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Highlights

What are the main findings?

• Meteorological factors exhibit pronounced threshold effects, whereby exceeding criti-
cal rainfall levels triggers a nonlinear escalation in urban inundation severity.

• Urban morphology primarily governs spatial risk heterogeneity under non-extreme
rainfall conditions.

What are the implications of the main findings?

• The identified rainfall characteristic thresholds offer critical references for refining
early warning systems and optimizing drainage infrastructure.

• Optimizing building configurations offers a practical and innovative planning strategy
to enhance urban flood resilience.

Abstract

Urban flooding poses escalating threats to high-density cities, yet the nonlinear mechanisms
linking rainfall characteristics and urban morphology to waterlogging severity remain
poorly understood. This study proposes a rainfall-stratified explainable machine learning
framework to distinguish deep from shallow inundation at the block scale, taking Shanghai
as a case study. Four models (XGBoost, random forest, SVM, and logistic regression)
were compared via nested cross-validation and Bayesian optimization, with XGBoost
identified as the optimal model. Three physically distinct rainfall dimensions and multi-
dimensional urban morphological indicators were incorporated as predictive features.
SHAP-based attribution and PDP were employed to unveil the driving mechanisms behind
inundation severity, characterizing scenario-dependent shifts in driver dominance and
nonlinear threshold effects. Urban morphology primarily governs spatial risk under non-
extreme rainfall, with building shape coefficient (BSC) remaining the primary driver overall.
Meteorologically, waterlogging severity surges beyond critical thresholds for maximum
hourly rainfall (>18.40 mm/h) and total volume (>139 mm), while duration exhibits an
inverted U-shaped response. Morphologically, a high BSC (>0.39 m−1) is consistently
associated with elevated deep inundation probability, whereas higher SDBV (>54,155 m3)
and greater DR (>582 m) are associated with a severity-attenuating effect. These findings
provide threshold-driven insights for integrating morphological resilience into urban
renewal and sustainable flood adaptation strategies in high-density metropolises.
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1. Introduction
Urban pluvial flooding ranks among the most pervasive and economically de-

structive natural hazards globally [1]. This crisis is increasingly exacerbated by rapid
urbanization [2,3]. Particularly, the compound effects of climate-driven extreme precip-
itation and urban expansion have drastically escalated flood exposure in high-density
metropolises [4]. Therefore, unraveling the nonlinear interactions between meteoro-
logical extremes and the spatial heterogeneity of urban underlying surfaces is of vital
importance [5]. Such knowledge forms the essential prerequisite for formulating evidence-
based disaster reduction strategies and enhancing spatial flood resilience.

Conventional spatial risk assessment approaches, such as GIS-based multi-criteria
decision analysis (GIS-MCDA) integrated with the analytic hierarchy process (AHP) [6–8]
and its extensions incorporating physically-based models such as HEC-RAS 2D for
calibration [9–12], have been widely applied to delineate flood-prone zones. However,
the weighting of indicators in MCDA-AHP frameworks relies heavily on expert judgment,
introducing subjectivity and limiting reproducibility across different study contexts. In
contrast, coupled hydrological-hydrodynamic models such as the Storm Water Manage-
ment Model (SWMM) [13–15], MIKE URBAN [16–18], and InfoWorks ICM [19–22] have
been widely adopted for urban inundation simulation, explicitly representing rainfall-
runoff processes, pipe network dynamics, and surface flow routing. While capable of
spatially explicit flood simulation, these models are computationally prohibitive for real-
time applications [23] and require extensive data inputs and calibration effort, limiting their
operational scalability [24,25].

To overcome these computational and data-related barriers, data-driven approaches,
particularly machine learning (ML) models, have emerged as highly efficient alternatives for
urban flood susceptibility assessment [26–28], capable of learning complex nonlinear map-
pings from historical records without explicit hydraulic parameterization [29,30]. Tehrany
et al. [31,32] and Bera et al. [32] demonstrated that support vector machine (SVM) has
strong predictive accuracy and superiority over conventional approaches. While ensemble
methods such as random forest (RF) and gradient boosting algorithms including extreme
gradient boosting (XGBoost) have shown enhanced performance in handling nonlinear
relationships and high-dimensional feature spaces [33–35]. Nevertheless, comparative
results remain inconsistent across geographical contexts, with some studies finding RF
superior to XGBoost [36,37]. Such inconsistencies highlight the absence of a universally
superior model, necessitating systematic evaluation for site-specific urban waterlogging
prediction. While most ML-based studies focus on spatial susceptibility to estimate the
probability of waterlogging occurrence [38–40], assessing the severity of inundation in
already-flooded areas is equally critical. Predicting whether a waterlogging event will
exceed critical depth thresholds carries direct operational relevance for emergency response
and infrastructure triage.

Beyond model selection, existing machine learning-based studies on urban water-
logging still exhibit certain limitations in feature variable construction. First, regarding
meteorological factors, most research is largely confined to total rainfall volume, neglecting
the independent contributions of rainfall intensity and duration [41,42]. High-intensity
short-duration bursts can trigger waterlogging even at low cumulative volumes [43], as
rainfall structural features exert fundamentally different hydrological impacts on drainage
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capacity and peak runoff generation [44–46]. Zhou et al. [47] demonstrated that short-
term intensities, temporal asymmetry, and peak-mean ratios provide complementary
explanatory power beyond total rainfall volume alone, suggesting that a multidimensional
characterization of rainfall structure may better capture the hydrometeorological drivers
of inundation severity. Furthermore, concerning urban morphology, the influence on in-
undation risk is predominantly characterized through 2D land cover metrics (such as the
proportion of impervious surfaces, land use, soil properties, NDVI, and DEM) [48–51], but
limited attention has been paid to the critical role of 3D building configurations in altering
surface runoff pathways and hydraulic connectivity. Wang et al. [52] demonstrated that
the 3D spatial patterns of cities significantly impact urban flooding. Specifically, the aggre-
gation of buildings (e.g., higher building density and compact building forms) influences
the behavior of rainfall runoff in complex ways. Lin et al. [53] and Zhang et al. [54] both
revealed that building coverage rate, building congestion degree, and building density
exerted a dominant influence on pluvial flooding.

Despite the predictive advances offered by machine learning models, their inherent
black-box nature has long impeded the interpretability of model outputs [55–57], limiting
the capacity of decision-makers to understand the underlying physical mechanisms driving
urban inundation. To address this interpretability gap, explainable artificial intelligence
(XAI) techniques have been increasingly integrated into urban flood research. Among these,
Shapley Additive exPlanation (SHAP), which is rooted in cooperative game theory, has
emerged as a particularly rigorous framework for quantifying the marginal contribution
of each feature to individual predictions [58,59], while partial dependence plots (PDPs)
visualize average and instance-level feature effects, facilitating the identification of risk
thresholds [60,61]. Collectively, these interpretable techniques have demonstrated consider-
able effectiveness in quantitatively disentangling nonlinear interactions among complex
drivers of hydroclimatic processes [62–65]. Li et al. [66] established the XGBoost-SHAP
framework, which revealed the complex bidirectional drivers of urban inundation: factors
such as daily rainfall volume, river density (RVD), and temperature (Temp) act as primary
positive drivers of flood risk. Zhou et al. [67] employed SHAP-PDP analysis to identify the
dominant drivers of urban flooding risk, among which rainfall characteristics and built
environment indicators were the primary contributors to flood susceptibility.

However, most existing SHAP applications rely heavily on global feature
importance [38,67–70], implicitly assuming that predictor influence remains constant across
all meteorological conditions. This ignores the dynamic nature of urban waterlogging
mechanisms. In reality, the dominant drivers shift under different rainfall scenarios: urban
morphology primarily dictates spatial risk during moderate rainfall, whereas extreme pre-
cipitation can easily overwhelm these local structural effects. However, the stratification cri-
teria used to delineate such rainfall boundary conditions, and the robustness of mechanism
shifts across alternative stratification schemes, have rarely been systematically examined.

To address the aforementioned gaps, this study proposes a rainfall-stratified explain-
able machine learning framework to assess block-scale urban waterlogging severity, specif-
ically, distinguishing deep from shallow inundation among historically flooded blocks in
Shanghai, China. The specific objectives of this research were fourfold: (1) constructing
a comprehensive multidimensional framework integrating meteorological forcings, land
surface characteristics, and building configurations for urban waterlogging depth severity
classification; (2) developing a cascade modeling pipeline coupled with Bayesian opti-
mization to identify the most robust predictive algorithm; (3) predicting the probability
of deep inundation (≥20 cm) conditional on waterlogging occurrence under different
rainfall scenarios and map the severity probability, exploring how hydrometeorological
factors influence the shift in depth severity; and (4) deciphering the nonlinear interactive
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mechanisms and extract the critical morphological thresholds governing inundation depth
using explainable artificial intelligence (XAI). The findings aim to provide quantitative
insights into inundation adaptation strategies for sustainable urban planning and design in
high-density urban environments.

2. Study Area and Materials
2.1. Study Area

This study selected the central urban area of Shanghai as its research region to in-
vestigate the nonlinear mechanisms of urban flooding within city blocks under different
rainfall scenarios. Shanghai is located on the eastern coast of China, at the mouth of the
Yangtze River (30◦40′–31◦53′N, 120◦52′–122◦12′E), covering a total area of approximately
6340.5 km2 (Figure 1). As China’s largest financial center and a megacity with a permanent
resident population exceeding 24 million, Shanghai has experienced rapid urbanization
accompanied by substantial changes in land surface characteristics, resulting in a high
proportion of impervious surfaces. The city’s long-term mean annual precipitation ranges
from approximately 1200 mm to 1400 mm, with roughly 60% concentrated during the
flood season (May to September). The predominance of artificial surfaces weakens the
natural infiltration capacity and alters urban hydrological processes, leading to earlier
peak runoff and increased runoff volume, which frequently trigger severe pluvial flooding.
According to the Shanghai Water Affairs Bureau, as of the end of 2025, the majority of
Shanghai’s municipal drainage infrastructure was designed to withstand rainfall events
with a 1-year return period, which represents a relatively low level of flood protection
capacity. Only approximately 29% of the stormwater pipe network has been upgraded to
meet the 3–5-year return period standard. Furthermore, certain low-lying residential areas
located at the periphery of pumping station service zones are particularly vulnerable to
urban flooding, as these areas are prone to large-scale inundation during heavy rainfall
events due to insufficient drainage capacity. This structural vulnerability in the drainage
system underscores the practical significance of investigating the meteorological and urban
morphological factors driving urban flood risk in Shanghai.

Figure 1. The study area and waterlogging records in the urban area of Shanghai.
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2.2. Data
2.2.1. Spatial Analysis Unit

Shanghai is a typical plain city, characterized by negligible micro-relief and a mean
elevation of approximately 4 m. Previous studies [71] often employed gravity-based
natural drainage algorithms, which are limited in high-density urban areas subject to
substantial human intervention. This study adopted the city block, delineated by the
urban road network, as the fundamental spatial unit. The central urban area of Shanghai
is accordingly divided into 443 blocks (Figure 1). The road network functions as both
an “artificial watershed” and a “convergence channel”, governing the partitioning of
surface runoff and the drainage of the sewer system. From an urban planning perspective,
block-scale indicators are the primary units of morphological control, making this spatial
unit particularly suitable for translating research findings directly into planning and risk
mitigation strategies.

2.2.2. Recorded Waterlogging Data

The flood inundation data used in this study were provided by the Shanghai Water
Affairs Bureau, covering the period from 2018 to 2024. The dataset comprises records
from 650 historical waterlogging events monitored by road-shoulder sensors, document-
ing the geographic location, inundation duration, and depth of each event. Geographic
coordinates were extracted via geocoding, and a spatial join operation using the nearest
neighbor algorithm was performed in QGIS 3.42.3 to assign individual flood records to
their corresponding block polygons.

To address spatiotemporal heterogeneity, the 650 point-level waterlogging records
were aggregated to the block scale using urban blocks and rainfall dates as joint identifiers.
Where multiple sensor points fell within the same block during the same rainfall event, the
maximum observed inundation depth was retained as the representative target value for
that block-date unit. This approach is grounded in the hydraulic interpretation of urban
inundation: the severe water depth at a single location is not an isolated issue, but rather a
direct reflection of the overall drainage burden imposed on the entire block. Adopting the
maximum depth therefore provides a conservative and operationally appropriate estimate
of the block’s worst-case inundation state, consistent with the risk-oriented framing of
this study.

This aggregation process yielded 379 unique block-date samples. All samples origi-
nated from verified waterlogging events in the historical record; no blocks without waterlog-
ging records were included. To formulate the machine learning task, a binary classification
scheme was applied using a 20 cm severity threshold. The 224 samples at or above 20 cm
represented deep inundation events (labeled as 1, the positive class), while the 155 samples
with a maximum water depth below 20 cm represented shallow inundation events (labeled
as 0, the negative class). Accordingly, the classification task in this study should be un-
derstood as distinguishing deep from shallow inundation within the universe of recorded
waterlogging events.

The 20 cm threshold was selected on the basis of two complementary rationales. First,
it corresponds to a formally established operational standard in Shanghai: municipal regu-
lations specify that roads are subject to traffic restriction when the inundation depth reaches
20 cm (Shanghai Special Emergency Plan for Flood and Typhoon Prevention). Second,
from a statistical standpoint, 20 cm is the median of the maximum depth distribution
in the dataset (mean = 20.45 cm, median = 20 cm, SD = 9.08 cm, range: 5–50 cm), yield-
ing a positive-to-negative sample ratio of approximately 1.45:1. This near-balanced class
structure reduces the risk of class imbalance during model training and provides a stable
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foundation for classification. The convergence of regulatory significance and distributional
balance reinforces the suitability of 20 cm as the classification boundary for this study.

2.3. Explanatory Factors

Urban flooding results from the complex interaction of multiple environmental condi-
tions. To reflect its true driving mechanisms, this study integrated findings from previous
research while addressing gaps in factor selection. Based on this, 21 variables were se-
lected, comprising 3 meteorological factors, 9 surface morphological factors, and 9 building
configuration factors.

2.3.1. Meteorological Factors

Meteorological data were obtained from the China Meteorological Administration
at a station located at 121◦25′54′′E, 31◦11′32′′N, with a 1-h sampling interval. Records
corresponding to 40 rainfall dates with documented inundation events were extracted. To
capture distinct dimensions of rainfall characteristics, three key variables were calculated
for each event: (1) total rainfall volume (cumulative 24-h precipitation), representing
the overall water load input to the drainage system; (2) maximum hourly rainfall (peak
recorded hourly precipitation), indicating the instantaneous hydraulic stress imposed
on urban infrastructure; and (3) rainfall duration (total consecutive hours with rainfall
exceeding 0.1 mm), serving as a proxy for the sustained loading of the drainage network.

2.3.2. Surface Morphological Factors

In urban flood risk assessments, topography is a fundamental determinant of surface
runoff pathways. Three topographic indicators were incorporated in this study: average
slope (AS), average altitude (AA), and average roughness (ARH). ARH is a macro-scale
indicator quantifying the complexity of surface topographic undulations, defined as the
ratio of actual surface area to projected plan area. Blocks characterized by steeper slopes
and greater topographic roughness generally exhibit lower flood susceptibility.

Underlying surface factors introduce significant spatial heterogeneity in urban flood-
ing dynamics by altering the surface runoff generation and infiltration processes. This study
incorporated four land cover indicators: green space ratio (GSR), impervious surface ratio
(ISR), water coverage ratio (WCR), and the normalized difference vegetation index (NDVI).
NDVI, ranging from −1 to 1, serves as a proxy for vegetation density; higher values indicate
that dense vegetation cover contributes to precipitation interception, suppression of soil
erosion, and enhanced soil water retention capacity. ISR reflects the extent of hardened
surfaces that impede infiltration, while WCR reflects the proportion of surface water bodies
within each block.

Distance to river (DR) quantifies the spatial proximity of each block to the nearest
waterway, derived using Euclidean distance within QGIS. Blocks adjacent to rivers face
elevated flood risk due to potential backwater effects and riverbank overflow. Road density
(RD) exerts a dual influence on urban flooding: on the one hand, a high-density road
network increases impervious surface coverage and accelerates surface runoff; on the other
hand, it may reflect a more developed underground drainage infrastructure, which can
partially mitigate flood risk. The data sources and spatial resolutions, and format for all
aforementioned feature variables are summarized in Table 1, and the raster maps of the
topographic factors are illustrated in Figure 2.
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Table 1. Description and sources of the main data.

Data Type Source Spatial
Resolution Format Data Time

DEM ASTER GDEM V3 (https://www.gscloud.cn/, accessed
on 25 October 2025) 30 m GeoTIFF 2025

Landuse SinoLC-1 (https://doi.org/10.5281/zenodo.7707461,
accessed on 3 November 2025) 1 m GeoTIFF 2023

River
network

Open Street Map (https://www.openstreetmap.org/,
accessed on 5 November 2025) / Shapefile 2022

Rainfall data China Meteorological Administration (CMA)
(https://data.cma.cn/, accessed on 25 November 2025) 1 h CSV 2018–2024

Building
data

Building height of Asia in 3D-GloBFP
(https://www.openstreetmap.org/, accessed on 3
November 2025)

/ Shapefile 2024

NDVI National Ecosystem Science Data Center
(https://nesdc.org.cn/, accessed on 5 November 2025) 30 m GeoTIFF 2022

Urban road Open Street Map (https://www.openstreetmap.org/,
accessed on 12 November 2025) / Shapefile 2022

Figure 2. Distribution maps of surface morphological factors in Shanghai. (a) altitude; (b) surface
slope; (c) terrain roughness; (d) NDVI; (e) distance to river; (f) landuse.
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2.3.3. Building Configuration Factors

Urban morphological factors, encompassing both two-dimensional surface character-
istics and three-dimensional building configurations, have been shown to jointly govern
flood discharge and inundation depth [69,72]. To accurately quantify the impact of block-
level morphology on urban flooding, this study selected nine three-dimensional building
indicators, organized into three functional groups. First, density of buildings (DB), building
coverage ratio (BCR), and building congestion degree (BCD) serve as density indices to
characterize the three-dimensional compactness and spatial packing of building clusters.
Second, mean building height (MBH), standard deviation of building height (SDBH), and
floor area ratio (FAR) quantify the vertical development intensity and spatial heterogeneity
of building height distribution. Third, mean building volume (MBV), standard devia-
tion of building volume (SDBV), and building shape coefficient (BSC) characterize the
volumetric scale and morphological compactness of the built environment. The complex
three-dimensional configuration of urban buildings can substantially redirect surface runoff
pathways and increase the load on drainage systems. A well-distributed spatial arrange-
ment of buildings helps disperse runoff and mitigate locally concentrated flow, thereby
reducing urban flood risk. A summary of all variables is presented in Table 2.

Table 2. Detailed information of building configuration factors.

Full Name of Index Formula Unit Description

Density of buildings (DB) DB = N
A n/ha DB measures the number of buildings

per unit area

Mean building height (MBH) MBH = ∑N
i=1 Hi

N
m MBH measures the average height

of buildings

Mean building volume (MBV) MBV = ∑N
i=1 Vi

N
m3 MBV measures the average volume

of buildings

Standard deviation of building
height (SDBH) SDBH =

√
∑N

i=1 (Hi−MBH)2

N
m SDBH measures the variation of

building height

Standard deviation of building
volume (SDBV) SDBV =

√
∑N

i=1 (Vi−MBV)2

N
m3 SDBV represents the degree of

differences between buildings

Floor area ratio (FAR) FAR = ∑N
i=1 (Fi∗Ai)

A
-

FAR calculates the percentage of
building floor area to the district
whole area

Building coverage ratio (BCR) BCR = ∑N
i=1 Ai

A
- BCR represents the ratio of area of

building i to the whole area

Building shape coefficient (BSC)
BSC =

∑N
i=1

Pi ∗ Hi + Ai
Vi

N

m−1 BSC calculates the average ratio of i
surface area to the volume

Building congestion degree (BCD) BCD = ∑N
i=1 Vi

max(Hi)∗A
-

BCD represents total building volume in
district divide the biggest
building volume

Note: All metrics were measured within each block.

3. Methodology
As depicted in Figure 3, the overall analytical pipeline for assessing urban waterlog-

ging severity and dynamically decoupling its driving mechanisms comprised four inter-
connected phases. (1) candidate features from three core aspects were screened through
correlation and multicollinearity analysis to determine the final model inputs. (2) four
machine learning classifiers (XGBoost, random forest, SVM, and logistic regression) were
trained and systematically compared using five evaluation metrics to identify the optimal
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model. (3) the calibrated optimal model was applied to predict deep inundation probabili-
ties and generate spatial risk maps under different rainfall scenarios. (4) rainfall-stratified
SHAP analysis and partial dependence plots (PDPs) are employed to decouple the nonlin-
ear contributions and threshold effects of meteorological and morphological drivers across
varying precipitation categories.

 

Figure 3. The four-step analytical framework of this study.

3.1. Feature Selection via Spearman Correlation and Multicollinearity Diagnosis

To reduce dimensionality and mitigate overfitting, feature selection was conducted
prior to model construction in two sequential steps. Given the non-normal distribution of
the meteorological and urban morphological variables (e.g., green coverage ratio, build-
ing density) and their nonlinear relationships with inundation depth, Spearman’s rank
correlation was employed to assess monotonic associations between features, with one
variable removed from the correlated set exceeding 0.8. Multicollinearity was subsequently
diagnosed using the variance inflation factor (VIF), and features with VIF ≥ 10 were ex-
cluded following the widely adopted criterion [73]. Although tree-based ensemble models
exhibit an inherent tolerance to multicollinearity, severe inter-feature correlations can in-
troduce redundant attribution among overlapping features, compromising the stability
of downstream SHAP-based interpretability analysis. This dual-stage procedure ensures
that the retained feature subset represents physically independent contributions to urban
waterlogging severity.
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3.2. Principle of the Algorithm

To investigate its driving mechanisms, this study selected logistic regression (LR),
support vector machine (SVM), random forest (RF), and extreme gradient boosting (XG-
Boost) for modeling and comparative evaluation. LR served as the baseline given its linear
interpretability. SVM was included for its ability to handle high-dimensional non-linear
data [74], while RF and XGBoost were selected as ensemble methods known for capturing
complex feature interactions with built-in overfitting control. The core principles and
mathematical formulations of the optimal model (XGBoost) are described in detail here,
and those of the remaining models (LR, SVM, and RF) are provided in Appendix A.

Extreme Gradient Boosting (XGBoost)

XGBoost is an advanced ensemble algorithm based on the framework of gradi-
ent boosted decision trees (GBDTs). It sequentially builds trees in a forward stagewise
manner. At each boosting round t, the objective function Obj(t) utilizes a second-order
Taylor expansion to accelerate convergence, while simultaneously integrating a regular-
ization term Ω( ft) to penalize model complexity and prevent overfitting during binary
classification [75].

Obj(t) ≈ ∑N
i=1

[
gi ft(xi) +

1
2

hi f 2
t (xi)

]
+ γT +

1
2

λ∑T
j=1 w2

j (1)

where gi and hi are the first- and second-order gradients of the loss function, respectively.
In the regularization term, T denotes the number of leaf nodes, wj is the leaf score (weight)
of the j-th leaf, and γ and λ are penalty coefficients controlling model complexity.

For a fixed tree structure, setting the derivative of the objective with respect to wj to
zero yields the optimal weight w∗

j for the j-th leaf node (i.e., the predicted weight for deep
inundation for samples falling into that leaf):

w∗
j = −

∑i∈Ij
gi

∑i∈Ij
hi + λ

(2)

During tree construction, the optimal split point for each feature is determined by
maximizing the reduction in the objective function. Substituting w∗

j back into the objective
yields the score for a given tree structure, from which the splitting Gain is derived as

Gain =
1
2

[
(∑ gL)

2

∑ hL + λ
+

(∑ gR)
2

∑ hR + λ
− (∑ gL + ∑ gR)

2

∑ hL + ∑ hR + λ
− γ

]
(3)

where subscripts L and R denote the left and right child nodes after splitting, respectively,
and the third term represents the score of the parent node before splitting. The Gain
function thus balances predictive improvement against model complexity, where γ directly
controls the minimum gain required to justify a further split. This regularization mechanism
prevents overfitting by penalizing unnecessary splits, contributing to XGBoost’s strong
generalization in high-dimensional feature spaces.

3.3. Bayesian Optimization and Model Evaluation

To efficiently search for the optimal hyperparameter configurations of various machine
learning models, Bayesian optimization (BO) is introduced. Unlike conventional grid search
or random search, Bayesian optimization constructs a probabilistic surrogate model of
the objective function and leverages an acquisition function to intelligently guide the
search direction, thereby approximating the global optimum at a significantly reduced
computational cost.
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To prevent spatial data leakage and ensure robust evaluation, we utilized a nested
cross-validation framework. The outer loop applied a 5-fold stratified group to split the
379 samples (80% train, 20% test), grouping data by neighborhood block to keep spatial
units intact. For hyperparameter tuning, an inner 3-fold cross-validation was performed
exclusively on the training sets using 50 iterations of Bayesian optimization. This strict
separation prevents overfitting and guarantees an unbiased assessment of the model’s
generalization. The receiver operating characteristic (ROC) curve and the area under the
curve (AUC) were employed to measure the overall discriminative capacity of the models.
Furthermore, accuracy, precision, recall, and the F1-score were incorporated as holistic
performance indicators.

Accuracy =
TP + TN

TP + TN + FP + FN
(4)

Precision =
TP

TP + FP
(5)

Recall =
TP

TP + FN
(6)

F1 = 2 × Precision × Recall
Precision + Recall

(7)

where TP and TN represent the number of correctly classified positive and negative in-
stances, respectively; FP denotes the number of negative instances incorrectly predicted
as positive, and FN indicates the number of positive instances incorrectly predicted
as negative.

3.4. Interpretability Analysis

This study integrates the SHAP (SHapley Additive exPlanations) framework with PDP
(partial dependence plot) analysis, constructing an interpretability pipeline from global
feature attribution to local marginal effect characterization.

3.4.1. SHAP (SHapley Additive exPlanations)

SHAP is a post hoc model interpretation framework grounded in cooperative game
theory. It quantifies each feature’s independent contribution by computing Shapley values—
the marginal contribution of each feature averaged across all possible feature coalitions.
For a given block sample x, the SHAP value of the i-th feature ϕi is formally defined as:

ϕi = ∑S⊆F\{i}
|S|!(|F| − |S| − 1)!

|F|! [ fx(S ∪ {i})− fx(S)] (8)

where ϕi represents the SHAP value of feature i, F is the set of all input features, and S
denotes a feature subset excluding feature i. The term fx(S) is the expected model output
given subset S, which represents the expected probability of deep inundation when only
the information in subset S is utilized.

In contrast to traditional Gini-based metrics, SHAP provides both global rankings of
flood-driving factors and precise local attribution for individual block samples. Crucially,
by capturing the directionality of feature impacts and their interactions, SHAP serves as the
analytical framework for the rainfall stratified mechanistic analysis presented in this study.

3.4.2. PDP (Partial Dependence Plot)

PDPs are employed to reveal the nonlinear marginal effects of one or two target
features on model predictions by marginalizing over the distribution of the remaining
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features. For a target feature subset xS and its complement xC (the remaining features), the
unbiased estimation function is:

f̂S(xS) =
1
n∑n

i=1 f̂
(

xS, x(i)C

)
(9)

where n is the total number of training samples, and x(i)C represents the actual observed
values of the complementary features in the i-th sample. In the context of urban inundation
mechanisms, PDPs can effectively identify critical physical thresholds that trigger abrupt
shifts in waterlogging severity.

4. Results
4.1. Correlation and Multi-Collinearity Analysis of Characteristic Variables

The Spearman correlation analysis (Figure 4) revealed that total rainfall volume,
rainfall duration, and maximum hourly rainfall were the primary factors significantly and
positively correlated with urban waterlogging depth. Several indicators, including GSR,
NDVI, DR, SDBV, MBV, and BCD, exhibited slight negative correlations with waterlogging
depth; however, none of these associations reached statistical significance, suggesting
that their influence on waterlogging depth may be indirect or mediated by nonlinear
mechanisms. Indeed, the relationship between most urban morphological factors and object
variable does not follow a simple linear or monotonic pattern; rather, it is characterized by
complex multivariate interactions among features.

Figure 4. Spearman’s rank correlation matrix of the explanatory variables. ***: p < 0.01; **: p < 0.05; *:
p < 0.1. Y (maximum depth of ponding water); X1 (total rainfall volume); X2 (rainfall duration); X3
(maximum hourly rainfall); X4 (water coverage ratio); X5 (green space ratio); X6 (impervious surface
ratio); X7 (NDVI); X8 (distance to river); X9 (SDBH); X10 (SDBV); X11 (BSC); X12 (BD); X13 (average
altitude); X14 (road density); X15 (MBH); X16 (FAR); X17 (average roughness); X18 (slope); X19 (BCR);
X20 (MBV); X21 (BCD).
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Regarding inter-predictor correlations, total rainfall volume and rainfall duration
showed a strong positive correlation (ρ = 0.86, p < 0.001). ISR was strongly correlated with
multiple urban morphological indicators, including DB (ρ = 0.85), BCR (ρ = 0.82), and FAR
(ρ = 0.78). Meanwhile, BCD showed strong correlations with FAR (ρ = 0.80, p < 0.001) and
BCR (ρ = 0.81, p < 0.001). Furthermore, ARH and AS exhibited perfect collinearity, with
a correlation coefficient of ρ = 1.0; MBV was positively correlated with SDBV (ρ = 0.72,
p < 0.001). Collectively, these results indicate that rainfall-related variables are the dominant
factors significantly associated with urban waterlogging depth, while a certain degree of
multicollinearity exists among the urban morphological variables.

Building upon the aforementioned correlation analysis, highly inter-correlated vari-
ables, namely AS, ARH, BCR, and BCD, were initially excluded to reduce redundancy.
Notably, two pairs of variables with moderate inter-correlations but fundamentally distinct
physical mechanisms were retained. As noted above, rainfall duration and total rainfall
volume each reflects different dimensions of meteorological forcing; similarly, DB primarily
reflects the physical obstruction of surface runoff by building structures, whereas ISR gov-
erns the overall scale of surface runoff generation and concentration. A multicollinearity
diagnostic was subsequently conducted on the remaining 17 variables.

Subsequently, to further eliminate severe multicollinearity and ensure model stability,
a variance inflation factor (VIF) diagnostic was conducted on the remaining features,
and the results are presented in Table 3. During this step, although MBV and SDBV both
describe the building volume effects, MBV was explicitly removed because its VIF exceeded
the critical threshold of 10. Furthermore, ensemble tree-based models are inherently
robust to multicollinearity due to their adaptive feature selection during node splitting.
Consequently, having excluded severe collinearity (VIF < 10), retaining the remaining
moderately correlated variables with distinct physical interpretations was methodologically
justified. This approach is essential for comprehensively disentangling the individual
contributions of complex environmental drivers to urban waterlogging severity.

Table 3. VIF and tolerance values for the refined feature set.

Feature VIF Tolerance

MBV 10.44 0.10
FAR 9.48 0.11
BD 9.30 0.11

MBH 7.78 0.13
Impervious Surface Ratio 6.87 0.15

Total Rainfall Volume 6.56 0.15
SDBH 5.31 0.19
SDBV 4.98 0.20

Rainfall Duration 4.42 0.23
NDVI 4.42 0.23

Water Coverage Ratio 3.57 0.28
BSC 3.55 0.28

Distance to River 2.25 0.44
Maximum Hourly Rainfall 2.24 0.45

Average Altitude 1.96 0.51
Road Density 1.92 0.52

Green Space Ratio 1.56 0.64

4.2. Model Performance Evaluation and Comparison

This study employed a nested cross-validation framework to ensure unbiased model
evaluation and hyperparameter optimization. In the outer loop, the dataset was partitioned
into 80% training and 20% holdout test sets using 5-fold cross-validation. Within each
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outer training fold, an inner 3-fold cross-validation loop was nested and combined with
Bayesian optimization for hyperparameter tuning. This design ensures complete inde-
pendence between hyperparameter selection and model evaluation: the test set remains
strictly unseen throughout the tuning process, effectively eliminating selection bias arising
from overfitting hyperparameters to a specific validation set and thereby guaranteeing
the objectivity of performance estimates. Finally, the globally optimal hyperparameter
configuration for each model was determined by applying Bayesian optimization to the
full dataset, as summarized in Table 4.

Table 4. The optimum hyperparameter results for each ML model.

Model Hyperparameters Descriptions Value Range Optimal Value

XGBOOST

n_estimators Number of trees [10, 500] 391
learning_rate Control on boosting iteration [0.01, 0.2] 0.04
max_depth Maximum depth of a tree [0, 15] 3

min_child_weight Minimum number of instanceweights
needed in a child [1, 10] 1

subsample Percentage of the sample got [0.5, 1.0] 0.8
colsample_bytree Parameters of subsamplingcolumns [0.5, 1.0] 0.6

lambda L2 regularization [0.1, 10] 0.1
alpha L1 regularization [0.01, 1] 0.01

RF

gamma Minimum gain on a leaf node ofthe tree [0, 1] 1
n_estimators Number of trees [10, 500] 266
max_depth Maximum depth of a tree [3, 20] 15

min_samples_split Control internal node splitting [2, 10] 7
min_samples_leaf Control terminal node size [1, 5] 2

SVM
C Penalty parameter [10−3, 103] 1000

gamma Kernel coefficient [10−4, 10] 0.004
kernel Kernel type [‘rbf’, ‘poly’] rbf

LR C Inverse of regularization strength [10−3, 103] 0.91

Furthermore, given that records from the same block across different rainfall events
share identical static urban morphological characteristics, conventional random cross-
validation (StratifiedKFold) would violate block-level independence and introduce spatial
data leakage. To address this, this study adopted StratifiedGroupKFold for nested cross-
validation, utilizing the block ID as the grouping variable. This ensures that all temporal
samples from a given block are strictly assigned to the same fold partition. Consequently,
during the training phase, the model learns the complex interactions between dynamic
meteorological events and static morphology. During the testing phase, it is evaluated on
entirely unseen blocks. This approach strictly prevents the model from memorizing local-
ized spatial features (intra-block data leakage), thereby enabling an objective assessment of
the model’s true spatial generalization capacity.

Figure 5a–d presents the receiver operating characteristic (ROC) curves and corre-
sponding area under the curve (AUC) values across five independent experiments, reflect-
ing each model’s generalization performance on unseen samples. Among the four models
evaluated, XGBoost demonstrated superior predictive performance and stability. Its mean
AUC reached 0.84 with a standard deviation of only 0.036, indicating highly consistent per-
formance across block samples with varying spatial characteristics. As shown in Figure 5f,
XGBoost also outperformed all other models across multiple evaluation metrics, achieving
an accuracy of 0.741, precision of 0.790, recall of 0.779, and F1-score of 0.780. Additionally,
the mean gap between the training and test sets across 5-fold cross-validation was 0.15 for
AUC and 0.17 for F1-score (Figure 5e). Given the inherent complexity of urban flooding
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driven by multiple interacting morphological factors, the model effectively suppressed
overfitting on unseen blocks and demonstrated sound generalization performance. Accord-
ingly, XGBoost was selected as the final model for waterlogging depth classification and
feature interpretation in this study.

  
(a) (b) 

  
(c) (d) 

 
(e) 

 
(f) 

Figure 5. Cross-validation performance and comparative evaluation of four machine learning models.
(a–d) Fivefold cross-validation ROC curves for logistic regression, SVM, random forest, and XGBoost,
respectively; colored lines represent individual folds, the bold black line indicates the mean ROC, the
grey shaded band denotes ± 1 standard deviation across folds, and the gray dotted line represents
a random classifier (AUC = 0.5). (e) Performance gap between training and testing sets in 5-fold
cross-validation for XGBoost. (f) Radar chart comparing model performance across precision, recall,
accuracy, F1, and AUC.
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4.3. Mapping Deep Inundation Probability Under Different Rainfall Scenarios

To map inundation severity, the XGBoost model was employed to predict the proba-
bility of deep inundation. The predicted probabilities, ranging from 0 to 1, were classified
into five equal intervals, corresponding to very low, low, moderate, high, and very high
risk levels, respectively. A value approaching 1 indicates a higher likelihood of a location
being classified as a deep inundation area, whereas a value closer to 0 suggests a tendency
toward shallow inundation. It should be noted that the predicted probabilities reflect the
conditional likelihood of deep inundation (≥20 cm) given that waterlogging occurs. Blocks
with no historical waterlogging records are not necessarily flood-free; the absence of records
may reflect monitoring gaps.

To evaluate the impacts of varied rainfall characteristics on inundation, six rainfall
scenarios were constructed (Table 5), encompassing different combinations of total rainfall
volume, peak intensity, and duration. These scenarios were designed based on historical
data distributions—anchoring parameters between the 25th and 90th percentiles and match-
ing historical peak-to-mean intensity ratios to guarantee physical plausibility. Furthermore,
guided by the model’s key decision split thresholds, we constructed specific scenario pairs.
By varying select rainfall characteristics while keeping others approximately constant,
this design allowed us to quantitatively compare how different rainfall patterns shift the
predicted probabilities of severe inundation. The subsequent spatial variations in deep
inundation probabilities across these scenarios are illustrated in Figure 6. Importantly,
these scenarios serve as a sensitivity analysis rather than operational forecasts, designed to
illustrate how the model’s predicted probabilities respond to varying rainfall inputs.

Table 5. Area and proportion of deep inundation probabilities.

Scenario
Parameters

[Vol, Dur, Int]

Very Low Low Moderate High Very High

Area
(km2)

Ratio
(%)

Area
(km2)

Ratio
(%)

Area
(km2)

Ratio
(%)

Area
(km2)

Ratio
(%)

Area
(km2)

Ratio
(%)

R1 [30, 4, 10] 2480 48.5 1300.1 25.4 1165.6 22.8 147.4 2.9 20.3 0.4
R2 [30, 2, 25] 878.9 17.2 2796.1 54.7 1222 23.9 207.7 4.1 8.9 0.2
R3 [60, 4, 20] 1187.1 23.2 2979 58.3 812.4 15.9 126 2.5 8.9 0.2
R4 [100, 8, 20] 4.1 0.1 205.4 4 1422.6 27.8 3265.6 63.9 215.7 4.2
R5 [100, 20, 10] 3313.7 64.8 1724.7 33.7 75.1 1.5 0 0 0 0
R6 [130, 8, 30] 4.1 0.1 123 2.4 429.1 8.4 4121 80.6 436.3 8.5

A comparison between scenarios R1 and R2 revealed that under a constant total
rainfall volume of 30 mm, an increase in peak intensity from 10 to 25 mm/h reduced the
very low risk proportion from 48.5% to 17.2%, while the low risk proportion rose from
25.4% to 54.7%. This demonstrates that even with a limited total volume, short-duration
rainfall with a high peak triggers rapid surface runoff concentration. Such conditions can
quickly exceed both the initial soil infiltration rate and the instantaneous capacity of the
drainage network, thereby potentially shifting the overall risk profile toward higher levels.

Although scenarios R4 and R5 shared an identical total rainfall volume of 100 mm,
they exhibited drastically different inundation risk distributions. Specifically, R4 (with a
peak intensity of 20 mm/h) leaves 63.9% of the area at high risk. Conversely, under the
long-duration, low-peak scenario (R5), over 98% of the region remains at low to very low
risk. This simulated outcome strongly aligns with observations from actual long-duration
rainfall events, further validating the model’s reliability.
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Figure 6. Spatial mapping of deep waterlogging probabilities under multiple rainfall scenarios. (a) R1;
(b) R2; (c) R3; (d) R4; (e) R5; (f) R6.

For scenarios R3 and R4, the peak intensity remained constant at 20 mm/h. However,
as the duration extended from 4 to 8 h (with a corresponding increase in total volume), a
fundamental shift in risk distribution occurred: R3 was dominated by low risk (58.3%),
whereas R4 experienced a pronounced transition, with the high risk proportion reaching
63.9%. In R3, while the 20 mm/h peak stressed the regional drainage system, the relatively
short 4-h duration allowed the existing surface retention and general drainage infrastructure
to mitigate the impact, thereby preventing widespread deep inundation. In contrast, the
sustained high-load input over 8 h in R4 may imply that the watershed’s overall resilience
may be overwhelmed. This highlights a significant threshold effect regarding rainfall
duration. Once the duration of a high-intensity peak exceeds the system’s saturation
tipping point, the progression of inundation risk is no longer a linear spatial expansion, but
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rather a step-wise escalation. Scenarios R4 and R6 shared an 8-h duration. With further
increases in both rainfall volume and peak intensity, the high risk area expanded from
63.9% to 80.6%, and the very high risk area doubled from 4.2% to 8.5%. Under the extreme
rainfall conditions of R4, the algorithm indicates that the system is already approaching
its critical capacity limit. By further elevating the peak intensity to 30 mm/h (R6), the
rapid accumulation of surface water suggests that the input may have already exceeded the
regional drainage capacity, with the majority of additional precipitation likely contributing
directly to severe surface inundation.

Spatial distribution analysis revealed that the very high-risk waterlogging areas are
significantly clustered in Shanghai’s Hongkou, Jing’an, and Yangpu Districts, as well as
the northwestern part of Pudong New Area, with sporadic occurrences in partial blocks of
Xuhui, Minhang, and Qingpu Districts. These specific areas are highly susceptible to severe
inundation under extreme rainfall events, thereby posing a substantial threat to transporta-
tion network resilience and public commuting safety. Consequently, in future urban flood
risk management, these highly exposed zones must be prioritized for emergency response,
coupled with the strategic stockpiling and proactive deployment of flood control resources.

4.4. Model Interpretability Analysis

While previous studies typically rely on global feature interpretability, the contribu-
tion of urban morphology to waterlogging severity is highly sensitive to meteorological
boundary conditions. To examine how driving mechanisms evolve under varying rainfall
conditions, the 379 samples were stratified using three rainfall characteristics. The primary
stratification followed 24-h cumulative rainfall thresholds defined by the China Meteoro-
logical Administration (CMA), with events below 50 mm aggregated into a single baseline
group to ensure adequate sample sizes: ordinary rainfall (<50 mm, n = 133), rainstorm
(50–101 mm, n = 105), and heavy rainstorm (≥101 mm, n = 141).

Two supplementary stratification schemes were applied to validate robustness. By
integrating CMA standards with commonly adopted classification practices in the field,
maximum hourly rainfall intensity was categorized as low (<20 mm/h, n = 172), high
(20–40 mm/h, n = 122), and extreme (≥40 mm/h, n = 85), while rainfall duration was clas-
sified as short (≤6 h, n = 108), moderate (6–12 h, n = 102), and long (>12 h, n = 169). Results
of the supplementary stratifications are presented in Appendix A, Figures A1 and A2.

4.4.1. SHAP-Based Analysis of Factor Contributions

The SHAP group contribution analysis revealed a systematic shift in the relative
importance of driving factors across rainfall categories. Table 6 presents the specific contri-
butions and rankings of each feature variable grouped by rainfall volume. Additionally,
the supplementary group rankings and the contribution rates of the various variable cat-
egories are detailed in Table A1 and Table A2, respectively. Under ordinary rainfall (<50
mm), depth-exceedance probability is jointly shaped by rainfall features (41.4%) and urban
morphological factors (58.6%, comprising surface morphology and building configuration),
indicating a comparatively balanced contribution structure. As intensity increases to a
rainstorm (50–101 mm), the contribution of rainfall factors rises to 47.2%, with a correspond-
ing decline in morphological influences. Under heavy rainstorm (≥101 mm) conditions,
this trend intensifies markedly: the impact of rainfall surges to 70.6%, whereas the contri-
butions of surface morphology and building configuration contract to 16.3% and 13.1%,
respectively. This progressive shift indicates that beyond a critical rainfall threshold, the
driving influence of meteorological forcing undergoes nonlinear amplification, ultimately
overwhelming the spatial heterogeneity of the underlying surface and significantly dimin-
ishing the regulatory capacity of the urban physical environment. This contribution shift
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pattern was consistently reproduced under both supplementary stratification schemes:
morphological factors declined from 60.4% to 33.1% across short-to-long duration groups,
and from 52.2% to 30.6% across low-to-extreme intensity groups (Table A2). Across all nine
subgroups, BSC and water coverage ratio persistently ranked as the top two morphological
contributors, confirming that the identified contribution transition is robust to the choice of
stratification criterion.

Table 6. Contribution rates and importance rankings of all features under rainfall-volume stratification.

Group Feature

Ordinary Rainfall
(<50 mm)

Rainstorm
(50–101 mm)

Heavy Rainstorm
(≥101 mm)

Contribution
(%) Rank Contribution

(%) Rank Contribution
(%) Rank

Meteorological
factors

Total Rainfall Volume 14.11 2 12.66 2 43.72 1
Rainfall Duration 20.24 1 22.83 1 18.02 2
Maximum Hourly

Rainfall 7.09 5 11.72 3 8.82 3

Building
configuration factors

BSC 10.64 3 9.52 5 5.63 4
DB 1.02 15 0.59 16 0.16 16

SDBH 4.69 8 3.84 8 1.50 11
SDBV 4.12 10 3.65 9 2.57 7
MBH 6.21 6 4.51 7 2.42 8
FAR 0.38 16 0.59 15 0.82 15

Surface
morphological

factors

Water Coverage Ratio 9.80 4 9.97 4 5.41 5
Green Space Ratio 3.52 12 2.87 13 1.20 13

Impervious Surface
Ratio 4.93 7 3.61 10 1.85 10

NDVI 1.99 14 2.04 14 0.96 14
Distance to River 3.75 11 5.18 6 3.25 6
Average Altitude 3.06 13 3.39 11 2.18 9

Road Density 4.47 9 3.03 12 1.49 12

4.4.2. Meteorological Factors

Transitioning from the overall contribution rates, a detailed examination using the
SHAP beeswarm plot elucidates the directional impacts and internal dominance shifts
among variables. (Figure 7b,d,f). Under ordinary rainfall and rainstorm conditions
(<101 mm), the spatial differentiation of waterlogging severity is predominantly driven
by rainfall duration, peak hourly intensity, and block morphological features. Specifi-
cally, for events <50 mm, rainfall duration acts as the primary meteorological determinant
(20.2%). Notably, morphological features exhibit high SHAP value dispersion with distinct
bilateral polarization (red/blue) and significantly greater intra-group standard deviations
than rainfall variables. This highlights their robust discriminatory power for spatial risk
variations among blocks. In contrast, SHAP values for total rainfall in these groups fall
entirely within the negative region, reflecting that their volumes are below the training set
mean. Their uniformly negative marginal contributions fail to differentiate deep inundation
from shallow inundation samples within the group. These findings confirm that under
non-extreme rainfall conditions (<101 mm), morphological heterogeneity is the primary
driver of spatial risk differentiation.
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Figure 7. Feature importance and SHAP partial dependence plots of the XGBoost model stratified by
total rainfall volume. Note: (a,b) ordinary rainfall (<50 mm); (c,d) rainstorm (50–101 mm); (e,f) heavy
rainstorm (≥101 mm).

Conversely, during extreme rainstorms (≥101 mm), total rainfall volume emerged
as the absolute dominant factor, with its contribution surging to 43.7%. High values of
total rainfall densely clustered in the highly positive SHAP range (+2 to +3), reflecting a
profound triggering effect on deep inundation. Interestingly, long-duration features within
this extreme group clustered on the left side of the plot, exerting a severity-attenuating
effect. Meanwhile, maximum hourly intensity consistently exhibited a positive hazard-
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inducing impact across all three rainfall categories. This divergence underscores a critical
physical mechanism: high-intensity rainfall that rapidly exceeds the design capacities of
urban drainage systems is the decisive catalyst for deep inundation.

The supplementary stratifications based on maximum hourly intensity and rainfall
duration further corroborate these findings (Figures A1 and A2). Under low rainfall
intensity, the rainfall peaks exhibit a distinct two-sided distribution, demonstrating a
strong capacity to differentiate between shallow and deep waterlogging. Conversely, as the
intensity escalates to ‘high’ and ‘extreme’ levels, the point clouds in the SHAP plot shift
entirely to the right side, indicating that rainfall at these intensities consistently drives up
the waterlogging depth. Furthermore, a comparison across categories reveals that the deep
waterlogging rate increases significantly with rising rainfall intensity. Regarding rainfall
duration, the deep waterlogging rate during the 6–12 h window is notably higher than that
observed for durations exceeding 12 h.

4.4.3. Surface Morphological Factors

Although the overall importance rankings of surface morphological factors are lower
than those of building configurations, their directional impacts on deep inundation prob-
ability exhibit significant heterogeneity. Across all three rainfall scenarios, GSR, NDVI,
DR, and AA consistently exerted a severity-attenuating effect. Conversely, RD and ISR
demonstrated a severity-amplifying effect. Topographically, areas with higher elevations
are typically situated upstream along runoff pathways, making them naturally less suscep-
tible to deep inundation. Similarly, a greater DR implies being further from the terminal
outfalls of drainage networks or river channels, thereby mitigating the risk of backwater
effects or riverine reverse flow. Notably, the importance ranking of DR rose significantly
across all stratifications as the rainfall metrics transitioned from low to high. This suggests
that under intensifying rainfall stress, the block’s resilience against severe inundation may
transition from relying on local micro-topographical buffers to being primarily associated
with macroscopic drainage advantages. Furthermore, areas with high vegetation coverage
(characterized by high GSR and NDVI values) significantly reduce the deep inundation
probability by effectively retaining precipitation and attenuating surface runoff.

As illustrated in Figure 8a, green space ratio showed a consistent protective effect
against deep ponding. As GSR increased from Q1 to Q4, the deep ponding rate declined
from 67.4% to 53.8%, indicating that greater green space coverage reduces the deep inun-
dation probability, which is consistent with sponge city theory. However, the protective
effect varied markedly with rainfall intensity (Figure 8b). Under ordinary rainfall, the
deep ponding rate gap between low-GSR (Q1) and high-GSR (Q4) groups reached 34.7%,
suggesting that green space plays a substantial role in stormwater retention under typical
conditions. However, under heavy rainstorm events (≥101 mm), this gap narrowed to
just 7%, implying that the marginal protective effect of green space diminishes under
extreme rainfall, consistent with its relatively limited contribution observed in the feature
importance analysis.

SHAP results revealed a positive, albeit modest, association between water coverage
ratio and deep inundation probability. As supported by the quartile analysis (Figure 8c),
water coverage acts as a secondary contributing factor rather than a dominant driver.
This seemingly counterintuitive correlation stems from water bodies serving as a spatial
proxy for low-lying, hydrologically vulnerable terrain. Specifically, blocks with extensive
water coverage exhibited significantly lower mean elevations (6.77 m vs. 7.73 m) and
closer proximity to rivers (189 m vs. 347 m) compared to their counterparts (Figure 8d).
Consequently, the machine learning model captures an underlying geospatial association—
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where elevated risk reflects inherent topographic disadvantages—rather than a direct causal
link between water bodies and flood induction.

Figure 8. Deep ponding rate associated with water coverage ratio and green space ratio. (a) deep
ponding rate across green space ratio quartiles; (b) deep ponding rate of high and low green space
ratio groups under different rainfall scenarios; (c) deep ponding rate across water coverage ratio
quartiles; (d) terrain and hydrological characteristics of high and low water coverage ratio groups.

4.4.4. Building Configuration Factors

Building configuration features play a critical role in distinguishing waterlogging
severity. In the SHAP beeswarm plots, BSC, MBH and SDBV all exhibited a distinct
bilateral polarization pattern, indicating that the model effectively captures the directional
associations between their extreme values and inundation probability. Although the relative
contribution magnitudes of these three metrics attenuated as the rainfall intensity increased,
their directional associations with inundation probability remained consistent and robust
across all rainfall scenarios.

Specifically, BSC emerged as the most influential urban morphological factor across
the three rainfall scenarios (with contribution rates of 10.6%, 9.5%, and 5.6%, respectively),
demonstrating exceptional cross-scenario robustness. BSC represents the ratio of a build-
ing’s surface area to its volume; for a given volume, a higher BSC indicates more complex,
elongated, or fragmented building layouts. The positive association between BSC and
deep inundation probability may reflect the role of fragmented configurations in impeding
local surface runoff dissipation, though this interpretation remains correlational and would
require hydrodynamic validation to establish causal pathways. Similarly, MBH exhibited a
positive association with deep inundation probability, as areas with higher MBH values
tended to show greater severe inundation probability. This pattern is consistent with the
hypothesis that densely packed high-rise areas are typically accompanied by high surface
imperviousness and compressed green infrastructure, though confounding factors such as
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land use intensity and socioeconomic characteristics cannot be ruled out without further
investigation. In contrast, SDBV was the only building configuration factor exhibiting
an overall negative association with deep inundation probability. SDBV measures the
volumetric diversity of buildings within a site, reflecting a staggered spatial pattern of
alternating high and low-rise structures. The mitigating association of high SDBV may be
consistent with the hypothesis that highly variable layouts potentially disrupt continuous
surface runoff convergence planes and facilitate a “temporal staggering” effect for roof
runoff. Contribution rates across the three scenarios were 4.1%, 3.7%, and 2.6%, respectively,
with gradual attenuation as rainfall intensified. These findings suggest that enhancing
vertical building volume heterogeneity during urban planning may represent a potentially
viable strategy for reducing severe deep inundation probability.

Across the nine subgroups (Figures 7, A1 and A2) defined by our three stratification
schemes, the surface morphology and building configuration indicators exhibited varying
impact magnitudes but maintained entirely consistent directional associations with severe
inundation. We observed no directional reversals under any grouping criterion. Regardless
of whether events were classified by rainfall volume, intensity, or duration, key building
indicators such as BSC, MBH, and SDBV consistently ranked highly among all morphologi-
cal contributors, with BSC remaining the most important factor overall (Table A2). This
directional stability indicates that the regulatory effect of urban morphology on waterlog-
ging is largely independent of specific rainfall conditions and remains unaffected by the
choice of stratification criteria. Consequently, targeted planning interventions can provide
reliable risk-reduction benefits across diverse meteorological scenarios.

4.5. Partial Dependence Plot Analysis

Beyond identifying broad trends, effective urban flood management requires precise
quantitative thresholds to anticipate sudden shifts in risk. Accordingly, we generated PDPs
combined with Individual Conditional Expectation (ICE) curves, as PDPs illustrate the
average marginal effect of a feature on the predicted outcome, whereas ICE curves detail
the localized prediction variance across individual instances.

The PDP for total rainfall volume (Figure 9a) exhibited deep inundation probability
plateaus at approximately 0.48 for rainfall volumes under 139 mm, but surged significantly
beyond this threshold, at which point it began to exert a totally dominant influence on
deep inundation. Furthermore, the 44 mm discrepancy in mean rainfall between deep and
shallow inundation samples further validates this threshold-driven risk pattern. Maximum
hourly rainfall (Figure 9b) revealed a critical inflection point at 18.40 mm/h. Surpassing
this threshold triggered a sharp escalation in flood probability, clearly distinguishing deep
inundation events (median 27.40 mm/h) from shallow inundation ones (median 18.40
mm/h). Conversely, rainfall duration (Figure 9c) demonstrated an inverted U-shaped
risk pattern, where deep inundation probability peaked during moderate events (8–16 h)
but dropped sharply beyond 16 h. This paradoxically attenuated risk during excessively
prolonged events is likely due to diminished rainfall intensity and drainage recovery, which
explains the directional shifts observed in prior SHAP analyses.

The morphological features exhibited distinct nonlinear impacts on waterlogging
(Figure 9d–f). BSC revealed a strict threshold effect: deep inundation risk sharply escalated
from 0.48 to 0.63 at 0.39 m−1 before plateauing, indicating that maintaining BSC below this
critical value effectively suppresses risk. Conversely, SDBV exerted a severity-attenuating
effect, characterized by a gradual decline that accelerated into a pronounced drop (to 0.55)
when the volume heterogeneity exceeded 54,155 m3. Meanwhile, MBH displayed a steep
risk escalation at 15.67 m; however, given the nearly identical MBH medians between risk
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groups, its contribution likely manifests through complex interactions with other features
rather than as an isolated driver.

Figure 9. Cont.
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Figure 9. Partial dependence plots of important predictor variables. (a) total rainfall volume;
(b) rainfall duration; (c) maximum hourly rainfall; (d) BSC; (e) MBH; (f) SDBV; (g) average altitude;
(h) green space ratio; (i) distance to river.

Both AA and GSR exerted consistent, monotonic negative associations with inundation
depth (Figure 9g,h), albeit with more modest marginal impacts compared to meteorological
drivers and BSC. For AA, a notable drop in predicted probability occurred at 10.22 m,
suggesting that topographically elevated areas are systematically associated with lower
depth-exceedance probability in the model, which aligns with gravity-driven surface runoff
mechanisms. For GSR, the steepest gradient was reached at approximately 0.03, beyond
which the curve plateaued, with the overall predicted probability declining from 0.61 to
0.58, reflecting the model’s partial capture of vegetation-mediated infiltration and runoff
retention. Despite their smaller effect magnitudes, maximizing topographic advantages
and green infrastructure remains a reliable regulatory strategy for urban flood mitigation.
The PDP for DR (Figure 9i) exhibited a monotonic decline with a pronounced inflection
point at 582 m. The distribution histogram further revealed that deep inundation samples
were densely concentrated within 200 m of waterways, confirming that proximity to rivers
is associated with substantially elevated deep inundation probability. This finding is
consistent with the established understanding in urban hydrology that low-lying riparian
areas are subject to impeded drainage due to backwater effects.

5. Discussion
5.1. Applicability of Predictive Models

Among the four models evaluated, XGBoost achieved the highest overall performance.
LR and SVM, as linear or kernel-based classifiers, are limited in capturing nonlinear in-
teractions among urban flooding drivers. Although some studies have identified RF as
the top-performing model [36,37,50], this likely reflects differences in problem formulation:
most prior work addresses binary occurrence classification, whereas the present study
distinguished shallow from deep inundation using a 20 cm depth threshold, demanding
sharper decision boundaries near the critical transition zone. Under this setting, RF showed
only moderate performance, as Bagging-based ensemble averaging tends to soften bound-
aries precisely where discrimination matters most, and systematic bias near the threshold
remains uncorrected without a boosting mechanism. XGBoost addresses both limitations
through iterative residual minimization and L1/L2 regularization, enabling more precise
resolution of the abrupt hydrological transitions.

5.2. Nonlinear Interpretation of Factors

In contrast to most studies that rely on global SHAP analysis [38,67–70], this research
stratified samples by standardized rainfall classification to examine how the relative dom-
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inance of meteorological drivers shifts across distinct rainfall scenarios. Conventional
importance metrics embedded in tree models fail to capture these scenario-specific varia-
tions as they typically aggregate importance across the entire dataset [76]. Consequently,
this approach underscores the significant interpretive value of explainable machine learning
for deciphering the complex mechanisms of urban waterlogging.

5.2.1. Meteorological Factors

Unlike previous studies that primarily relied on total rainfall volume as the sole
meteorological predictor [77,78], this research decomposed the rainfall process into three
physically distinct dimensions: total volume, duration, and maximum hourly intensity.
By controlling for total volume and further stratifying the data across different duration
and intensity gradients, this approach evaluates the distinct influences of these factors on
waterlogging severity. In the ordinary and rainstorm categories, the contribution of total
rainfall volume to deep inundation exhibits a systematically negative direction, indicating
that waterlogging severity is largely regulated by urban morphological factors, reflecting
the inherent vulnerability of the blocks. As both rainfall intensity and total volume escalate
to heavy rainstorm levels, the drainage network becomes progressively overwhelmed, with
deep inundation probability surging abruptly once the total rainfall exceeds 139 mm. This
behavior is primarily attributable to the limitations of Shanghai’s conventional shallow
underground drainage network, which is increasingly inadequate in handling extreme
rainstorm events. In response, Shanghai has been actively advancing the construction of
deep drainage systems, with the Suzhou Creek Deep Tunnel Stormwater Storage Project
serving as the most representative initiative. These large-scale underground tunnels are
designed to intercept and retain excess runoff during extreme rainfall, thereby alleviating
the capacity constraints of the conventional shallow sewer network.

Maximum hourly rainfall intensity consistently emerged as the primary driver of deep
inundation across all precipitation levels, with a critical threshold identified at 18.40 mm/h,
beyond which the deep inundation probability escalates abruptly. Urban waterlogging is
fundamentally governed by the interplay between hydraulic loading rate and drainage
discharge rate. When an intense rainfall peak drives a rapid surge in surface runoff that
outpaces the effective drainage capacity of the local system, widespread inundation can
develop within a short period, even if the total event rainfall remains moderate. This
finding is further corroborated by the inverted U-shaped response of rainfall duration,
wherein risk declines beyond 16 h, reflecting the attenuated hydraulic stress imposed by
temporally dispersed precipitation on urban stormwater infrastructure.

5.2.2. The Modulating Effect of Urban Morphology on Waterlogging Severity

Historically, impervious surfaces and vegetation coverage have served as the clas-
sic drivers of urban waterlogging in traditional research [48,79], while the present study
additionally incorporated building morphology indicators. Among the leading contribu-
tors identified were BSC, WCR, DR, MBH, SDBV, SDBH, AA, and ISR, a pattern broadly
consistent with prior findings and confirming that building-related metrics exert a signifi-
cant influence on inundation severity. Dense building clusters disrupt natural overland
flow pathways, constraining runoff conveyance and promoting localized ponding where
drainage capacity is insufficient. As the most important urban morphological factor, BSC
demonstrates a strong capacity to distinguish between deep and shallow inundation. Since
high BSC values correspond to spatially fragmented built environments, this severity ag-
gravating effect may be related to mechanisms such as increased flow path tortuosity and
reduced hydraulic connectivity. Conversely, SDBV was the only building indicator associ-
ated with a suppressive effect, a finding in line with previous studies. [71,80]. High SDBV
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values corresponded to spatially heterogeneous building clusters with varied heights and
volumes. We hypothesize that these highly variable layouts potentially disrupt continuous
surface runoff convergence planes and facilitate a “temporal staggering” effect for roof
runoff. It must be emphasized, however, that these physical interpretations are plausible
hypotheses derived from data driven correlations. Explicit causal attribution cannot be
fully established through machine learning alone and would require future verification
using explicit hydrodynamic simulations or observed runoff processes.

The contribution of urban morphological features to overall model predictions was
58.6%, 52.8%, and 29.4% across the three rainfall scenarios respectively. Under normal
rainfall conditions, this suggests that optimizing building layout, adjusting underlying
surface structure, and expanding water retention capacity can meaningfully reduce the
waterlogging deep inundation probability [81]. However, under extreme high-intensity
rainfall, the regulatory role of urban morphology diminishes considerably, indicating that
the storage capacity of low-impact development facilities, such as sponge city infrastructure,
approaches saturation and then their marginal flood mitigation benefit begins to decline.

5.3. Policy Implication

It is noteworthy that existing statutory planning indicators, including FAR, BD, and
GSR were primarily established to serve land development control and residential amenity
objectives, with limited consideration of stormwater or flood risk management. The inte-
gration of novel three-dimensional metrics such as BSC and SDBV into future regulatory
guidelines would therefore complement existing frameworks from a hydrological perspec-
tive, while also aligning with the Chinese government’s strategic promotion of resilient
city construction and providing a scientifically grounded basis for sustainable stormwater
management at the planning stage.

For existing densified built environments where morphological alteration is practi-
cally unfeasible, the thresholds function as critical risk screening criteria: blocks whose
morphological indicators exceed the identified boundaries should be flagged as prior-
ity intervention zones, prompting municipal authorities to establish appropriate runoff
pathways and break continuous convergence surfaces, or deploy targeted stormwater
infrastructure to proactively offset morphological vulnerabilities.

5.4. Limitations and Future Prospects

While conventional green infrastructure strategies are often constrained by land avail-
ability in dense cities like Shanghai, this study highlights that building morphology exerts
a critical influence on waterlogging severity. The identified thresholds for BSC and SDBV
thus provide practical guidance for morphological resilience management. Integrating
these 3D metrics into micro-renewal guidelines allows planners to control high-BSC clusters
and enhance volumetric diversity, thereby mitigating localized runoff convergence.

However, the current framework possesses certain limitations that should be ad-
dressed in future studies. First, given the close relationship between building development
and local economic conditions [82,83], applying these morphological thresholds must be
balanced with regional socioeconomic constraints. Second, although the total proportion of
vegetation was analyzed, the specific spatial configuration of these green elements was not
explicitly considered. Because the absolute amount of green space is limited in dense cities,
its spatial arrangement becomes especially important. As demonstrated by Wu et al. [84],
incorporating landscape pattern indices (such as cohesion, division, and the largest patch
index) is crucial for quantifying the spatial characteristics of land use and the regulatory
capacity of ecological spaces. Therefore, future work would benefit from integrating socioe-
conomic variables and macroscale landscape pattern indices with the current microscale
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building metrics to construct a more multidimensional and comprehensive urban resilience
evaluation framework.

6. Conclusions
This study integrated urban waterlogging records from Shanghai spanning 2018 to

2024, incorporating three categories of indicators—meteorological variables, urban un-
derlying surface characteristics, and building configuration factors. The final dataset was
established through correlation analysis and multicollinearity diagnostics. An interpretable
machine learning framework was applied to quantify the dynamic shift in feature con-
tributions across varying rainfall scenarios. By identifying key environmental drivers of
waterlogging severity, this study offers specific evidence for urban planning and flood risk
management. The main conclusions are as follows:

(1) A nested cross-validation scheme based on StratifiedGroupKFold, integrated with
Bayesian optimization, was employed to objectively evaluate the model’s generaliza-
tion performance. Comparative analysis demonstrated that XGBoost outperformed
other candidate models across all metrics, including accuracy, precision, recall, F1-
score, and AUC. Its superior capability in handling spatial heterogeneity provides a
robust framework for inundation severity prediction in Shanghai.

(2) Deep inundation probability maps across various rainfall scenarios revealed a non-
linear response mechanism in waterlogging severity, primarily driven by rainfall
characteristics. Maximum hourly rainfall acts as the decisive trigger for initial water-
logging: when short-term hydrological loading exceeds the instantaneous capacity
of the drainage network, risk levels rapidly escalate toward higher severity. Spa-
tially, severe waterlogging is heavily concentrated in core urban districts, particularly
Hongkou and Jing’an in Shanghai, which should be prioritized as critical nodes for
flood risk management and infrastructure intervention.

(3) Based on the SHAP group contribution analysis, a stratified sampling approach
was adopted to examine feature contributions, revealing a systematic shift in driver
dominance across rainfall categories. The combined contribution of surface morphol-
ogy and building configuration declined from 58.6% to 29.4%, indicating that under
non-extreme rainfall conditions (<101 mm), morphological heterogeneity primarily
governs spatial risk differentiation, with BSC consistently ranking as the leading
predictor across all rainfall scenarios. As rainfall intensity increases, however, the
regulatory role of the urban physical environment is progressively diminished.

(4) Rainfall factors exhibited pronounced nonlinear threshold effects as the primary trig-
gers of urban inundation. Maximum hourly rainfall intensity consistently constituted
the dominant driver of deep inundation probability across all precipitation levels,
with a critical transition at 18.40 mm/h, beyond which disaster risk escalates abruptly.
Rainfall duration displayed an inverted U-shaped response, with risk declining be-
yond 16 h—a pattern consistent with prolonged, low intensity events that accumulate
substantial total volume yet fail to generate deep inundation due to insufficient peak
intensity. Under extreme storm conditions, the total rainfall volume assumed dom-
inance, contributing 43.7% of the predicted risk with a sharp threshold transition
beyond 139 mm.

(5) Urban morphological characteristics exert differentiated and directional influences on
deep inundation probability, with each factor exhibiting distinct threshold-dependent
response patterns that collectively govern the spatial heterogeneity of inundation
severity across blocks. Building configuration factors exert a significant influence
on urban waterlogging severity. BSC and MBH emerged as critical risk-driving fac-
tors, with threshold values of 0.39 m−1 and 15.67 m, respectively, beyond which the
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probability of waterlogging increases markedly. In contrast, greater heterogeneity in
building volume (SDBV > 54,155 m3) was associated with reduced deep inundation
probability, suggesting a potential buffering role. Among the surface morpholog-
ical factors, GSR, NDVI, AA, and DR consistently exhibited monotonic severity-
attenuating effects. These findings suggest that rational urban spatial planning can
substantially enhance urban flood resilience.

Author Contributions: Conceptualization, P.D. and Z.Z.; methodology, P.D.; software, P.D.; validation,
P.D., Y.G. and S.S.; formal analysis, Z.Z.; investigation, P.D.; resources, Y.G. and S.S.; data curation,
P.D.; writing—original draft preparation, P.D.; writing—review and editing, P.D.; visualization, P.D.;
supervision, Z.Z.; project administration, Y.G.; funding acquisition, Z.Z. All authors have read and
agreed to the published version of the manuscript.

Funding: This work was supported by the National Key R&D Program of China under Grant
No. 2022YFC3800500.

Data Availability Statement: The data supporting the findings of this study are available within the
article. The meteorological and waterlogging records are proprietary to the relevant authorities. Due
to confidentiality and data security restrictions, these specific datasets are not publicly available. They
may be shared by the corresponding author upon reasonable request and with explicit permission
from the original data providers.

Acknowledgments: We gratefully acknowledge the Shanghai Water Authority (Shanghai Munic-
ipal Oceanic Bureau) for providing the historical waterlogging records (2018–2024), which were
instrumental to the spatial analysis and model construction in this research.

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations
The following abbreviations are used in this manuscript:

DB Density of buildings
MBH Mean building height
MBV Mean building volume
FAR Floor area ratio
ISR Impervious surface ratio
SDBH Standard deviation of building height
SDBV Standard deviation of building volume
BSC Building shape coefficient
BCR Building coverage ratio
BCD Building congestion degree
AA Average altitude
ARH Average roughness
AS Average slope
NDVI Normalized difference vegetation index
GSR Green space ratio
DR Distance to river
RD Road density
WCR Water coverage ratio
RF Random forest
LR Logistic regression
SVM Support vector machine
XGBOOST Extreme gradient boosting
SHAP SHapley Additive exPlanations
PDP Partial dependence plot
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Appendix A
Appendix A.1. Mathematical Formulations for LR, SVM, and RF

1. Logistic Regression (LR)

LR is a generalized linear model widely used as a baseline classifier for binary predic-
tion tasks. Its core principle maps the continuous output of a linear function onto the (0, 1)
interval via the Sigmoid function, yielding the probability that a given block sample belongs
to the deep inundation class (y = 1). The probability prediction function is given by:

P(y = 1|x) = 1

1 + e−(β0+βT x)
(A1)

where x is the feature vector of the block sample, β and β0 and are the weight vector and
bias term, respectively. Due to its transparent, interpretable nature, and rigorous statistical
foundations, LR serves as the baseline for evaluating the classification performance of
tree-based ensemble models.

2. Support Vector Machine (SVM)

SVM seeks an optimal hyperplane to maximize the classification margin between deep
and shallow inundation categories. Due to the complex spatial coupling of driving factors,
inundation samples are often linearly inseparable. To address this, the radial basis function
(RBF) kernel defined as K

(
xi, xj

)
= exp

(
−γ

∣∣∣∣xi − xj
∣∣∣∣2) is employed to implicitly map the

original low-dimensional features into a higher-dimensional space. By introducing slack
variables ξi, the soft-margin optimization objective is formulated as:

min
w,b,ξ

1
2
||w||2 + C∑n

i=1 ξi (A2)

subject to:
yi
(
wTϕ(xi) + b

)
≥ 1 − ξi (A3)

Here, w represents the weight vector orthogonal to the hyperplane, and C is the
regularization parameter that balances margin maximization against classification error
(misclassification tolerance). To bridge the mapping and the computation, the kernel
function is defined as K

(
xi, xj

)
= ϕ(xi)

Tϕ
(
xj
)
, allowing the optimization to occur in the

high-dimensional space without explicit feature transformation.
Upon solving this convex quadratic programming problem, the classification for a

new block sample x is determined by:

f (x) = sign
(
∑i∈SV αiyiK(xi, x) + b

)
(A4)

where αi are the Lagrange multipliers obtained during optimization. SVM is well-suited
for the moderate-scale dataset used in this study, as it effectively mitigates the curse of
dimensionality and ensures robust generalization performance through its structural risk
minimization principle.

As both SVM and LR are sensitive to feature scale, all features were standardized
using StandardScaler prior to model training.

3. Random Forest (RF)

RF is a robust supervised ensemble algorithm based on the Bagging strategy. To predict
urban inundation severity at the block level, RF constructs an ensemble of independent
decision trees by drawing bootstrap samples (with replacement) from the training dataset.
During tree growth, each node is split by evaluating a random subset of features and
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selecting the split that minimizes the Gini impurity, which measures the probability of
misclassification between deep and shallow inundation classes within a node:

Gini(D) = 1 − ∑1
k=0 p2

k (A5)

where D is the set of block samples at the current node, and pk is the proportion of samples
belonging to class k (deep or shallow inundation) at that node.

After constructing K trees, the final classification of a new input sample is determined
by majority voting across all trees in the ensemble:

H(x) = arg max
Y∈{0,1}

∑K
k=1 I(hk(x) = Y) (A6)

where H(x) is the final classification result, hk(x) is the prediction of the k-th decision tree,
and I(·) is the indicator function. By integrating bootstrap sampling and random feature
subsampling, RF effectively reduces model variance, thereby mitigating overfitting and
robustly handling high-dimensional feature sets.

Appendix A.2. Supplementary Stratification Schemes

Figure A1. Feature importance and SHAP partial dependence plots of the XGBoost model stratified
by maximum hourly rainfall intensity. Note: (a,b) low intensity (<20 mm/h); (c,d) high intensity
(20–40 mm/h); (e,f) extreme intensity (≥40 mm/h).
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Figure A2. Feature importance and SHAP partial dependence plots of the XGBoost model stratified
by rainfall duration. Note: (a,b) short duration (<6 h); (c,d) moderate duration (6–12 h); (e,f) long
duration (≥12 h).
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Table A1. Robustness check: factor importance rankings under alternative stratification criteria.

Group Feature
Volume Intensity Duration

Ordinary Storm Heavy Low High Extreme Short Moderate Long

Meteorological
factors

Maximum Hourly Rainfall 5 3 3 3 5 3 7 3 3
Rainfall Duration 1 1 2 1 2 2 1 2 2

Total Rainfall Volume 2 2 1 2 1 1 2 1 1

Surface
morphological

factors

Average Altitude 13 11 9 13 9 9 12 13 9
Distance to River 11 6 6 10 7 6 10 7 6
Green Space Ratio 12 13 13 12 13 12 13 12 13

Impervious Surface Ratio 7 10 10 8 11 10 9 6 10
NDVI 14 14 14 14 14 14 15 14 14

Road Density 9 12 12 11 10 11 8 11 12
Water Coverage Ratio 4 4 5 5 4 5 3 4 5

Building
configuration

factors

BD 15 16 16 15 16 16 14 15 16
BSC 3 5 4 4 3 4 4 5 4
FAR 16 15 15 16 15 15 16 16 15
MBH 6 7 8 7 6 7 5 9 8
SDBH 8 8 11 6 12 13 6 10 11
SDBV 10 9 7 9 8 8 11 8 7

Table A2. SHAP-derived relative contributions of the morphological and meteorological factors
under different rainfall scenarios.

Stratification
Criterion Subclass Rainfall Factors

(%)
Building Factors

(%)
Surface Morphological

Factors (%)

Rainfall Tier
Ordinary rainfall (<50 mm) 41.43 27.06 31.51

Rainstorm (50–101 mm) 47.20 22.70 30.10
Heavy rainstorm (≥101 mm) 70.56 13.10 16.33

Intensity Tier

Low Intensity (<20 mm/h) 47.82 23.72 28.46
High Intensity (20–40 mm/h) 56.46 19.46 24.08

Extreme Intensity
(≥40 mm/h) 69.36 13.20 17.44

Duration Tier
Short Duration (<6 h) 39.63 28.62 31.75

Moderate Duration (6–12 h) 51.11 20.30 28.59
Long Duration (≥12 h) 66.93 14.80 18.27
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