40]:


  D      v i   ⇀    =       a                                                             a = b = c = d          c 2  +  d 2  + c d −  a 2  −  b 2  − a b   3   c + d − a − b                                       o t h e r w i s e        



(12)






   w i  =   D      v i   ⇀        ∑   i = 1  n  D      v i   ⇀       



(13)







Finally, the weights of the indicators W = (w1, w2, …, wi).




2.4.3. Application


In this study, 38 questionnaires were distributed and 33 questionnaires were successfully returned, of which 24 were valid and 9 were invalid. The objects of the questionnaire distribution included professors, engineering geology experts, designers, engineers, construction workers, and emergency managers. We use the hazard criterion layer as an example to elucidate the weight calculation process of the improved trapezoidal fuzzy AHP. According to Table A5, the trapezoidal fuzzy judgment matrix of the hazard indicators was built (Equation (14)):


   F  h a z a r d   =          H 1     H 1       ⋯       H 1     H 7         ⋮   ⋱   ⋮         H 7     H 1       ⋯       H 7     H 7          =         1 ~ 4   1 ~ 4      ⋯      7 ~ 9   1 ~ 4        ⋮   ⋱   ⋮        1 ~ 4   7 ~ 9      ⋯      7 ~ 9   7 ~ 9          



(14)







The relative importance between the indicators was calculated using Equations (4)–(6). The trapezoidal fuzzy numbers from Table A4 were employed to replace the relative importance values (Equation (15)):


   F  h a z a r d   =      1   ⋯    5 ′      ⋮   ⋱   ⋮           1 5     ′     ⋯   1      =         1 , 1 , 1 , 1      ⋯       3 2  ,   13  7  , 3 , 4        ⋮   ⋱   ⋮         1 4  ,  1 3  ,  7  13   ,  2 3       ⋯      1 , 1 , 1 , 1          



(15)







Subsequently, we converted the Fhazard into a concise matrix using the center of gravity method [40]. The consistency ratio of the concise matrix was 0.0347 < 0.1. The fuzzy weight vectors of the hazard indicators were calculated using Equations (9)–(11). Ultimately, we defuzzified the fuzzy weight vectors employing Equations (12) and (13) and obtained the hazard indicators’ weights. Similarly, the weights of the exposure and vulnerability indicators were calculated using the same process (Table 2). We also calculated the weights of the indicators using the traditional trapezoidal fuzzy AHP method.






3. Results


3.1. Regional Flood Risk Level of Guangzhou


The regional flood risk level was eventually generated based on the normalized indicators indices and weights obtained using the improved trapezoidal fuzzy AHP. Figure 11 shows the overall spatial pattern of the regional flood risk level in Guangzhou: a high level in the south and a low level in the north. Specifically, the very high and high risk levels were mainly located in the central urban areas (Yuexiu, Liwan, Tianhe, and Haizhu), the center and south of Zengcheng, the south of Huangpu, and the central part of Nansha. With the exception of these areas, the spatial distribution of the very high and high risk levels in other districts was affected by the road network and presented ribbon features, such as in Baiyun, Huadu, Conghua, and Panyu. The medium risk was distributed around the very high and high risk areas and featured the most extensive area. The very low and low risk areas were mainly situated in the mountainous areas of Huadu, Conghua, Zengcheng, and Baiyun, of which Conghua featured the maximum area.



Forty surveyed historical flood disaster points were employed for the validation of the regional flood risk map. We spent 14 days investigating these disaster sites and checked the locations using high-precision GPS. These disaster points included human casualties, building collapses, flooded communities, and submerged infrastructure. The collected flood point data were then overlain with the risk assessment results in ArcGIS for analysis [36]. By comparison, 36 (90%) of the 40 surveyed flood sites matched the assessment results’ very high and high risk levels; the remaining four points were located in the medium risk zone. This comparison indicates that regional risk assessment results based on the improved trapezoidal fuzzy AHP are accurate. It also demonstrates that the indicator system we selected is reasonable.




3.2. Flood Risk Level of the Guangzhou Metro System


3.2.1. Overall Spatial Pattern of Flood Risk


Flooding in metro stations and tunnels is mainly due to the encroachment of surface flooding in the vicinity of metro lines. Accordingly, we determined a 500 m buffer range around the metro line to represent the metro system’s flood risk. The flood risk level of the metro system was extracted from the regional risk level map of Guangzhou. In addition, the Jenks optimization method was used to categorize the flood risk levels of the metro system [41,42]. This method is a data clustering approach that reduces intra-class variances and maximizes inter-class variances according to data attributes. To meet the need for flood prevention and mitigation, we finally classified the flood risk of the Guangzhou metro system into five levels: very high, high, medium, low, and very low.



As shown in Figure 12, the flood risk level of the Guangzhou metro system shows a distribution pattern of high in the middle and low in the north and south. The very high risk level was mainly concentrated in central urban areas (Yuexiu, Liwan, Tianhe, Haizhu), which covered 54.47 km2, accounting for 88.66% of the Guangzhou metro system’s total very-high-risk zones (61.44 km2). The other districts demonstrated a spotty distribution pattern of very high risk levels, with an area of 6.97 km2, occupying only 11.34% of the total area of very high risk in the Guangzhou metro system. There were no very high risk zones distributed in Huadu and Conghua. The high risk zone in the central urban area was 51.96 km2, comprising 55.80% of the total high-risk area of the Guangzhou metro. The high-risk levels in the other districts exhibited a patchy distribution pattern with an area of 41.16 km2 (44.20% of the total high-risk zone). It should be emphasized that 74.11% of the central urban area (106.43 km2) is at very high and high risk, which constitutes 68.86% of the total very high and high risk area (154.56 km2) in the Guangzhou metro system. Hence, there is a high potential flood threat in the central urban area of Guangzhou.



The medium risk was widely distributed in all Guangzhou’s districts, except for Conghua. Four districts, Baiyun, Huangpu, Panyu, and Zengcheng, accounted for 64.26% (75.60 km2) of the total medium-risk area in the Guangzhou metro system. The Very low and low risk distribution was concentrated in suburban districts, such as Baiyun, Huangpu, Panyu, Conghua, and Huadu. These five districts of very low and low risk covered 165.55 km2, making up 87.16% of the Guangzhou metro system’s total very low and low risk area. For clarity, we plotted the area distribution of different flood risk levels in each district of Guangzhou (Figure 13a). Furthermore, we calculated the proportional area of different risk levels in each district to the total area of the corresponding level in the Guangzhou metro system (Figure 13b). The overall flood risk pattern of the metro system is a critical reference for urban planning and the preparation of emergency plans, which is of great practical importance for flood mitigation in urban areas.




3.2.2. Flood Risk Level of Metro Lines


To support decision makers to better implement flood risk management, we determined the flood risk levels of 14 metro lines in Guangzhou. Overall, the areas of the Guangzhou metro system’s very high, high, medium, low, and very low flood risk levels were 85.97 (16.95%), 103.45 (20.40%), 122.55 (24.16%), 123.54 (24.36%), and 71.74 km2 (14.14%), respectively. The medium-to-very-high-risk zone covered 61.51% of the total area, indicating a severe flood threat to the Guangzhou metro system. At this point, it should be pointed out that we double-counted the flood risk area of the transfer stations as it is contained in different metro lines simultaneously.



Figure 14 reveals the area composition of the different flood risk levels for each metro line in Guangzhou. The area distribution of the different flood risk levels in the metro lines exhibits a polarization signature. This characteristic is mainly manifested in two aspects: (a) a certain flood risk level tends to be concentrated on one or several metro lines; (b) the area of different flood risk levels for each metro line is also unevenly distributed. For example, the very-low-risk zone of line 14 occupied 49.02% of the total area of the corresponding risk level in the Guangzhou metro system. Regarding the risk components on line 14, the total area of very low and low risk was 95.70% of this metro line, whereas the area of very high and high risk levels was close to zero. In addition, the very high flood risk level was concentrated on metro lines 1–6, which comprised a total area of 70.13 km2, accounting for 81.60% of the very-high-risk level area of the entire metro system.



The high flood risk level was mainly distributed in metro lines 3–6, 8, 13, and 21, making up 85.10% of the metro system’s total area of this risk level. Although a medium risk level was observed on all metro lines, its area distribution was also consistent with the two characteristics described above. The medium risk aggregated on metro lines 3, 4, 6, 13, and 21. The total area of very high and high risk plays a dominant role in the overall risk level of a metro line. Thus, we ranked the overall risk level of metro lines based on the ratio of the sum of each metro line’s very high and high risk to the total area of the corresponding risk in the Guangzhou metro system. The three metro lines with the highest overall risk were lines 3, 6, and 5. By contrast, metro lines 7, 9, and 14 featured the lowest overall risk level. The analysis of the flood risk level of each metro line enables timely emergency response and the implementation of flood prevention measures to reduce casualties and losses before the onset of heavy rainfall and floods.




3.2.3. Flood Risk Level of Metro Stations


In addition to the 15 stations of the Guangfo line (Xinchengdong to Financial Hi-Tech Zone) in Foshan city, Guangzhou features 268 metro stations, including 192 regular stations and 38 transfer stations (https://www.gzmtr.com/, accessed on 11 December 2021). Except for Jiahewanggang (the transfer station for lines 2, 3, and 14) and Xinhe (the transfer stations for two sections of line 14), the remaining transfer stations are the intersections of two different metro lines. Figure 15 illustrates the flood risk level distribution of stations on each metro line in Guangzhou. The number of metro stations with very high, high, medium, low, and very low flood risk levels in the Guangzhou metro system were 104 (38.81%), 55 (20.52%), 64 (23.88%), 37 (13.81%), and 8 (2.99%), respectively. Specifically, the metro stations at very high risk were mainly located on line 6 (15), line 3 (15), line 5 (13), line 1 (13), and line 2 (12). Although the APM line featured fewer very high risk stations than the above lines, all of its stations were very-high-risk. The high-risk stations were primarily distributed on metro line 8 (9), line 6 (9), and line 5 (8). Moreover, the low-risk stations were concentrated on metro line 14 (15), accounting for 40.54% of the Guangzhou metro system’s total low risk stations. The number of very-low-risk stations was relatively small and was distributed exclusively on metro line 7 (2), line 14 (2), Guangfo line (2), line 9 (1), and line 21 (1).



To facilitate the assessment of the risk results and flood risk management, we marked the flood risk levels of 268 stations on the latest Guangzhou metro map, which was from the official website of the Guangzhou Metro (https://www.gzmtr.com/, accessed on 11 December 2021). This map is strictly a schematic diagram of metro lines and not a geographical map. As shown in Figure A1, the flood risk levels of the metro stations were roughly distributed in a circular pattern, with a decreasing trend of risk levels from the center (central urban area) to the periphery. Moreover, the transfer stations featured relatively high flood risk levels. For example, 30 (78.94%) of the 38 transfer stations were very-high- or high-risk, and 37 (97.37%) fell in the very-high- and medium-risk categories. Therefore, we inferred that the increasing complexity of the metro system due to rapid construction will significantly exacerbate its flood risk level in the future. Historical metro flooding incidents have also demonstrated that when flooding occurs at a regular station, it usually influences adjacent stations on that line; if metro flooding occurs in a transfer station, it may impact multiple metro lines and stations and cause greater losses. Identifying the risk level of metro stations is recommended for the reasonable configuration of flood prevention facilities.





3.3. Result Verification


The risk assessment results were validated using reported historical metro floods and flood marks from field surveys. The ten flooded metro stations were superimposed on the risk assessment results in ArcGIS [17]. The locations of these metro stations are marked in Figure 12 (black dots) and Figure A1 (blue italics). The comparative analysis found that five of the ten flooded metro stations coincided with very high risk in the assessment results; four stations were consistent with the high risk level; one station fell in the medium risk zone. That is, 90% of the ten flooded metro stations matched the assessment results’ very high and high risk levels.



The assessment results not only identified flooded metro stations in the central urban, but, more importantly, they improved the screening of the flooded suburban metro sections and stations. For example, extreme precipitation occurred in Huangpu and Zengcheng during 21–22 May 2020, with maximum rainfall intensities of 245.2 and 302.2 mm in 180 min, respectively, and their recurrence periods exceeded 100 years [43]. Surface flooding rushed into the tunnels of metro line 13 from Guanhu, Xinsha, and Nangang stations. As a result, parts of the tunnels from Nangang to Xinsha were submerged, and the whole of line 13 was shut down. As shown in Figure 12, our risk assessment results accurately identified sections of metro line 13 from Nangang to Xinsha as very-high- and high-risk zones (dark red circles). Three stations with very high and high risk, Nangang, Xinsha, and Guanhu, were also identified. The above analysis fully demonstrates that the flood risk assessment results of the Guangzhou metro system based on the trapezoidal fuzzy AHP is accurate and reliable.





4. Discussion


4.1. Risk Indicator System Analysis


The hazards associated with disaster-causing factors are essential drivers of risk. In particular, extreme precipitation is a direct cause of metro flooding. In this study, we used different rainstorm intensities (H1 and H2) to analyze the impact of extreme rainfall on metro flood risk. Additionally, our field surveys found that flooding occurs in low-lying metro stations, even without extreme precipitation. Accordingly, the average annual precipitation was also incorporated into the hazard indicator system. Urban flooding and waterlogging are the primary causes of metro flooding [44]. We also considered the effect of waterlogging points in the risk assessment process. Historical flood frequency is the possibility of floods in an area, and its higher frequency may indicate greater damage caused.



Guangzhou is located in the Pearl River delta, which features relatively thick Quaternary sediments and karstic geomorphic development [45]. The deformation and collapse of metro tunnels caused by land subsidence (including karst subsidence) seriously affect the safe operation of Guangzhou metro [8,42]. For example, water and sand gushed into the Culture Park station of metro line 6 due to land subsidence on 28 Jan 2013. Moreover, geological hazards caused by heavy precipitation (disaster chains) and the simultaneous occurrence of heavy rainfall and geological hazards (disaster compound occurrences) can significantly increase the flood risk of the metro system [46]. As a result, we selected indicators related to precipitation and geology to comprise the indicator system for hazard evaluation.



The exposure indicators used in risk assessments mainly comprise disaster-causing environmental factors [46]. Field surveys and historical metro flooding incidents indicate that stations are the main channels for surface flooding into metro tunnels [44,47]. In other words, the more stations and exits on a metro line, the greater the likelihood of a metro flooding. In addition, the spatial distribution of metro stations can also impact the flood risk level of metro systems. If a rainstorm is heavy enough, floodwater entering a metro station may follow the tunnel into other stations and lines. For example, on 7 May 2010, flooding at Yantang station (line 3) affected the adjacent Linhexi and Guangzhou East railway stations. Therefore, the higher the density of a metro station, the greater the potential range of flooding. Low-lying topography is a determinant of the formation of waterlogging sites. Hence, elevation and slope were used as exposure indicators.



In addition to providing cities with essential freshwater resources, rivers play an important role in flow concentration and drainage channels [17]. Metro lines and stations in dense river networks or close to rivers are exposed to higher flood risks. Active faults can lead to deformation or groundwater seepage in metro tunnels. Moreover, rapid urbanization has led to an increase in impervious surfaces that severely impede the infiltration of surface rainwater, which dramatically aggravates urban flooding and waterlogging [48,49,50]. Therefore, land cover has an essential impact on urban flooding. We classified flood susceptibility according to the effect of different land cover types on runoff generation [38]. Based on the above analyses, we eventually selected the metro station density, exit numbers, elevation and slope, density and proximity of rivers, flood susceptibility according to land cover, and distance to faults to construct the exposure indicator system.



The vulnerability indicator refers to the resistance of a disaster-bearing body [46]. The volume of users is the most intuitive indicator of a metro’s vulnerability, as it reflects the potential casualties in the metro facing flooding. The density and complexity of metro lines may impact the scope of flooding. For example, flooding at transfer stations may pose a more significant threat than in regular stations because it may influence several stations on multiple lines. Dense populations and properties can amplify flood hazards and cause more severe damage, since areas with these features are more vulnerable. When rainfall intensity exceeds the capacity of an underground drainage system, roads become temporary floodways [15,44]. However, metro exits and vents are generally located on both sides of the road or are connected to crosswalks, which increases the possibility of street flooding into metro stations and tunnels. Previous flood incidents have demonstrated that the elderly and children are more vulnerable to flooding due to their physiological characteristics. Consequently, the age structure of the population impacts metro flood vulnerability. Education can raise flood awareness and is considered a vulnerability assessment indicator.



In summary, we selected 23 risk evaluation indicators from hazard, exposure, and vulnerability based on the risk model and field investigations. The results validation also proved the rationality of the risk indicator system we established.




4.2. Feasibility Analysis of Improved Trapezoidal Fuzzy AHP


The drawbacks of the traditional questionnaire fall mainly into two categories: (a) the complexity of pairwise comparisons among risk indicators and (b) the inconsistency of the judgment matrix. According to Miller’s Law, the average person can only keep seven (plus or minus two) items in their working memory [51]. That is, the maximum amount of information that the human brain can process simultaneously in a short period is seven (plus or minus two). However, risk is inherently a three-dimensional concept associated with uncertainty and complexity [23]. Risk assessment often involves multiple criterion layers, and each criterion layer comprises multiple sub-criteria or indicators, which poses a serious challenge for pairwise comparisons between indicators. Based on experts’ feedback, the pairwise comparison of indicators in the traditional questionnaires was both time-consuming and tiring. In addition, traditional questionnaires usually feature multiple pages because they must cover pairwise comparison options for any two indicators, which hinders the expert’s grasp of the overall picture to some extent. This approach may yield inconsistent judgment matrices.



The advantages of the new questionnaires for collecting information and building judgment matrices were examined by comparing the time taken to complete the traditional and new questionnaires. As shown in Table 3, the average time spent on the new questionnaire (11 min 29 s) was less than on the traditional questionnaire (18 min 5 s), regardless of which was filled out first. Specifically, the new questionnaire saved 33.40% of the time spent per person compared to the traditional questionnaire. Additionally, we found that the filling sequence affected the total time taken to complete both questionnaires. When the traditional questionnaires were filled out first, the per capita time for the new questionnaire was higher in group A (12 min 1 s) than in group B (10 min 57 s) compared with when the new questionnaires were completed first. Conversely, when the new questionnaires were completed first, the time per capita for the traditional questionnaires in group B (14 min 2 s) was significantly less than in group A (22 min 8 s) compared with when the traditional questionnaires were filled out first.



We further explored the reasons for the above phenomenon. According to the experts’ feedback, the new questionnaire’s indicator scores provide the basis for completing the traditional questionnaire. By contrast, filling out the traditional questionnaire first did not provide significantly helpful information for the new questionnaire. To some extent, the confusion caused by the complexity of the pairwise comparisons of the traditional questionnaires increased the time required to fill out the new questionnaires. This could explain why the average time spent on the new questionnaire was slightly higher for group A than for group B. Moreover, the 97.92% recommendation rate confirms that the new questionnaire is better than the traditional questionnaire.



To eliminate the effect of the filling sequence on the time required, we calculated the time-saving ratio of the new questionnaire using the time of the questionnaire completed first in both groups. As shown in Table 4, the average time-saving ratio per person for the new questionnaire was 50.08% after excluding the impact of the filling sequence. In addition, 21 inconsistencies in pairwise comparisons were found during our checking of the traditional questionnaires. However, these inconsistencies were not present in the new questionnaire, which asked the experts to score the indicators instead of pairwise comparisons. Essentially, scoring was the process of ranking the importance of the indicators in the criterion. Thus, the use of expert scoring and the new judgment matrix construction method proposed in this paper (Equations (4)–(6)) ensured the consistency of the established judgment matrix. This goal is not easy to achieve in a traditional questionnaire.



To further verify the reliability of the proposed method, we compared the risk assessment results of the traditional and the improved trapezoidal fuzzy AHP. Figure 16 presents the regional and metro system’s flood risk level using the traditional trapezoidal fuzzy AHP. Compared with Figure 11, Figure 16a also identified the very high and high risk in the central urban areas, but it featured certain shortcomings in recognizing high risk levels in the suburban areas. For example, nine historical flood points in Baiyun, Huadu, Conghua, and Zengcheng were identified as medium- or even low-risk, which contradicts our field survey results. Figure 16b shows that only 70% of the historically flooded metro stations matched with very high and high risk, and this accuracy is significantly lower than the improved trapezoidal fuzzy AHP (90% match). More importantly, the flooded Xinsha-to-Guanhu tunnel of line 13 was identified as very-high- and high-risk (dark red circles in Figure 12) in the improved trapezoidal fuzzy risk results. However, this section was identified as medium- and high-risk in the risk results based on the traditional trapezoidal fuzzy AHP (dark red circles in Figure 16b), which underestimated the actual flooding risk level. Consequently, the risk result based on the improved trapezoidal fuzzy AHP outperformed the traditional method.




4.3. Flood Prevention Measures of Metro System


Severe urban flooding and waterlogging are direct causes of metro flooding [52]. As of 2020, 90% of the drainage network in the central urban of Guangzhou can only resist a two-year return period flood [43]. However, average annual precipitation and short-duration extreme precipitation in Guangzhou have increased significantly in the past few decades [53]. In addition, the aging and disrepair of the underground drainage system is also a major cause of metro flooding. Therefore, increasing the capacity of street gutters and the sewer system to take up the runoff water from streets is the key to solving urban and metro flooding. Another essential measure against urban flooding is the development of sponge cities [52,54]. Sponge cities are sustainable urban developments that encompass flood control, water conservation, water quality improvement, and the protection of natural ecosystems [55]. Essential measures for building sponge cities include building sunken green areas, permeable pavements, water storage ponds, and restoring the natural ecological environment of rivers and lakes. These measures reduce urban flooding by increasing the infiltration of surface rainwater.



Figure 17 shows the proposed structural flood prevention measures for the Guangzhou metro system. Our field survey found that the exit height of some metro stations was decreased because of the elevated road surface. Therefore, raising exits is an effective measure to stop surface water intrusion into metro stations [56]. However, for low-lying metro stations, such as Xinsha (line 13), Guanhu (line 13), and Shiqiao (line 3), even if the exit is 45 cm higher (three steps) than the ground surface, it cannot effectively prevent the surface from flooding. It is necessary to install water-stop plates at these low-lying stations [15,56]. Given the dense river network in Guangzhou, watertight doors and flood prevention gates should be installed at stations (e.g., Shenzhoulu station) and tunnel entrances adjacent to rivers to prevent channel seepage and overflow. Watertight doors should also be installed at transfer stations to prevent flooding into other tunnels. In addition, the height of ventilation towers should be raised; stop-flood boards are required if the vents are connected to the ground. These structural measures are primarily recommended to prevent urban flooding from rushing into metro stations. If surface flooding already rushes into metro stations and tunnels, then timely drainage becomes especially important. Thus, installing reservoirs and pumping stations at very-high- and high-risk stations is of great importance to withstand metro flooding.



Moreover, soft adaptation strategies play an important role in flood control [10]. Compared to hard strategies (structural measures), soft adaptations exhibit the advantages of low cost, high benefit, and flexibility in flood prevention [9,15]. Accordingly, we propose to improve the drainage network’s capacity to withstand flooding through explicit legislation in the new urban plan. Regularly checking the underground drainage network before the rainy season could help to ensure its proper operation during torrential floods. We suggest developing a metro flood monitoring and warning system and delivering risk information to citizens in a timely manner through communication companies. With the support of this system, high-risk metro stations should be shut down during torrential flooding, and structural measures should be immediately activated to withstand flooding. Conducting flood risk assessments of the metro system and identifying high-risk sections and stations are key steps in flood risk management. Furthermore, this risk information provides an important scientific basis for decision makers to reasonably allocate flood control resources. The emergency management department should strengthen the dissemination of flooding education to raise public awareness regarding flood prevention.




4.4. Limitations


There are some drawbacks to this study. First, the underground drainage system was not involved in the risk indicator system due to data acquisition limitations. However, ninety percent of the drainage system in the central urban of Guangzhou can only resist a two-year return period flood [43]. This design standard is severely inconsistent with the precipitation intensity of Guangzhou. Therefore, we speculate that the drainage system may impact the local flood risk level of the metro system, while the overall risk pattern should not change significantly. Second, although the new questionnaire and matrix construction approach significantly shorten the time taken by experts to complete the questionnaire and ensure the consistency of the judgment matrix, they do not seem to reduce the total time taken to achieve the risk results. This is because the steps after collecting questionnaires are not omitted, such as building judgment matrices and calculating the maximum eigenvalue. In addition, the metro flood risk in this paper was presented using regional flood risk results from a buffer zone within 500 m of the metro line. This indirect risk assessment may introduce some uncertainty into the risk outcome. Future studies should employ hydrologic-hydrodynamic models to simulate the inundation of the metro system under different precipitation scenarios [14]. On this basis, researchers could combine precipitation, river levels, waterlogging points, drainage systems, historical flood information, and real-time monitoring to conduct a comprehensive flood risk evaluation of the metro system.





5. Conclusions


Underground transit plays an irreplaceable role in alleviating traffic congestion in metropolitan areas. However, frequent urban flooding poses a serious threat to the safe operation of metro systems. This paper constructed a risk indicator system for metro systems based on 23 indicators selected from hazard, exposure, and vulnerability. The flood risk level maps of the metro system were generated by employing an improved trapezoidal fuzzy AHP. We validated the risk assessment results using historical flood records and field survey data and then proposed flood prevention measures for the metro system. The main conclusions are as follows.



	(1)

	
This study proposed a method for accurately assessing the flood risk levels of metro systems based on an improved trapezoidal fuzzy AHP. According to the established risk assessment indicator system and its corresponding weights, the flood risk level of the Guangzhou metro system was presented using the regional risk within a 500 m buffer zone of the metro line. The results validation found a 90% match between historical metro flood incidents and the very high and high risk in the risk assessment. This study provides a new approach to and technical support for the flood risk assessment of mega-city metro systems.




	(2)

	
An improved trapezoidal fuzzy AHP method was proposed based on the newly designed questionnaire and judgment matrix building approach. The method solved the problems posed by the complexity of pairwise comparisons and the inconsistency of the judgment matrices in the traditional AHP. The new questionnaire shortens the time spent per expert by 50.3% compared to the traditional questionnaire; the 97.92% expert recommendation rate proved its superiority. Furthermore, the new matrix building approach ensures judgment matrix consistency for assessment indicators. The comparison of the risk assessment results demonstrates that the improved trapezoidal fuzzy AHP significantly outperformed the traditional trapezoidal fuzzy AHP. This method is also applicable to decision-making for related problems in other research fields.




	(3)

	
The flood risk levels of 14 metro lines and 268 stations in Guangzhou were identified. The distribution of different flood risk levels in the metro lines exhibited a polarization signature. About 69% (155 km2) of very-high- and high-risk areas were concentrated in central urban areas (Yuexiu, Liwan, Tianhe, and Haizhu). The three metro lines with the highest overall risk level were lines 3, 6, and 5. The metro stations at very high risk were mainly located on metro lines 6, 3, 5, 1, and 2. This study can provide scientific data for decision makers to reasonably allocate flood prevention resources, which is significant in reducing flood losses and promoting Guangzhou’s sustainable development.




	(4)

	
It should be noted that there were some limitations to our study. We failed to consider the effect of the underground drainage system on the flood risk results due to data acquisition limitations. Additionally, the risk assessment in this paper is an indirect method because the flood risk level of the metro system is derived from the regional risk results. Future studies should employ hydrologic-hydrodynamic models to simulate the inundation of the metro system under different precipitation scenarios. On this basis, a comprehensive risk assessment of the metro system could be conducted by combining topographic, hydrological, and socio-economic data. This method would further improve the accuracy of flood risk assessment for the metro system.
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Table A1. Data sources for flood risk evaluation of the Guangzhou metro system.






Table A1. Data sources for flood risk evaluation of the Guangzhou metro system.





	
Data Description

	
Data Source






	
Hazard

	
Daily precipitation

	
http://gd.cma.gov.cn/gzsqxj/ (accessed on 11 December 2021)




	
Waterlogging points

	
https://data.gz.gov.cn/ (accessed on 11 December 2021)




	
Land subsidence

	
https://geocloud.cgs.gov.cn/ (accessed on 11 December 2021)




	
Geological hazards

	
https://geocloud.cgs.gov.cn/ (accessed on 11 December 2021)




	
Historical Flood Frequency

	
Historical Materials of Natural Disasters in Guangdong Province and Yearbook of Disaster Prevention and Mitigation of Guangdong Province




	
Exposure

	
Metro stations and exits

	
https://www.gzmtr.com/ (accessed on 11 December 2021)




	
Elevation and slope

	
http://www.gscloud.cn/ (accessed on 11 December 2021)




	
River network (2017)

	
http://www.ngcc.cn/ngcc/ (accessed on 11 December 2021)




	
Land cover

	
http://www.globallandcover.com/ (accessed on 11 December 2021)




	
Fault

	
http://geocloud.cgs.gov.cn (accessed on 11 December 2021)




	
Vulnerability

	
Metro lines

	
https://www.gzmtr.com/ (accessed on 11 December 2021)




	
Passenger flow

	
https://www.gzmtr.com/ (accessed on 11 December 2021)




	
Population and GDP

	
Guangzhou Statistical Yearbook (2020)




	
Road network (2017)

	
http://www.ngcc.cn/ngcc/ (accessed on 11 December 2021)




	
Proportion of elderly and children

	
Guangzhou Statistical Yearbook (2020)




	
Education level

	
The Sixth Population Census in 2010




	
Administrative divisions of Guangzhou (2017)

	
http://www.ngcc.cn/ngcc/ (accessed on 11 December 2021)
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Table A2. Newly designed questionnaire in improved trapezoidal fuzzy AHP.






Table A2. Newly designed questionnaire in improved trapezoidal fuzzy AHP.





	
Indicators

	
Importance of Indicators under Different Criterions




	
1

	
2

	
3

	
4

	
5

	
6

	
7

	
8

	
9






	
Criterion 1




	
Indicator 1

	

	

	

	

	

	

	

	

	




	
Indicator 2

	

	

	

	

	

	

	

	

	




	
……

	

	

	

	

	

	

	

	

	




	
Indicator i

	

	

	

	

	

	

	

	

	




	
Criterion 2




	
Indicator 1

	

	

	

	

	

	

	

	

	




	
Indicator 2

	

	

	

	

	

	

	

	

	




	
……

	

	

	

	

	

	

	

	

	




	
Indicator j

	

	

	

	

	

	

	

	

	




	
……




	
Criterion n




	
Indicator 1

	

	

	

	

	

	

	

	

	




	
Indicator 2

	

	

	

	

	

	

	

	

	




	
……

	

	

	

	

	

	

	

	

	




	
Indicator k

	

	

	

	

	

	

	

	

	




	
Draw “√” in the appropriate box








Note: The numbers 1–9 (from lowest importance to highest importance) denote an indicator’s direct contribution or importance to the criterion’s risk results.
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Table A3. Pairwise comparison questionnaire in the traditional AHP method.






Table A3. Pairwise comparison questionnaire in the traditional AHP method.





	
Indicator

	
Scales of Indicators under Different Criterion Layers

	
Indicator




	
9

	
7

	
5

	
3

	
1

	
1/3

	
1/5

	
1/7

	
1/9






	
Indicator 1 compared to other indicators




	
Indicator 1

	

	

	

	

	

	

	

	

	

	
Indicator 2




	
Indicator 1

	

	

	

	

	

	

	

	

	

	
Indicator 3




	
……

	

	

	

	

	

	

	

	

	

	
……




	
Indicator 1

	

	

	

	

	

	

	

	

	

	
Indicator i




	
Indicator 2 compared to other indicators




	
Indicator 2

	

	

	

	

	

	

	

	

	

	
Indicator 3




	
Indicator 2

	

	

	

	

	

	

	

	

	

	
Indicator 4




	
……

	

	

	

	

	

	

	

	

	

	
……




	
Indicator 2

	

	

	

	

	

	

	

	

	

	
Indicator i




	
……




	
Indicator i − 1 compared to indicator i




	
Indicator I − 1

	

	

	

	

	

	

	

	

	

	
Indicator i




	
Draw “√” in the appropriate box








Note: The numbers 1, 3, 5, 7, and 9 indicate that the former is equally important, moderately important, strongly important, very strongly important, and extremely important compared to the latter, respectively; the numbers 2, 4, 6, and 8 are intermediate values between two adjacent judgments. The numbers 1/3, 1/5, 1/7, 1/9 are the reciprocals of the numbers 3, 5, 7, and 9. If indicator i is 3 compared to indicator j, then indicator j is 1/3 compared to indicator i.
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Table A4. Linguistic variables for trapezoidal fuzzy numbers.






Table A4. Linguistic variables for trapezoidal fuzzy numbers.





	Linguistic Variable
	AHP Method
	Trapezoidal Fuzzy Number





	Equally important
	1
	1′ = (1,1,1,1)



	Moderately important
	3
	3′ = (1,11/9,13/7,7/3)



	Strongly important
	5
	5′ = (3/2,13/7,3,4)



	Very strongly important
	7
	7′ = (7/3,3,17/3,9)



	Extremely important
	9
	9′ = (4,17/3,9,9)







Note: The numbers 2′, 4′, 6′, and 8′ are intermediate values between two adjacent judgments.
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Table A5. Votes under different scores for hazard, exposure, and vulnerability indicators.
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Flood Risk

	
Indicator

	
Importance Level of Hazard, Exposure, and Vulnerability Indicator




	
1

	
2

	
3

	
4

	
5

	
6

	
7

	
8

	
9






	
Hazard

	
H1

	

	

	

	

	

	

	
2

	
5

	
17




	
H2

	

	

	

	

	
2

	
11

	
8

	
2

	
1




	
H3

	

	

	

	
3

	
8

	
9

	
4

	

	




	
H4

	

	

	
5

	
10

	
7

	
2

	

	

	




	
H5

	

	
5

	
11

	
7

	
1

	

	

	

	




	
H6

	
6

	
10

	
5

	
3

	

	

	

	

	




	
H7

	
12

	
6

	
5

	
1

	

	

	

	

	




	
Exposure

	
E1

	

	

	

	

	

	

	
2

	
8

	
14




	
E2

	

	

	

	

	

	

	
5

	
7

	
12




	
E3

	

	

	

	

	
2

	
7

	
10

	
5

	




	
E4

	

	

	

	

	
3

	
8

	
7

	
6

	




	
E5

	

	

	
3

	
8

	
6

	
7

	

	

	




	
E6

	

	

	
4

	
6

	
9

	
5

	

	

	




	
E7

	
3

	
13

	
4

	
4

	

	

	

	

	




	
E8

	
8

	
11

	
5

	

	

	

	

	

	




	
Vulnerability

	
V1

	

	

	

	

	

	

	
3

	
5

	
16




	
V2

	

	

	

	

	

	
5

	
9

	
6

	
4




	
V3

	

	

	

	
4

	
8

	
9

	
3

	

	




	
V4

	

	

	

	
7

	
9

	
7

	
1

	

	




	
V5

	

	
2

	
4

	
12

	
4

	
1

	

	

	




	
V6

	

	
3

	
6

	
9

	
6

	

	

	

	




	
V7

	
8

	
9

	
5

	
1

	
1

	

	

	

	




	
V8

	
11

	
8

	
3

	
2

	

	

	

	

	








Note: The second row of Roman numerals represents scores 1–9 (importance measure of the indicator); the other Roman numerals indicate the number of expert votes for an indicator under that score. H1–H7, E1–E8, and V1–V8 represent hazard, exposure, and vulnerability indicators, respectively, and their meanings are illustrated in Figure 3.
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Figure A1. Flood risk levels of 268 stations in the Guangzhou metro system. 
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Figure 1. Real pictures of flooding in metro stations and tunnels. (a) The tunnel from Shakoulu and Haitansi station of Zhengzhou metro line 5 (18 July 2021); (b) Shenzhoulu station of Guangzhou metro line 21 (30 July 2021); (c) the 28th Street station on the Lexington Avenue line in Manhattan, New York (2 September 2021); (d) Pudding Mill Lane station of London Docklands Light Rail (26 July 2021). 
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Figure 2. Terrain of Guangzhou and its metro system. 
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Figure 3. Modeling and procedure of flood risk assessment for metro systems. 
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Figure 4. Spatial distribution of hazard indicators in Guangzhou. (a) Rainstorm intensity (≥100 mm); (b) rainstorm intensity (≥50 mm); (c) annual average precipitation; (d) waterlogging points; (e) historical flood frequency. The letters are the abbreviations of the districts in Guangzhou; YX: Yuexiu; TH: Tianhe; LW: Liwan; HZ: Haizhu; BY: Baiyun; HP: Huangpu; PY: Panyu; NS: Nansha; HD: Huadu; ZC: Zengceng; CH: Conghua. These abbreviations will not be explained repeatedly in the rest of the paper. 
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Figure 5. Spatial distribution of land subsidence (a) and other geological hazards (b) in Guangzhou. 
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Figure 6. Spatial distribution of metro station exits (a), station density (b), and land cover (c) and their flood susceptibility (d) in Guangzhou. 
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Figure 7. Spatial distribution of exposure indicators in Guangzhou. (a) DEM; (b) slope; (c); river network density; (d) distance to river network; (e) distance to fault. 
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Figure 8. Spatial distribution of vulnerability indicators of Guangzhou. (a) Passenger flow; (b) metro line density; (c) proportion of elderly and children; (d) education level. 
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Figure 9. Spatial distribution of vulnerability indicators of Guangzhou. (a) Population density; (b) GDP density; (c) road network density; (d) distance to road network. 
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Figure 10. Trapezoidal fuzzy number m. When a = b, the trapezoidal fuzzy number becomes a triangular fuzzy number; when a = b and c = d, the trapezoidal fuzzy number becomes an interval number; when a = b = c = d, the trapezoidal fuzzy number becomes a crisp value. 
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Figure 11. Regional flood risk level map of Guangzhou and its results validation. 
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Figure 12. Flood risk level map of Guangzhou metro system. 
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Figure 13. Area distribution (a) and proportion (b) of different flood risk levels in each district’s metro in Guangzhou. The proportion is the ratio of the area of different flood risk levels in each district to the total area of the corresponding level in the Guangzhou metro system. 
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Figure 14. Area distribution of different flood risk levels for each metro line in Guangzhou. VH, H, M, L, and VL denote very high, high, medium, low, and very low flood risk levels, respectively; the larger the circle and number and the redder the color, the greater the area of the risk level. 
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Figure 15. Flood risk level distribution of stations on each metro line in Guangzhou. VH, H, M, L, and VL denote very high, high, medium, low, and very low flood risk levels, respectively; the larger the circle and number and the redder the color, the greater the number of stations at this risk level. 
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Figure 16. Flood risk level maps for the region (a) and metro system (b) using traditional trapezoidal fuzzy AHP. 
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Figure 17. Flood prevention measures for the Guangzhou metro system. 
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Table 1. Ranking of flood frequencies and their danger ratings.
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	Flood Frequency
	Danger Rating
	Districts





	≤70
	0.1
	Tianhe, Conghua



	70–80
	0.2
	Huadu



	80–90
	0.3
	Baiyun, Huangpu, Liwan, Yuexiu, Haizhu



	90–100
	0.4
	Zengcheng



	≥100
	0.5
	Panyu, Nansha
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Table 2. Indicator weights for flood risk assessment of Guangzhou metro.






Table 2. Indicator weights for flood risk assessment of Guangzhou metro.





	
Criterion

	
WTra-FAHP

	
WImproved Tra-FAHP

	
Indicator

	
WTra-FAHP

	
WImproved Tra-FAHP






	
Hazard

	
0.370

	
0.411

	
H1

	
0.1975

	
0.2105




	
H2

	
0.1518

	
0.1769




	
H3

	
0.1518

	
0.1595




	
H4

	
0.1518

	
0.1361




	
H5

	
0.1225

	
0.1208




	
H6

	
0.1225

	
0.1070




	
H7

	
0.1022

	
0.0892




	
Exposure

	
0.290

	
0.325

	
E1

	
0.1807

	
0.1668




	
E2

	
0.1807

	
0.1668




	
E3

	
0.1420

	
0.1385




	
E4

	
0.1103

	
0.1385




	
E5

	
0.1103

	
0.1121




	
E6

	
0.1103

	
0.1121




	
E7

	
0.0903

	
0.0908




	
E8

	
0.0754

	
0.0744




	
Vulnerability

	
0.290

	
0.264

	
V1

	
0.1720

	
0.1925




	
V2

	
0.1720

	
0.1566




	
V3

	
0.1352

	
0.1301




	
V4

	
0.1352

	
0.1301




	
V5

	
0.1091

	
0.1087




	
V6

	
0.1091

	
0.1087




	
V7

	
0.0894

	
0.0903




	
V8

	
0.0780

	
0.0829








Note: WTra-FAHP and WImproved Tra-FAHP denote the weights calculated by traditional and improved trapezoidal fuzzy AHP.
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Table 3. Expert background and time spent completing the traditional and new questionnaires.
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Group

	
Occupation (Number)

	
Average Work Experience (Year)

	
Average Time Spent

	
Time-Saving Ratio (%)

	
New Questionnaire Recommendation Rate (%)




	
Traditional (Ts)

	
New (Ns)






	
Group A (traditional first)

	
PF(3)

	
26

	
25′18″

	
13′33″

	
46.31

	
100




	
EG(1)

	
31

	
18′54″

	
11′09″

	
41.01

	
100




	
DG(2)

	
16

	
21′19″

	
10′52″

	
49.02

	
100




	
ER(3)

	
21

	
16′36″

	
9′43″

	
41.47

	
100




	
CW(1)

	
9

	
23′00″

	
12′00″

	
47.83

	
100




	
EM(3)

	
13

	
27′44″

	
14′44″

	
46.88

	
100




	
Average

	
-

	
-

	
22′08″

	
12′01

	
45.42

	
100




	
Group B (new first)

	
PF(2)

	
19

	
14′28″

	
10′35″

	
26.84

	
100




	
EG(1)

	
28

	
10′43″

	
9′12″

	
14.15

	
100




	
DG(1)

	
24

	
14′51″

	
10′21″

	
30.30

	
100




	
ER(4)

	
13

	
11′03″

	
8′58″

	
18.85

	
75




	
CW(1)

	
11

	
18′23″

	
14′00″

	
23.84

	
100




	
EM(2)

	
8

	
14′45″

	
12′38″

	
14.35

	
100




	
Average

	
-

	
-

	
14′02″

	
10′57″

	
21.39

	
95.83




	
Total average

	
-

	
-

	
18′05″

	
11′29″

	
33.40

	
97.92








Note: Time-saving ratio is calculated by the formula (Ts − Ns)/Ts; Ts and Ns indicate the time spent of each expert to complete the traditional and new questionnaires; the abbreviated letters mean professor (PF), engineering geologist (EG), designer (DG), engineer (ER), construction worker (CW), and emergency manager (EM), respectively; the symbols ′ and ″ indicate minutes and seconds.
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Table 4. The time-saving ratio for new questionnaires after eliminating the effect of the sequence of filling out questionnaires.
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Occupation (Traditional, New)

	
Average Time Spent

	
Time-Saving Ratio (%)




	
Traditional First (Ts)

	
New First (Ns)






	
Professor (3,2)

	
25′18″

	
10′35″

	
58.17




	
Engineering geologist (1,1)

	
18′54″

	
9′12″

	
51.32




	
Designer (2,1)

	
21′19″

	
10′21″

	
51.45




	
Engineer (3,4)

	
16′36″

	
8′58″

	
45.98




	
Construction worker (1,1)

	
23′00″

	
14′00″

	
39.13




	
Emergency manager (3,2)

	
27′44″

	
12′38″

	
54.45




	
Average

	
22′08″

	
10′57″

	
50.08








Note: Time-saving ratio is calculated by the formula (Ts − Ns)/Ts; Ts and Ns indicate the time spent of each expert to complete the traditional and new questionnaires; professor (3,2) indicates that three people in the professor group completed the traditional questionnaire first and two people filled out the new questionnaire first; the symbols ′ and ″ indicate minutes and seconds.
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