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ABSTRACT

With the continuous advance of big data and artificial intelligence

technologies, various data-driven machine learning algorithms have

been widely applied in the studies of urban resilience, particularly
in addressing the challenging issue of urban waterlogging.
Currently, it is a pressing task to understand the influencing
factors of waterlogging from the perspective of built environment,
and provide guidance on dynamic monitoring and early alarm
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services. Focusing on Shenzhen, China, a typical high-density
urbanized city, this research constructed a multifactorial dataset
encompassing hydrological, meteorological, urban morphology,
and waterlogging event data. Then, this research assessed and
compared the performance of four mainstream machine learning
models—LightGBM, RF, SVR, and BPDNN—in predicting urban

waterlogging risks. The results showed that LightGBM had the best



accuracy and robustness in predicting waterlogging depths and risk
levels in urban areas. The research also employed interpretability
algorithm—Shapley Additive Explanations (SHAP)—for decoupling
analysis. The results indicated that hydro-meteorological factors
(the total rainfall volume and the rainfall lasting time) and several
architectural configuration factors (e.g., density of buildings,
building congestion degree) are the main influencing factors. In
addition, the percentage of water body is vital to waterlogging
regulation and retention, especially exhibiting a significant
mitigating effect when exceeding 2.5%. This research provides
a new technical method for urban waterlogging prediction and
reveals the influencing factors and intrinsic mechanisms from the
perspective of built environment, which is of great significance for
the enhancement of the resilience of high-density cities.
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1 Introduction

One of the core tasks in building urban resilience is accurately
and effectively predicting urban risks and their impacts during
spatial planning, alongside devising targeted adaptive planning

1 With the continuous advancement of artificial

strategies
intelligence technologies, data-driven machine learning techniques
have been widely applied in predicting urban waterlogging
risks™"., For instance, Elham Rafiei-Sardooi et al. utilized a
Support Vector Machine model to map the flood vulnerability of
the Khiyav Chai basin in Iran"'; Zhaoli Wang et al. assessed the
flood risk of the Dongjiang basin using a Random Forest model™.,
Compared with traditional hydrological and hydraulic models,

the advantage of machine learning models lies in its ability to
handle complex high-dimensional data with limited computational
resources, especially in analyzing the nonlinear relationships
between multivariate factors and target variables”. However,
traditional machine learning models still face uncertainties

in practice due to issues like overfitting limitation (e.g., only

local optimum is supported when large datasets are used) and
computational challenges (e.g., difficulty in generating optimal
solutions with complex-structured data).

In recent years, a new generation of ensemble machine
learning model, surpassing traditional algorithms in robustness,
has emerged and been widely adopted in fields such as urban
hydrological management”®, The study by Hossein Shafizadeh-
Moghadam et al. showed that ensemble machine learning models
were more accurate and stable than traditional ones in flood
susceptibility prediction'”’; Yuchen Guo et al. also confirmed that
ensemble machine learning models significantly outperform the
traditional model of Backpropagation Deep Neural Network in
flood prediction®; Zening Wu et al. applied the ensemble machine
learning model of Gradient Boosting Decision Tree (GBDT) to
predict urban flood and waterlogging depths, validating its high
accuracy”, Current research often focuses on the practicality of
specific machine learning algorithms in urban flood prediction.
However, there is less exploration of ensemble machine learning
models in multi-scenario urban waterlogging prediction, resulting
in a lack of detailed model comparisons and applications in spatial
practice. This study aims to conduct a detailed comparative
analysis of the ensemble algorithm LightGBM (Light Gradient

)" with three traditional machine learning

Boosting Machine
algorithms, namely Random Forests (RF)!"", Support Vector
Regression (SVR)"?, and Backpropagation Deep Neural Networks

(BPDNN)™, to reveal their performance differences in predicting
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urban waterlogging risks in high-density areas and precisely
dissect the influencing factors.

From the perspective of the built environment, this paper
proposes a series of suggestions for enhancing urban resilience
and provides an innovative method for predicting urban
waterlogging risks in high-density areas, offering valuable
insights and guidance for future urban planning theoretically and
practically.

2 Study Area and Research Methods

This study focused on Shenzhen, a quintessential example of
high-density urbanized city, as the case study, taking the city’s
precipitation events from January 1, 2019 to December 31,

2021 as samples. The research was initiated by constructing a
multifactorial dataset for model training and testing, encompassing
hydrological, meteorological, urban morphology, and waterlogging
event data. The explanatory variables consisted of 3 categories
(i.e., hydro-meteorological factors, urban surface factors, and
architectural configuration factors) with 21 independent
variables, while waterlogging depth being the target variable.

The study assessed the performance of the four machine learning
models—LightGBM, RF, SVR, and BPDNN—in predicting urban
waterlogging risks. Based on the evaluation of model accuracy and
robustness, this study selected the optimal model and generated
the susceptibility distribution map of urban waterlogging risks in
Shenzhen. Building on these predictions, the study then applied
shapley additive explanations (SHAP) to conduct an in-depth
analysis from global feature importance, feature dependency,

and local feature interpretability, offering practical references for
decision-making for urban resilience enhancement (Fig. 1).

2.1 Study Area

Nestled in the southern part of Guangdong Province along the
eastern bank of the Pearl River Estuary, Shenzhen experiences a
typical subtropical monsoon climate with prolonged summers,
short winters, and copious precipitation. By the end of 2022, the
city comprised 9 administrative districts and 1 functional district
(Dapeng New District), spanning an area of 1,997.47 km?""* and
homing a permanent population of approximately 17.66 million"*,
Studies have indicated that Shenzhen’s urban waterlogging
primarily results from the sudden and intense rainstorms in
summer' ™. Statistics show that the city’s annual rainfall averages
1,932.9 mm, of which approximately 86% occurs between April

and September"®. In recent years, along with the expansion of
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built-up areas, substantial alterations in urban spatial structure
and surface conditions have progressively encroached upon
urban green spaces and water retention areas, intensifying urban
waterlogging risks.

2.2 Data Sources and Pre-processing
2.2.1 Data of Urban Waterlogging Depths

The data of urban waterlogging depths between 2019 and 2021
used in this study were sourced from 171 monitoring stations in
Shenzhen, collected by curb membrane pressure sensors, with a
sampling interval of 1 hour (Fig. 2). Taking into account the city’s
geographical and hydrological characteristics, the study area was
divided into 171 sub-catchment units. The original sample data
recorded all the rainfall events from January 1, 2019, to December
31, 2021, totaling 26,305 samples, which were further classified
according to a 12-hour lag time (LTIME); then independent rainfall

7] and rainfall

events were extracted from the continuous time series
events with a total rainfall of less than 1 mm were excluded. After
that, 167 samples of rainfall events which significantly impacted on

urban waterlogging formed the final sample dataset.

2.2.2 Data of Impact Factors

Existing literature has revealed that hydro-meteorological

[18]~[20] [4]1[21]~[24]

, urban surface , and architectural

[4][25]~[2

conditions
configurations "V primarily affect the occurrence and severity of
urban waterlogging. Accordingly, this study selected 21 independent
variables, comprising 2 hydro-meteorological factors™**, 10 urban
surface factors®!**~B" (Table 1), and 9 architectural configuration
factors>!#IB2~B4 (Taple 2) as input features for the models. These

factors were statistically analyzed for each sub-catchment unit.

2.2.3 Rainfall Scenario Simulation

As global climate change intensifies, cities are likely to experience
extreme weather events more frequently in the future, exacerbating
urban waterlogging risks. When assessing the waterlogging risk
of a given area, it necessitates the simulation and prediction of
multiple rainfall scenarios. This study established the one-hour
LTIME and recurrence intervals of 1, 2, 3, 5, 10, and 20 years, thereby
categorizing the 167 rainfall events into 6 scenarios. The storm

intensity was calculated with Shenzhen’s storm intensity formula®*":

_ 8.701(1 +0.594)IgR
1= "t + 11.13)055

: (1)

where g represents the rainfall intensity, t denotes the LTIME, and R
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2. Distribution map of 171 monitoring stations in Shenzhen (source: Meteorological
Bureau of Shenzhen Municipality).

Table 1: Independent variables of hydro-meteorology and surface factors

Category Independent variable Source Spatial
Resolution (m)
Hydro- Rainfall lasting time Meteorological —
meteorology  (LTIME) Bureau of Shenzhen
Municipality

Total rainfall volume

(TOTAL_R)
Surface Percentage of green GlobeLand 30 30 x 30

space (PGS)

Percentage of water
body (PW)

Percentage of
impervious surface (PIS)

Percentage of road (PR)

Average slope (AS) Geospatial Data Cloud 30 x30

Average altitude (AA)

Average roughness

(ARH)

Average relief (ARF)

Distance to river (DR) Google Map —
Normalized difference NASA 250 x 250

vegetation index (NDVI)
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Table 2: Architectural configuration factors

Independent Variable Description Unit Formula Source
. o o . 2 N
Density of buildings (DB) The number of buildings per unit area n/hm DB = 1 OpenStreetMap
Mean building height (MBH) The average height of buildings within a certain area m MBH = N H;
A
Mean building volume (MBV) The average volume of buildings within a certain area m’ MBV = %
Standard deviation of building The average variation of building height within a m N (H; — MBH)?
: : SDBH = |[= =™
height (SDBH) certain area N
Standard deviation of building The average variation of building height within a m’ N _(V; — MBV)?
—_— =
volume (SDBV) certain area SDBV = N
Floor area ratio (FAR) The ratio between the total building floor area and the — NL(F; % S)
total area of the site FAR = A
Building coverage ratio (BCR) The ratio between the area covered by buildings and — NS
the total area of the site BCR A
Building shape coefficient (BSC) The external skin surface divided by the volume of the m™ Yy, P X H; +S;
1= .
buildings BSC = N 4
Building congestion degree (BCD) The total building volume divided by the highest — BCD NV
building volume within a certain area " max(H;) x A

NOTE

N represents the number of buildings within a specific area; A denotes the area of the given site; H, refers to the height of building i; F; indicates the number of floors of building i; S, represents the area

covered by building i; P; is the perimeter of building i; V, signifies the volume of building i (source: Refs. [25][34]).

stands for the recurrence interval. Chicago hyetograph method that
most closely mirrors actual observational conditions

[18][36] wa

then adopted to simulate the precipitation of different recurrence

intervals.

2.3 Research Models and Methods
This study conducted hyperparameter optimization on 4

typical machine learning algorithm models. After training and
testing, it utilized common model assessment metrics (R?,
MAPE, and RMSE) to identify the optimal model for predicting
urban waterlogging depths in high-density areas. Additionally,
the study used SHAP to analyze global feature importance,
feature dependency, and local feature interpretability, so as to
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identify key factors influencing urban flooding and offer targeted
S recommendations for mitigation.

2.3.1 Models of Machine Learning Algorithms
(1) LightGBM

052

The ensemble algorithm LightGBM, developed by Microsoft,
is a distributed gradient boosting algorithm built upon the
Gradient Boosting Decision Tree (GBDT) framework™”, which
stands as one of the most efficient machine learning algorithms
currently available!"”, It introduces three major enhancements to
the traditional GBDT algorithm structure: Gradient-based One-
Side Sampling (GOSS), Exclusive Feature Bundling (EFB), and a
histogram-based decision-making algorithm®. On the basis of the



given training dataset {(x, y;)}i=1" (x, represents the independent
variables and y; denotes the target variables), LightGBM aims

to minimize the expected value of a specific loss function. The
objective function is defined as follows:

n K
0bj = Y 10090+ ) 0f) 2)
i=1 k=1
1
Qfi) = VT+§/1I|wII2, (3)

where Obj represents the objective to be minimized, and I(y;, ¥;)
is the loss function between the actual target value y; and the
predicted value y;. To prevent overfitting, a regularization term is
defined as follows: the regularization component Q(f,) includes
the complexity cost introduced by adding new leaf nodes, where f;
represents the tree model k, y is the complexity cost of introducing
new leaves, T is the number of leaf nodes in the tree, 4 is the leaf
weight adjustment coefficient, and w denotes the weight value of
the leaves.

(2) RF

RF, an ensemble learning model, was first introduced
by Leo Breiman in 2001"", It is an enhanced version of the
bagging decision tree, with the final classification or regression
accomplished by a majority voting scheme among all individual
decision trees””!
(3) SVR
As a branch of SVM, SVR is primarily employed to address

, making it flexible and user-friendly.

regression problems. Its objective is to minimize the distance
between the hyperplane and the farthest sample points so that
the data can be fitted by using the hyperplane. This process
necessitates the selection of an appropriate kernel function.
Studies have shown that the Radial Basis Function (RBF)
outperforms other kernels in urban waterlogging prediction!

(4) BPDNN

BPDNN is a multilayer feedforward network trained via a

12][40]

backpropagation algorithm based on the error between the output
and the desired output. BPDNN can handle nonlinear problems
due to its multilayer structure, making it extensively used in the
risk assessment of flood and waterlogging hazards.®

2.3.2 Assessment Methods of Model Performance

This study employed the metrics of R?, MAPE, and RMSE to
assess and compare the performance of the models. R? quantifies
the fit of the regression model™"; MAPE represents the relative

error between the predictions and actual values™?; RMSE
evaluates the average error between predictions and actual
values™. The mathematical formulas for these metrics are as
follows, respectively:

R0, 9) — 1 a0 =902

0= )7 ()
v 9
MAPE(y,$) = —z |y—‘ Y ‘| , (5)
n i=1 Yi

RMSE(y,y) = (6)

where y, refers to the observation i of waterlogging depth, y;
represents the corresponding predicted urban waterlogging depth
(cm), and n denotes the number of observations.

2.3.3 SHAP Algorithm

The challenge of interpretability, commonly known as the
“black box” issue, remains one of the drawbacks of ensemble
machine learning'**. The SHAP algorithm, based on cooperative
game theory, constructs an additive explanation model that
estimates the contribution of each feature. Numerous recent
studies have started employing SHAP to visually explain
complex ensemble models, validating its strong credibility!**!**],
This study adopted the SHAP algorithm to investigate the global
relationships and importance of various features with respect
to urban waterlogging depths, while also conducting local feature
interpretability analysis, as follows:

M
9@ = po+ ) izl (7)
i=1

where g represents the explanation model, z’€{0, 1}" is the
coalition vector, M is the maximum coalition size, and ¢, denotes
the contribution of feature i to the model output.

In the SHAP algorithm, the contribution of each feature is
determined by their marginal contributions to the output'*”. This
facilitates the interpretation of the machine learning model from
both global and local perspectives. Shapley values not only reflect
the importance of each feature but also indicate the positive or

negative impact on the target variable*®.
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3 Results and Discussion

3.1 Performance Comparison of Algorithm Models

The evaluation of model performance on the training dataset
(Table 3) indicated that LightGBM (R? = 0.96) had a significantly
better fit than RF (R? = 0.89), SVR (R? = 0.78), and BPDNN (R? = 0.69).
Similarly, LightGBM exhibited the highest fitting accuracy
(MAPE = 0.22), with the smallest relative error, exceeded by RF
(MAPE = 0.32), SVR (MAPE = 0.44), and BPDNN (MAPE = 0.63). As
for RMSE, LightGBM showed the lowest value (RMSE = 1.81 cm),
indicating minimal deviation and the best predictive accuracy,
followed by RF (RMSE = 2.26 cm), SVR (RMSE = 3.12 cm), and
BPDNN (RMSE = 3.64 cm). Overall, the sound precision and stability
of LightGBM was demonstrated.

To verify the robustness of the models in predicting urban
waterlogging depth, 25% of the rainfall events (42, totaling 1,790
samples) were used as an independent test dataset based on the
algorithm logics of machine learning. The results confirmed that
LightGBM consistently outperformed other models in predicting
urban waterlogging depth on the test dataset (R = 0.90,
MAPE = 0.28, and RMSE = 2.29 cm).

The results showed that the best-fit lines of LightGBM and RF
are closer to the ideal-fit line of “y = x” (Fig. 3). Further comparative
analysis revealed that although RF performed comparably with
LightGBM when urban waterlogging depths were less than
10 cm, LightGBM excelled when the depths grew. Considering
the comprehensive metric evaluation and the distribution of

Table 3: Performance evaluation of 4 models on training dataset
and test dataset

Model R? MAPE RMSE (cm)

Training Test Training Test Training Test

LightGBM 0.96 0.90 0.22 0.28 1.81 2.29

RF 0.89 0.81 0.32 0.43 2.26 3.15

SVR 0.78 0.43 0.44 0.51 3.12 4.25

BPDNN 0.69 0.67 0.63 0.77 3.64 4.07
NOTE

When an R? value is closer to 1, it indicates a higher degree of model fitting; when a MAPE value is
closer to 0, it indicates a greater accuracy of the predictions; when an RMSE value is closer to 0, it
signifies a smaller prediction error and a stronger predictive capability of the model.
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Scatter plot and fitting lines based on the predicted and observed urban
waterlogging depths of the test dataset (the red line represents the best-fit line,
and the red area indicates the 95% confidence intervall.

absolute error points, it can be concluded that LightGBM significantly
surpassed the other three machine learning models in terms of
prediction accuracy and robustness. Thus, this study employed
LightGBM to predict urban waterlogging depths under different
rainfall scenarios in Shenzhen and create corresponding urban
waterlogging risk maps.

3.2 Predictions of Urban Waterlogging Depths

Utilizing the natural break method, this study classified the peak
waterlogging depth risks in the sub-catchment units into 5 categories:
very low (0 ~ 5 cm), low (5 ~ 10 cm), moderate (10 ~ 15 cm), high
(15 ~ 20 cm), and very high (= 20 cm). The study set the one-hour
duration and compared the waterlogging risk variations across
different recurrence intervals—1, 2, 3, 5, 10, and 20 years (Fig. 4).

As the rainfall recurrence interval increased from 1 year to 10, the
proportion of very low risk zones in Shenzhen gradually decreased,
while those considered low and medium risk zones correspondingly
increased (Fig. 4). During this phase, no high and very high risk
zones were observed, indicating that despite local waterlogging may
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occur in the areas with outdated drainage facilities, the majority of
Shenzhen’s drainage systems can effectively respond to moderate
rainfall events. However, when the recurrence interval extended

to 20 years, the spatial distribution of urban waterlogging risk
significantly changed, particularly with a notable increase of
medium risk zones. This revealed that most areas in Shenzhen
would experience varying degrees of urban waterlogging during
20-year rainfall events, with high risk zones mainly found in older
districts with complex drainage and terrain conditions, such as
Nanshan, Futian, and Pingshan Districts.

3.3 Model Interpretability Analyses
3.3.1 Global Feature Importance

Global feature importance quantifies the impact of each feature
on prediction outcome within a given model, primarily assessed
through the absolute average of each variable’s Shapley value*’!. By
calculating all the features (Fig. 5), the analysis revealed that among
the top 60% of the features, the hydro-meteorological factors,
especially TOTAL_R and LTIME, had a profoundly significant impact
on the model, each contributed 24.6% and 15.8% of the importance;
PW and PIS had importance contributions of 6.4% and 5.1%,
and BCD and DB contributed 4.4% and 4.1% of the importance,
respectively.

Overall, hydro-meteorological factors significantly outweighed
the impact of the other two kinds of factors on urban waterlogging
depth, confirming previous studies that identified rainfall
amount and duration as the main inducing factors of urban

[181~20] Meanwhile, PW was the only feature that had a

waterlogging

mitigating effect on urban waterlogging. This somehow explains why

many cities construct artificial lakes within urban areas—to capture

runoffs during extreme rainfall events, alleviating pressure on

downstream water bodies and stormwater infrastructure networks.
Among the architectural configuration factors, both BCD and

DB describe building density. As these two features increase, there

is a corresponding rise in PIS, which leads to a reduction in the

stormwater retention capacity of blue-green infrastructure, thereby

increasing the likelihood of urban waterlogging.

3.3.2 Feature Dependency
To delve into the nonlinear relationships between urban
waterlogging depth and the primary disaster-inducing factors, this

4. Urban waterlogging susceptibility distribution maps under different rainfall
recurrence intervals for one-hour duration.
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study employed feature dependency plots of SHAP to reveal the
contribution of individual variables to a given model’s output. The
feature dependency plot illustrates the extent to which a particular
feature modifies the model’s prediction, visualizing the marginal
effects between feature values and their corresponding Shapley
values. The sign of Shapley values (+/-) indicates whether a specific
feature has a positive or negative impact on the prediction®.
According to the results of the global importance analysis, the six
most highly ranked features from the three categories of factors
were selected for further analysis.

(1) Hydro-meteorological factors

The results demonstrated a generally positive correlation
between TOTAL_R and urban waterlogging depth (Fig. 6-1).
When TOTAL_R was below 25 mm, it slightly impacted on urban
waterlogging. However, as TOTAL_R exceeded 25 mm, its impact
manifested by three stages: initially, urban waterlogging risk
escalated as the total rainfall increased from 25 mm to 100 mm,
with the average Shapley value rising from 2 to approximately 6; the
impact of rainfall stabilized when TOTAL_R was between 100 mm
and 125 mm, indicating a marginal effect that additional increases
in rainfall do not exacerbate urban waterlogging; when the rainfall
surpassed 125 mm, the average Shapley value climbed swiftly again,
and urban waterlogging risk kept increasing, possibly due to the
limitation of the urban drainage system’s capacity. Although local
variations in urban environment and infrastructure might affect
their sensitivity to rainfall, in general, the strong influence of rainfall

High
TOTAL_R

LTIME
PW
PIS

BCD
DB
AS

- -a_t:c- BCR

- . MBH
3_ ARF
- — DR

PR

Feature value

:

-4 PGS
s MBY
AA
b FAR

BSC
NDVI
SDBH

on urban waterlogging risk is consistent across nearly all regions.

The dependency plot of Shapley value for LTIME (Fig. 6-2)
showed that when the duration of continuous rainfall was less than
55 hours, LTIME had a fluctuating impact on the model’s output.
Although prolonged LTIME exacerbated urban waterlogging risk,
it did not exhibit a linear growth effect similar to that of TOTAL_R.
However, once the duration exceeded 55 hours, the Shapley values
surged dramatically. The study suggests that for LTIME less than 55
hours, the hourly rainfall of most events did not reach the disaster-
inducing threshold, thus exerting a less intense pressure on urban
waterlogging depth.

(2) Urban surface factors

The feature dependency plot for urban surface factors indicated
that PW can lower the urban waterlogging risks (Fig. 7-1): the
higher proportion of water bodies correlated with stronger
mitigation of urban waterlogging; after reaching a certain threshold
(12.5%), it exhibited no further impacts on waterlogging. When
PW was below 1.2%, the stormwater retention capacity of water
surfaces was minimal. However, once the proportion exceeded 2.5%,
the mitigation effect on urban waterlogging gradually augmented.
According to the research by Wenchao Qi et al., urban lakes can
provide substantial buffer areas for runoff during flood seasons,
thereby facilitating urban waterlogging management®". Hence,
preserving natural lakes and strategically constructing urban
artificial lakes are beneficial for stormwater management.

The impact of PIS on urban waterlogging can be unfolded in

5. Scatter plot of feature Shapley values (left)
and global feature importance ranking plot
(right) of LightGBM model.

6. Dependency plot of important variables
and Shapley value (the black line marks
the division between different stages):
dependency plot of Shapley value for
TOTAL_R (Fig. 6-1); dependency plot of
Shapley value for LTIME (Fig. 6-2).

7. Dependency plot of important variables and
Shapley value: dependency plot of Shapley
value for PW (Fig. 7-1); dependency plot of
Shapley value for PIS (Fig. 7-2).

8. Dependency plot of important variables and
Shapley value: dependency plot of Shapley

- r SDBY
-4 ARH
3
)
0

Low 35 33 25 20 15 10 5 5 00 02 04 06 08 10

Shapley value (impact on model output) Mean (IShapley valuel)
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value for BCD (Fig. 8-1]; dependency plot
of Shapley value for DB (Fig. 8-2).
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three stages (Fig. 7-2): 1) shifting from 0 to 15%, the Shapley
values remained close to zero, suggesting a slight impact; 2) the
impact gradually intensified once exceeding the 15% threshold
and peaked at 30%®; and 3) there observed no further rise
if beyond 30%. Relevant research indicated that the spatial
configuration of impervious surfaces significantly affects urban
waterlogging. Reducing PIS can provide sufficient space for
vegetation to intercept and for soil to absorb rainwater, thereby
lowering peak runoff and mitigating urban waterlogging'”.

(3) Architectural configuration factors

In terms of architectural configuration, BCD had an impact on
urban waterlogging depth (Fig. 8-1), with a noticeable increase
in average Shapley value within [0.01, 0.02]. Examination of
sample data revealed that these sub-catchment units were
primarily covered by hard paving; despite their low DB, the
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extensive impervious surfaces impeded effective infiltration and
retention of rainfall, leading to an increase of transient runoff and
thus triggering urban waterlogging. Therefore, the proportion of
impervious pavement should be strictly controlled in urban design
or renewal practice. A more significant compressive effect on urban
waterlogging was observed when BCD exceeded the threshold of 0.08.
Meanwhile, DB exhibited clear spatial heterogeneity in its impact on
urban waterlogging (Fig. 8-2). Even with the same DB conditions,
differences in building layout, height, and morphology can lead to
variations of Shapley values. When DB is below 15 buildings per
hectare, Shapley values fluctuated between [- 0.5, 1.0]; while above
this DB threshold, Shapley values ranged [0.0, 2.0], indicating a
significant increase of urban waterlogging risk.

3.3.3 Local Feature Interpretability

The contribution analysis of different features to the model
output for each sub-catchment units can provide an in-depth
understanding of the impact of spatial heterogeneity on urban
waterlogging, and inform the development of adaptive strategies.
Based on previous predictions (Fig. 4), two sub-catchment units
of high waterlogging risk in Shenzhen were selected for individual
sample feature analysis, where unit A represents a high-density
historical downtown of Shenzhen and unit B represents a newly
developed coastal area of the city (Fig. 9)®.

For unit A, the features of TOTAL_R, BCR, PIS, and MBV
accounted for the top 80% of the contribution. Consistent with the
results of previous global feature importance analysis, TOTAL_R
was the most significant factor affecting urban waterlogging risk in
the unit; the other three were architectural configuration factors.
Locating in the old city area, unit A had an extreme high DB with
complex road system and a large coverage of impervious surfaces,
aggravating substantial runoff during extreme rainfall events.

In unit B, the features contributing to the top 80% of the
importance were TOTAL_R, MBV, BCR, PIS, and LTIME. Additionally,
possibly due to the differences in PGS, comparing to unit A, the
contribution of PGS obviously increased. This could be attributed
to the location of unit B in the coastal commercial and high-end
residential areas, where, despite the densely distributed buildings,
coastal greenbelts, wetland parks, and roadside green space have

(D When PIS exceeded 30%, the impacts on urban waterlogging were not
strengthened. Thus it mainly presents the range of 0 to 30% in Fig. 7.

(2) Since the contribution value of the features at a lower rank is too small and not
typical for further discussion, the local feature interpretability analysis focused on
the top 7 contributing features.
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9. Sample locations of unit A and unit B (left), and the rankings of local feature contributions (right].

together highlighted the contribution of PGS in the model, exerting a
mitigating effect on urban waterlogging.

4 Conclusions and Perspectives

Based on the observed data of urban waterlogging records in
Shenzhen between 2019 and 2021, this study integrated hydro-
meteorological, urban surface, and architectural configuration
factors to predict urban waterlogging risk using four machine
learning models—LightGBM, RF, SVR, and BPDNN. By comparing the
performance of the models, LightGBM was selected as the optimal
predictive model for urban waterlogging risk assessment, leading to
the following conclusions.

When experiencing high-recurrence rainfall events (e.g., once
every 20 years), the high risk zones in Shenzhen will emerge
predominantly in the old city districts of Nanshan, Futian, and
Pingshan. Feature analysis of the models indicated that hydro-
meteorological factors (including TOTAL_R and LTIME) were the
primary disaster-inducing elements, contributing 40.4% to the model.
The impact on urban waterlogging became particularly pronounced
when TOTAL_R exceeded 125 mm or LTIME exceeds 55 hours. PW was
the only feature showing a mitigating effect on urban waterlogging,
and when it exceeds 2.5% the stormwater regulation and retention
capacity enhanced. Features reflecting building density exhibited
significantly positive correlation with urban waterlogging risk once
exceeding certain thresholds. Notably, the interpretability of urban
surface factors like ARF was relatively low, which may be related
to the minor topographical changes and high imperviousness in
Shenzhen’s built-up areas. TOTAL_R and DB remained the primary
features locally affecting urban waterlogging depth, while in certain
regions, blue-green infrastructure played a crucial role in mitigating
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urban waterlogging.

The LightGBM-based method for predicting urban waterlogging
risk proposed and validated in this study is of universal significance.
The analysis of critical factors affecting urban waterlogging
through interpretability algorithms can provide guidance for urban
planning and construction. In the development of high-density
urban areas, it is necessary to strengthen the renovation of old
neighborhoods, restore natural ecosystems, promptly improve the
capacities of drainage and flood prevention infrastructure. It also
needs to restore and expand water bodies for natural regulation
space expansion in and around cities, and to construct flood storage
and security engineering projects according to relevant standards
and plans. Furthermore, it is necessary to create more open green
spaces integrating spatial and vertical design in urban construction
and renewal; adaptively increase the proportion of permeable
pavement; and promote the construction of sponge cities to
preserve natural rainwater and flood channels and storage spaces
including rivers, lakes, and wetlands, establishing a comprehensive
ecological infrastructure system.

Due to the constraints in acquiring urban pipeline network
data'® this study employed road factor (PR) as a proxy. This can
reflect the efficiency of urban drainage to a certain degree, but
there are still some limitations. Utilizing data with higher spatial
resolution would reveal urban waterlogging dynamics with greater
details and increase the precision of the identification and analysis
of the key factors. Future studies could also integrate hydrological
and hydraulic models for more targeted and accurate experiments.

Competing interests | The authors declare that they have no competing interests.
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