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Abstract Floods have become increasingly destructive with climate change, resulting in the inundation of urban metro 
systems. This study complied with global data on flooded metro lines in recent decades. Based on these data, a framework 
incorporating machine learning (ML) with geographic information system (GIS) was developed to predict flood susceptibility 
in urban metro systems. To address the scarcity of subway flooding data, this study proposed a novel approach to generate a 
database for training and testing using ML and GIS. The 7.20 flood event in Zhengzhou, China, was analyzed as a case study. 
The optimal ML model was selected by comparing predicted flood states with recorded flooded metro stations. Flood sus
ceptibility for the Zhengzhou metro system under future extreme rainfall scenarios was then predicted. Results demonstrated 
that the number of flooded stations and their flood susceptibility increased with rainfall intensity. These findings highlight the 
scale and vulnerability of metro systems, providing critical insights for developing resilient underground infrastructure.  
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1  Introduction  

Floods have emerged as the most pervasive and destructive 
natural hazard under climate change. Catastrophic floods in 
countries such as Republic of Korea, Japan, South African 
countries, the United States, and the United Kingdom in 
2022 under-score their global threat [1–3]. Urban floods 
induced by extreme rainfall damage surface buildings and 
inundate underground infrastructures like metro lines. Sta
tistics reveal numerous flooded metro stations caused by 
extreme rainfall between 2010 and 2023 [4], with China 
experiencing severe cases. For instance, the 2021 Zhengzhou 
7.20 flood inundated five metro lines and 18 stations, tragi
cally claiming 14 lives [5]. This event drew global attention 
to flood prevention in urban metro systems. 

The threat of catastrophic floods due to climate change is 
substantial. Additionally, socioeconomic growth will further 
increase flood susceptibilities in the coming years. The in
crease in population and assets contributes to a considerable 
increase in global flood losses with the compounded influ
ences of climate change [6]. The Intergovernmental Panel on 
Climate Change (IPCC) report published in 2022 was related 
to mitigation of climate change and adopting appropriate 
measures [7]. Although policy makers have adopted multiple 
strategies to mitigate the effects of floods, it has still caused 
severe damage to infrastructures and property. In addition, 
many cities have constructed or are constructing metro lines 
[8–10]. However, extreme rainstorms have become frequent 
due to global climate change, which has increased the in
stances of flooded metro lines. The Metro system is a critical 
mode of transport as it maintains the normal operation of 
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urban infrastructures. Immeasurable loss is caused when a 
metro line is flooded during rainstorms. Therefore, it is 
crucial to protect urban metro systems from floods. 

Prediction of flooding of metro stations under extreme 
rainstorms is an efficient technique to assess the flood sus
ceptibilities of urban metro lines. The generation of a flood 
susceptibility map of a metro system can be used to de
termine metro stations susceptible to floods. Flood suscept
ibility mapping is useful for flood occurrence prediction in 
metro stations and supporting flood management decisions 
for the safe operation of a metro system. Recent flood events 
in metro stations have led to studies focused on the flood 
susceptibilities of metro lines. Lyu et al. [11–13] conducted 
multiple studies on flood risk assessment of metro system 
using multi criteria decision making (MCDM) such as ana
lytical hierarchy process (AHP) and fuzzy AHP. However, 
MCDM methods consist of subjective shortcomings due to 
expert decisions [14]. Moreover, MCDM-based methods 
cannot predict the risk of flooding in a metro system under 
unpredictable rainfall scenarios [15–17]. Therefore, an ap
proach was proposed in this study wherein machine learning 
(ML) methods were incorporated into geographic informa
tion system (GIS) techniques to overcome this limitation and 
predict flood susceptibilities of metro lines under different 
rainfall scenarios. 

GIS is a powerful tool that can be used to integrate his
torical flood data as it provides a dominant position to es
tablish a database for ML techniques. The combination of 
ML and GIS techniques significantly improves flood miti
gation, planning, and recovery [18–20]. Several studies have 
focused on flood risk analysis using ML and GIS techniques 
[21–24]. Flood susceptibility mapping using ML and GIS 
techniques can provide accurate flood models and visualize 
the results in a spatial environment [25–29]. Dodangeh et al. 
[30] proposed an integrative flood risk model using resam
pling methods integrated with ML models. Mahato et al. [27] 
developed ensemble-based ML models to predict flood 
susceptibilities. It was demonstrated that the ensemble flood 
susceptibility models provided an optimum accuracy of 
evaluation performance. These previous studies focusing on 
flood susceptibilities using ML and GIS techniques provide 
efficient supports for the prediction of flood susceptibilities 
of underground metro lines. In contrast to flood risk analysis 
of a particular study area, the prediction of flood suscept
ibilities of metro lines requires data related to metro stations, 
particularly during rainstorms. 

Generally, a metro station is designed to be flood resistant 
using the prevention standard with 50 years rainfall return 
period (noted as 50-Y rainfall intensity). However, climate 
change has led to frequent extreme rainstorms, which 
threaten the safety of urban metro systems such as the 
flooded metro lines in the 7.20 flood in Zhengzhou. Under 
this circumstance, this study proposed an approach to predict 

flood susceptibilities of metro lines when encountering fu
ture extreme rainstorms. The major novelty of this study is 
the following: (i) proposing an approach to incorporate ML 
models into GIS to predict the flood susceptibilities of metro 
lines with consideration of anthropogenic factors; (ii) pro
posing a new insight to generate flood samples to establish a 
database for training and testing when using ML and GIS to 
predict flood susceptibility; (iii) comparing and selecting the 
optimum ML model, which is applied to predict flood sus
ceptibilities of metro lines in Zhengzhou. Different rainfall 
return periods, such as 50, 100, 200, 500, and 1000 years of 
rainfall (noted as 50-Y, 100-Y, 200-Y, 500-Y, and 1000-Y 
rainfall intensities) are designed to analyze the flood sus
ceptibility of metro lines. The metro stations under 50-Y 
rainfall intensity were considered non-flooded. The flood 
metro stations in 7.20 flood were used to validate the pre
dicted flood states and flood probabilities obtained from ML 
models. The database for flood prediction was generated in 
the GIS platform. The major contribution of this study is that 
the proposed new insight for the prediction of flood sus
ceptibility of urban metro systems using ML incorporated 
into GIS and the approach was verified reasonable against 
the records. 

2  Study area and databases  

2.1  Study area  

The Zhengzhou city is located between longitude 113°–114°E, 
and latitude 34°–35°N in Henan Province, as shown in 
Figure 1. The altitude is high in the western region and low in 
the eastern region, and the metro lines are distributed in the 
urban center of Zhengzhou. The topographic features facil
itate rainwater collection in the urban area from east to west 
during rainstorms. In 2021, the 7.20 flood caused 398 deaths 
in Zhengzhou city [31]. Five metro lines with 18 metro 
stations were flooded by rainwater in 7.20 flood. The Hai
tansi and Shakoulu stations were flooded and the metro trains 
were suspended, which trapped passengers and caused 
14 deaths [31]. Figure 1 presents the flooded stations in 
7.20 flood. 

2.2  Rainfall in 7.20 flood  

According to China Meteorological Data Network [32], the 
rainfall that occurred from July 19 to July 21, 2022, in 
Zhengzhou was considered a rainstorm (a rainstorm is de
fined as the rainfall > 50 mm in 24 h), wherein the rainfall 
(up to 200 mm) on July 20 continued for 2 h (Figure 2(a)). 
The metro stations were flooded within these 2 h. The rain
fall process and cumulative precipitation of flood events 
under 50-Y, 100-Y, 200-Y, 500-Y, and 1000-Y rainfall in
tensities were determined by the rainstorm intensity formula 
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in Zhengzhou [33], as described in the following formula:  

Q P
t

= 2631.92 × (1 + 0.751 × lg )
( + 14.2)

, (1)0.779

where Q is the designed rainfall intensity (L/(hm  s)2 ); P is the 
designed rainfall return period (year); t is the time series 
(min). Figure 2(b) shows the rainfall process and cumulative 
precipitation in different rainfall scenarios. The cumulative 
precipitations of rainfall intensities under 50-Y, 100-Y, 
200-Y, 500-Y, and 1000-Y were determined in the range of 
90–150 mm of rainfalls in a 2-h period, which were less than 
that of the 2-h extreme rainstorm on July 20. Therefore, the 
extreme rainstorm in 7.20 flood exceeded the rainstorm of 
1000-Y rainfall intensity, which was the main reason that 

directly caused the floods of metro lines. Based on the flood 
metro stations in 7.20 flood, the flood susceptibilities of 
metro lines under different scenarios such as 50-Y, 100-Y, 
200-Y, 500-Y, and 1000-Y rainfall intensities were predicted. 

In addition, the spatial distribution of rainfall during the 
7.20 flood including the rainfall on July 19 (Figure 3(a)), 
July 20 (Figure 3(b)), July 21 (Figure 3(c)), and the rainfall 
on July 20 within 2 h was analyzed. The high rainfalls that 
occurred on July 19 and July 21 were concentrated in the 
south-western region with a higher elevation, while the 
rainfall on 20 July was concentrated in the urban center of 
Zhengzhou with a lower elevation and dense distribution of 
metro lines. The rainwater has a tendency to flow from a 
high-elevation location to a low-elevation location. Topo
graphies with a higher western region and lower urban center 

Figure 1 (Color online) Distribution of metro lines in Zhengzhou city.  

Figure 2 (Color online) Recorded and envisaged rainfall scenarios. (a) Recorded rainfall in 7.20 flood; (b) the envisaged five scenarios.  
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are highly susceptible to flooded metro lines during extreme 
rainstorms.  

2.3  Controlling factors  

2.3.1  Topography  
The topographic factors include elevation (Figure 4(a)), 
slope (Figure 4(b)), aspect (Figure 4(c)), hill shade (Figure 
4(d)), plane curvature (Figure 4(e)), profile curvature (Figure 
4(f)), TWI (Figure 4(g)), NDVI (Figure 4(h)), river density 
(Figure 4(i)), and river proximity (Figure 4(j)). The data 
sources of topographical factors are obtained from a digital 
elevation model (DEM) with 30 m resolution from Geos
patial Data Cloud. Based on the DEM data, the elevation, 
slope, aspect, hill shade, profile, and plane curvatures can be 
extracted using surface analysis in GIS. The river density and 
proximity are obtained according to the river network, which 
are extracted from DEM using hydrological analysis in GIS. 
The topographic wetness index (TWI) is used to measure 
water aggregation and surface runoff in a water basin. The 
TWI can be calculated using eq. (2) in GIS,  

a bTWI = ln[ / tan( × ) / 180], (2)

where a refers to the upstream catchment area and b refers to 
the slope angle in the study area. The normalized difference 
vegetation index (NDVI) is one of the important parameters 

that reflect the vegetation information. The NDVI is calcu
lated using eq. (3),   

R
RNDVI = NIR

NIR + , (3)

where NIR refers to the near infrared band, and R refers to 
the red band of images, −1 ≤ NDVI ≤ 1. A detailed de
scription of the data sources is listed in Table 1. 

2.3.2  Anthropogenic factors  
The anthropogenic factors include land use (Figure 5(a)), 
population density (Figure 5(b)), gross domestic product 
(GDP) (Figure 5(c)), and distance to building (Figure 5(d)). 
The data of land use, population, and GDP were obtained 
from Resource and Environment Science and Data Center 
(RESDC) with 1 km raster. The land use types were classi
fied into unused land, forest land, grass land, water body, 
cultivated land, and residential land with the vulnerability to 
flood from levels 1 to 6. For population and GDP, flood 
susceptibility increased with the increase of the population 
and GDP. To reflect the influence of buildings on flood 
susceptibilities, the proximities of buildings were produced 
in GIS using buffer analysis with distances of 200, 400, 600, 
800, and 1000 m. The flood risk and the damage caused by 
flood increase as the distances to buildings decrease. A de
tailed description of the sources for anthropogenic factors is 
listed in Table 1.  

Figure 3 (Color online) Spatial distribution of rainfall in 7.20 flood in Zhengzhou. (a) Rainfall on July 19; (b) rainfall on July 20; (c) rainfall on July 21; (d) 
rainfall on July 20 within 2 h.  
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Figure 4 (Color online) Spatial distribution of topographic factors. (a) Elevation; (b) slope; (c) aspect; (d) hill shade; (e) plane curvature; (f) profile 
curvature; (g) TWI; (h) NDVI; (i) river density; (j) river proximity.  
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Table 1  Description of the sources for the considered databases a) 

Factor Description Type 
Statistics Data source/ 

resolution/type Min Max Mean STD 

Rainfall720_2h (mm) Rainfall on July 20 within 2 h N, S 56.39 310.70 210.13 60.84 Rain gauges and CMDN,  
2021/10 m/raster 

Elevation (m) Digital elevation of terrain surface N, S 63 197 104.33 21.62 

DEM/30 m/raster 

Slope (°) Angle of slope inclination N, S 0 38.57 5.85 3.64 

Aspect Compass direction of slope exposure N, S −1 359.37 175.45 106.28 

Hill shade Reflect the special terrain characteristics, 
such as mountain, valley, and canyon N, S 28 237 178.75 15.39 

Plane curvature Curvature perpendicular to the slope, 
indicating concave or convex surfaces N, S −2.82 2.76 0 0.56 

Profile curvature Curvature parallel to the slope, indicating 
concave or convex surfaces N, S −3.29 2.95 0.02 0.62 

TWI Topographic wetness index, measuring 
water aggregation and surface runoff N, S 0 20.08 8.46 3.35 

NDVI Normalized difference vegetation index 
reflecting the vegetation information N, S 0.05 0.87 0.46 0.23 

River density Distribution of river system in 1 km 2 N, S 0 12.74 2.86 2.47 

River proximity (m) Distance to the river system N, S 0 500 260.51 240.54 

Land use Land cover in the study area C, S ‒ ‒ ‒ ‒ 

RESDC/1 km/raster Population density (p/km 2) Population information in 1 km 2 N, S 40.18 613.48 343.07 157.74 

GDP Distribution of gross domestic product N, S 41.16 44558 25330 16010 

Distance to building (m) Distance to the distributed buildings N, S 0 1000 365.42 242.79 RESDC/–/point+Polygon 

a) N, C, and S stand for numerical, categorical, and static variables, respectively. CMDN stands for China Meteorological Data Network (CMDN), and 
RESDC stands for Resource and Environment Science and Data Center.  

Figure 5 (Color online) Spatial distribution of anthropogenic factors. (a) Land use; (b) population density; (c) GDP; (d) distance to building.  
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2.4  Feature selection  

The features of controlling factors have significant influ
ences on flood susceptibility. To avoid the multicollinearity 
of the selected factors, the multicollinearity test was con
ducted by computing the Pearson’s correlation coefficients. 
The Pearson’s coefficients represent the correlation re
lationships among the selected controlling factors, which 
reflect the features of the database. Figure 6 shows the 
pairwise correlations among flood controlling factors. The 
value in the matrix refers to the correlation degrees among 
controlling factors. The values close to 0 indicate that the two 
factors are not correlated, while the values close to 1 mean 
that there is a strong positive correlation between the two 
controlling factors. According to Tehrany et al. [34], the 
Pearson’s coefficients above than 0.7 may lead to a multi
collinearity issue. As shown in Figure 6, the Pearson’s 
coefficients of all controlling factors are less than 0.7, which 
indicates that these determined 15 controlling factors are 
independent each other with less values of connection 
degree. 

3  Methodology  

3.1  Framework of ML incorporated into GIS  
In this study, the flood susceptibility is evaluated by a ratio 
from the ML algorithm, which represents the probability of 
flood. Figure 7 shows the framework of the prediction for 
flood susceptibility of metro systems using ML models. The 
first part is the integration of the database. The rainfall on 
July 20 within 2 h was extracted to integrate the topographic 
factors (including elevation, slope, aspect, hill shade, plane 
curvature, profile curvature, TWI, NDVI, river density, and 
river proximity) and anthropogenic factors (including land 
used, population density, population density, GDP, and dis
tance to building). These data were extracted to generate the 
non-flood and flood samples. Subsequently, the flood states 
and probabilities of metro stations were determined using 
gradient boosting decision tree (GBDT), random forest (RF), 
adaptive boosting (AB), K-nearest neighbors (KNN), logistic 
regression (LR), and support vector machine (SVC) models. 
The performance of these six ML models was evaluated 
using accuracy, precision, recall, F1-score, receiver operator 

Figure 6 (Color online) Pairwise correlations among flood controlling factors.  
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Figure 7 (Color online) Framework of flood susceptibilities prediction using ML.  
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characteristic (ROC) curve, and area under ROC curve 
(AUC). Based on the comparison, the model with the opti
mum performance was selected to predict flood suscept
ibilities of metro stations under different scenarios including 
rainfall intensities of 50-Y, 100-Y, 200-Y, 500-Y, and 1000-Y 
and rainfall during the 7.20 flood in 2 h. The third part is the 
prediction of flood susceptibilities under different rainfall 
scenarios using the selected optimum model. The metro 
stations under the rainfall intensity of 50-Y were designed as 
non-flood, while 18 stations under the rainfall in “7.20 flood” 
within 2 h were flooded. How are the flood susceptibilities of 
metro lines under other rainfall scenarios? The major in
novation of this framework is the generation of the database, 
which is formed by the flood and non-flood samples. The 
record data only includes 18 flooded metro stations, which 
represent 18 flood samples. But the 18 flood points are not 
enough to establish the database for ML training and testing. 
To overcome this difficulty, the flood samples were gener
ated around each flooded station within 1 km to increase the 
number of flood samples. The generated flood samples are 
different in designed rainfall intensity to reflect the reality in 
different rainstorm scenarios. Section 3.2 gives a detailed 
description of the generated database. 

3.2  Data integration with ML and GIS  

During the application of ML and GIS to predict flood sus
ceptibility, it is a critical task to establish a database, since the 
rare cases of subway flooding. To overcome the difficulty of 
scarcity of flood data, this study proposed a new way to 
produce flood samples according to the recorded flood data. 
Figure 8 shows the samples for training and testing. The 
flood samples were generated around each flooded station 
within 1 km to predict flood susceptibility of metro stations 
under different rainfall scenarios, and the non-flooded sam
ples were generated around each non-flood metro station 
within 1 km. To reflect the reality of different subway 
flooding caused by different rainfall intensities, the flood 
samples were produced differently in different flood sce
narios (rainfall intensities of 50-Y, 100-Y, 200-Y, 500-Y, and 
1000-Y). The detailed flood samples in the database are in
troduced as follows.  

3.3  Establishment of database  

This study considered 15 controlling factors related to flood 
susceptibility, which included topographical factors (such as 
elevation, slope, aspect, hill shade, plane curvature, profile 
curvature, TWI, NDVI, river density, and river proximity), 
anthropogenic factors (such as land use, population density, 
GDP, and distance to buildings), and rainfall factors (such as 
rainfall in 7.20 flood within 2 h, 50-Y, 100-Y, 200-Y, 500-Y, 
and 1000-Y rainfall intensities). Specifically, the 50-Y 

rainfall intensity was designed as the flood prevention 
standard, which was considered non-flooded under this 
scenario. However, one flood sample should be presented in 
the datasets during the ML training. Therefore, the Haitansi 
and Shakoulu stations were designed (wherein 14 deaths 
occurred during the 7.20 flood) as two flood samples in the 
datasets under the rainfall intensity of 50-Y. The flood 
samples (178 flood samples) were generated under a rainfall 
intensity of 100-Y around these two flood metro stations 
within 1 km. The flood samples were generated around the 
flooded stations within 1 km under rainfall scenarios of 
200-Y (535 flood samples), 500-Y (890 flood samples), 
1000-Y (1146 flood samples), and 7.20 flood (1380 flood 
samples). Finally, 6010 samples were produced in the GIS 
database. These samples were adopted to extract the in
formation of rainstorms, and topographic and anthropogenic 
factors. The flooded metro stations due to the rainfall on July 
20 within 2 h were analyzed based on this investigation. 
Therefore, the rainfall on July 20 in 2 h (denoted as rainfall 
720_2h) integrated topographic and anthropogenic factors 
was used to train and test ML models with a training and 
testing ratio of 0.7.  

3.4  ML models  

In this study, six ML models, namely GBDT, RF, AB, KNN, 
LR, and SVC were adopted and compared to predict the 
flood probabilities of metro stations in 7.20 flood. For these 
six ML models, the GBDT, RF, and AB are typical tree 
models, and the KNN, LR, and SVC are typical linear 
models. To compare the performance between tree and liner 
models on flood susceptibility prediction, these six ML 

Figure 8 (Color online) Samples for training and testing.  
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models are selected to predict flood susceptibilities. Ac
cording to the predicted flood probabilities, the flood sus
ceptibilities of metro lines were mapped by using GIS tools. 
These analyses were performed using the Python program
ming environment and machine learning package Scikit- 
learn.  

(1) Gradient boosting decision tree 
GBDT was proposed by Breiman [35] and further devel

oped by Friedman [36]. GBDT is an ensemble-based algo
rithm, which is widely used for classification and regression 
because it has optimum interpretability and robustness for 
the discovery of high order relationships among features. 
The loss function used in boosting trees for a classification 
problem is an exponential function, and a regression problem 
is used as a mean squared error. This algorithm does not 
require pre-processing for data normalization [37,38].  

(2) Random forest 
RF is an ensemble-based ML technique used for classifi

cation and regression, which operates by constructing a 
multitude of decision trees. The output of the RF for a 
classification problem is the class selected by most trees. The 
mean or average prediction of the individual trees for a re
gression problem is returned [39]. Generally, RF performs 
better than the decision tree, but its accuracy is lower than 
that of the gradient boosting tree. However, data features can 
affect its performance. 

(3) Adaptive boosting 
AB is a statistical classification metaalgorithm used in 

conjunction with multiple learning algorithms to improve the 
performance. Generally, AB is presented for binary classi
fication, even though it can be generalized to multiple classes 
or bounded intervals on the real line [40]. The main differ
ence between GBDT and AB is that AB modifies the sample 
weights in each iteration to ensure that the subsequent tree 
model considers the misclassified samples, whereas GBDT 
is the latter tree model used to directly fit the residuals.  

(4) K-nearest neighbours 
KNN is a non-parametric supervised learning algorithm 

used for classification and regression. If most of the K closest 
neighbors in the feature space belong to a certain class, the 
sample belongs to this class. The input in KNN models 
consists of K closest training examples in a data set, whereas 
the output depends upon whether KNN is used for classifi
cation or regression. KNN determines the class for a clas
sification problem according to the class of the nearest one or 
several samples. The selection of the K value is the only 
hyperparameter in the KNN algorithm that has an intuitive 
and important effect on the prediction results. During ap
plication, cross validation is usually used to select the opti
mal K value [41]. 

(5) Logistic regression 
LR is a statistical model that is generally used for binary 

classification, which is labeled 0 and 1. The corresponding 

probability of the value labeled 1 can vary between 0 and 1. 
Binary classification models are widely used in statistics to 
evaluate the probability of a certain class or event (e.g., 
floods and landslides). For a binary classification problem, 
LR assumed a straight line that completes the linear se
paration of the sample. LR fits the decision making boundary 
(including linear and polynomial) and establishes the prob
ability connection between this boundary and classification, 
thereby obtaining the probability of a binary classification 
problem.  

(6) Support vector classification 
SVMs include support vector regression (SVR) and SVC 

to perform regression and classification problems. SVC is a 
robust prediction model based on statistical learning 
frameworks. The basic model of SVC is a linear binary 
classifier. In addition to conducting linear classification, 
SVC can efficiently perform non-linear classification using 
kernel tricks to process the inputs into high dimensional 
features. 

4  Results  

4.1  Model evaluation and selection  

4.1.1  Confusion matrix  
The flood susceptibility of a metro station was considered a 
binary classification problem, wherein each sample had a 
positive (flood) or negative (non-flood) prediction. The 
predicted flood metro stations were compared with that of 
the recorded flood metro stations to validate the efficiencies 
of the ML models. The number of actual floods predicted as 
floods was defined as the true positive (tp), the number of 
actual non-floods predicted as non-floods corresponded to 
the true negative (tn), the number of actual floods predicted 
as non-floods was defined as false positive (fp), and the 
number of actual non-floods predicted as floods was the false 
negative (fn). The confusion matrices were used to compare 
the performance of the six ML models to determine the ac
curacy of the flooded and non-flooded samples in the test 
subset (see Figure 9). A large value on the diagonal indicated 
the optimum performance of the model. The GBDT accu
rately classified 1317 non-flooded and 257 flooded samples, 
whereas RF accurately classified 1314 non-flooded and 257 
flooded samples. The results demonstrated that GBDT and 
RF accurately identified flooded and non-flooded samples 
compared with that of the other algorithms.  

4.1.2  Performance evaluation  
In addition to confusion matrices, the performance of the six 
ML models was evaluated using the indicators such as ROC 
curve, AUC, accuracy, recall, precision, and F1-score [42]. 
The accuracy is used to measure the efficiency of a machine 
learning model, which is defined using 
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tp tn
tp fp tn fnAccuracy = +

+ + + . (4)

The precision is used to measure the class consistency be
tween the input data labels and the positive labels produced 
by machined learning models,  

tp
tp fpPrecision = + . (5)

The recall is used to measure the efficiency of a machine 
learning model to find positive labels,  

tp
tp fnRecall = + . (6)

The F1-score is used to express the relationship between 
positive labels in the input data and those assigned by a 
machine learning model,  

F1-score = 2×Recall × Precision
Recall + Precision . (7)

The AUC is a comprehensive measurement to reflect the 
efficiency of a machine learning model to avoid false clas
sification,  

tp
tp fn

tn
tn fpAUC = 1

2 + + + . (8)

Figure 10 shows the ROC curves and performance in
dicators of the six ML models. The AUC score of RF and 
GBDT models for the ROC curve was approximately 0.94, 
which was superior to that of AB, KNN, LR, and SVC 
models. Moreover, the performance indicators of accuracy, 
recall, and F1-score of RF and GBDT were greater than those 

of other algorithms. The comparison indicated RF and 
GBDT models had a better performance than that of the other 
ML models.  

4.2  Comparison and validation  

Figure 11 depicts a comparison between recorded and pre
dicted flood metro stations obtained using the six ML 
models. It was observed that 18 metro stations were flooded 
in 7.20 flood. The GBDT algorithm accurately predicted 16 
flood metro stations, which was followed by RF (15 flooded 
stations), KNN (13 flooded stations), SVC (10 flooded 
stations), AB (6 flooded stations), and LR (2 flooded sta
tions). A comparison between the predicted and recorded 
flood metro stations exhibited that the GBDT more accu
rately predicted flooded stations than other models. There
fore, the GBDT model was selected to predict the flood 
susceptibilities of metro lines under different rainfall 
scenarios.  

4.3  Predicted flood susceptibilities under different 
rainfall scenarios  

During the application of ML to predict flood susceptibility, 
the ML algorithms can obtain deterministic results. For in
stance, the GBDT algorithm can obtain the deterministic 
results labeled as flood and non-flood. In addition, a ratio 
ranging from 0 to 1 of each label of flood and non-flood can 
also be output. In this study, the ratios of the labeled flood are 

Figure 9 (Color online) Confusion matrices of six ML models.  
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adopted to represent the flood probabilities. Therefore, the 
GBDT model was selected to predict the flood probabilities 
of metro stations under different rainfall intensities of 50-Y 
(Figure 12(a)), 100-Y (Figure 12(b)), 200-Y (Figure 12(c)), 
500-Y (Figure 12(d)), 1000-Y (Figure 12(e)), and rainfall 
within 2 h in 7.20 flood (Figure 12(f)). Since the standards of 

flood prevention for metro stations are designed as a 50-Y 
rainfall return period, thus the metro stations were con
sidered non-flooded under the 50-Y rainfall intensity. The 
flooded stations in the 7.20 flood were used to validate the 
predicted flood state of each station. The flood states of 
metro stations under other rainfall scenarios were analyzed 

Figure 10 (Color online) Evaluation of ML models with different performance indicators. (a) ROC curves; (b) performance indicators.  

Figure 11 (Color online) Comparison between recorded and predicted flooded stations. (a) GBDT; (b) RF; (c) AB; (d) KNN; (e) LR; (f) SVC.  
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based on the non-flood design for the 50-Y rainfall intensity 
and flooded stations during the 7.20 flood. According to the 
predicted flood probability of each station, the flooding 
susceptibilities along metro lines within 200 m were ob
tained by interpolation analysis in GIS.  

Figure 12(a-a)‒(f-f) show the flood susceptibilities of 

metro lines under the corresponding rainfall scenarios. The 
results demonstrated that the Shakoulu station was predicted 
to flood with a probability of 0.569 under 50-Y rainfall in
tensity. In the case of 100-Y rainfall scenario, the Shakoulu 
and Haitansi stations were predicted to flood with a prob
ability of 0.856. It was observed that 6, 8, and 13 stations 

Figure 12 (Color online) Spatial distribution of rainfall scenarios and predicted flood susceptibilities of metro lines under different rainfall scenarios. 
(a), (a-a) 50-Y; (b), (b-b) 100-Y; (c), (c-c) 200-Y; (d), (d-d) 500-Y; (e), (e-e) 1000-Y; (f), (f-f) rainfall in 7.20 flood within 2 h.  
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were flooded with an increase in the flooding probabilities 
from 0.903 to 0.949 under rainfall intensities of 200-Y, 
500-Y, and 1000-Y, respectively. The number of flood metro 
stations and their flooding probabilities increased with an 
increase in the rainfall intensity. It was observed that 17 flood 
metro stations were accurately predicted for the rainfall in 
7.20 flood within 2 h. One metro station was flooded. 
However, it was predicted as non-flooded. Conversely, one 
station was non-flooded. However, it was predicted as 
flooded. This was due to the uncertainty of the ML and the 
error was acceptable.  

Figure 13 shows the flood probabilities of 136 metro sta
tions under different rainfall scenarios in Zhengzhou. A 
metro station was prone to flooding when the flooding 
probability was greater than 0.5. Conversely, a flooding 
probability of less than 0.5 exhibited a non-flooded metro 
station. As shown in Figure 13, the majority of the flooded 
stations were observed in metro lines No. 1, 2, 4, 5, and 14 

when the rainfall intensity exceeded 500-Y, which corre
sponded to flooded stations during the 7.20 flood. The flood 
probability of metro stations increased with an increase in the 
rainfall intensity. The flood probabilities under 7.20 flood 
were the largest followed by flooding probabilities under 
rainfall intensities of 1000-Y and 500-Y.  

5  Discussion  

5.1  Contribution of controlling factors to flood 
susceptibilities  

Figure 14 shows the contribution of the considered 15 con
trolling factors on flood susceptibilities of metro lines. As 
shown in Figure 14, population density had the largest 
contribution with a fluctuation of 0.035 on flood suscept
ibilities, which was followed by the rainfall on July 20 within 
2 h (rainfall720_2h). Additionally, river density significantly 

Figure 13 (Color online) Flood probabilities of metro stations under different rainfall scenarios.  

Figure 14 (Color online) Contribution of controlling factors on flood susceptibilities.  
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affected the flood susceptibilities of metro lines. The rising 
river level during rainstorms can increase the flood sus
ceptibility. In addition, topographic factors such as elevation, 
NDVI, slope, profile curvature, plane curvature, TWI, as
pect, and hill shade significantly affected the flood suscept
ibility. The specific topography characterized by the higher 
altitude in the western region and lower altitude in the urban 
center with dense distribution of metro lines resulted in the 
concentration of rainwater during rainstorms. Therefore, 
special topographical characteristics with high in the western 
and low in the eastern increased the flood susceptibility of 
metro lines in Zhengzhou.  

5.2  GBDT performance and interpretation  

The performance of the GBDT model under different rainfall 
intensities was evaluated using ROC curves (Figure 15(a)). 
As shown in Figure 15(a), the AUC values of the GBDT 
model under different rainfall scenarios are excess than 0.94, 
which result indicates a better performance of the GBDT 
model in predicting flood susceptibilities of metro lines. To 
investigate the effect of controlling factors on prediction 
outputs from the GBDT model, the Shapley additive ex
planation (SHAP) summary plot was constructed. Figure 
15(b) depicts the SHAP summary plot obtained using the 
GBDT model. The y-axis orders the features according to 
their importance with a continuous color scale from low to 
high. Each point denotes a SHAP value and predicted output. 
The population density, rainfall720_2h, and GDP were the 
factors that led to SHAP values greater than 1, which in
dicated these factors considerably affected the predicted 
output. A high rainfall significantly increased the flood risk, 
whereas low rainfall reduced the flood risk. A high popula
tion density and GDP in a region generally increase the flood 
susceptibility.  

5.3  Limitations  

The integration of ML and GIS techniques can effectively 
predict flood susceptibility of metro lines, which provides 
suggestive supports for flood prevention and mitigation for 
urban metro systems. The major obstacle is the collection of 
critical data related to flood risk. The underground drainage 
system is difficult to acquire compared with that of me
teorological, topographic, and anthropogenic factors owing 
to data limitation. The present drainage system has a low 
design standard against rainstorms, which is inconsistent 
with that of the supposed rainfall scenarios in this study. The 
underground drainage system was not considered a control
ling factor. Moreover, the flood susceptibilities of metro lines 
were affected by multiple factors. The 15 controlling factors 
considered in this study did not comprehensively reflect the 
effects of factors related to flood susceptibility of metro 

lines, which led to the uncertainties of predicted results. 

6  Conclusion  

This study proposed a new framework to incorporate ML 
models into GIS to predict flood susceptibilities of metro 
lines under extreme rainstorms. Six ML models were com
pared and evaluated according to the flooded metro lines in 
7.20 flood in Zhengzhou. The optimum ML model was se
lected to predict the flood susceptibilities of metro lines 
under different rainfall scenarios. The major conclusion was 
summarized as follows. 

(1) Floods in underground space are becoming more and 
more frequent in recent years. It is an urgent request to 
conduct flood risk assessment and management of urban 

Figure 15 (Color online) GBDT model. (a) ROC curves of GBDT model 
under different rainfall scenarios; (b) summary plot of SHAP value from 
GBDT model.  
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metro systems under extreme weather. During the applica
tion of ML and GIS to predict flood susceptibility, it is cri
tical to generate a database. This study proposed a new 
insight to establish a database for training and testing when 
using ML and GIS.  

(2) Machine learning models, including GBDT, RF, KNN, 
AB, LR, and SVC were incorporated into GIS to predict the 
flood susceptibility of metro lines. The comparison between 
predicted flood states of metro stations and recorded data in 
7.20 flood indicated that the GBDT model performed the 
best in predicting flood susceptibility of metro lines.  

(3) The GBDT model was selected to predict the flood 
susceptibilities of metro lines under different rainfall sce
narios. The results indicate that the Shakoulu and Haitansi 
stations are vulnerable to flood. The Shakoulu station will 
occur flood with a susceptibility of 0.569 under 50-Y rainfall 
intensity, and the Shakoulu and Haitansi stations will occur 
flood with a susceptibility of 0.856 under 100-Y rainfall 
intensity. The numbers of flooded stations were 6, 8, and 13 
with flood susceptibilities of 0.856, 0.903, and 0.949 under 
200-Y, 500-Y, and 1000-Y rainfall intensities. 

(4) The predicted flood susceptibilities of metro lines 
identified the most vulnerable scales and sections of metro 
lines, which provide supports to flood risk mitigation and 
management for the safe operation of the urban metro 
system.   
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