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Abstract

Urban waterlogging has become a critical challenge to urban sustainability under the com-
bined pressures of rapid urbanization and increasingly frequent extreme weather events.
However, traditional predictive models struggle to achieve real-time, point-specific early
warning effectively, primarily due to the interference of redundant high-dimensional data and
the inability to handle severe data imbalance. This study proposes a lightweight and inter-
pretable machine learning framework for real-time waterlogging hotspot prediction, based on
a multi-dimensional feature space. Specifically, we implement a Lasso-based mechanism
to distill 37 multi-source variables into five core determinants. This process effectively
isolates dominant environmental drivers while filtering noise. To further overcome the
recall bottleneck, we propose a Synthetic Minority Over-sampling Technique based on
Weighted Distance and Cleaning (SMOTE-WDC) algorithm that incorporates weighted
feature distances and density-based noise cleaning. Validating the framework on datasets
from Shenzhen (2023–2024), we demonstrate that the integrated Gradient Boosting Decision
Tree (GBDT) model integrated with this strategy achieves optimal performance using only
five features, yielding an F1-score of 0.808 and an Area Under the Precision-Recall Curve
(AUC-PR) of 0.895. Notably, a Recall of 0.882 is attained, representing a 4.6% improvement
over the baseline. This study contributes a cost-effective, high-sensitivity approach to
disaster risk reduction, advancing predictive urban waterlogging management.

Keywords: urban waterlogging; prediction; explainable machine learning; crisis management

1. Introduction
Amid ongoing global warming and rapid urbanization, urban waterlogging has emerged

as a growing threat, posing significant challenges to urban safety and socio-economic devel-
opment [1–3]. Pluvial flooding occurs when rainfall intensity exceeds the design capacity of
urban drainage systems, resulting in surface water accumulation that cannot be discharged
promptly. This phenomenon not only causes traffic disruptions, infrastructure damage, and en-
vironmental degradation but also endangers residents’ lives and property, severely impacting
population mobility, urban functionality and sustainable development [4–9]. Enhancing the
predictive capabilities and emergency response mechanisms for urban waterlogging has
therefore become an urgent priority in urban governance.

Urban waterlogging disasters arise from the combined effects of natural factors and hu-
man activities [10,11]. To achieve effective flood prediction and management, it is essential
to identify key influencing factors. In terms of natural influencing factors, meteorological
conditions play a particularly prominent role. Sudden surges in rainfall intensity or the
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occurrence of extreme storm events can easily exceed the load-bearing threshold of urban
drainage systems, thereby inducing urban waterlogging disaster [12,13]. Beyond meteoro-
logical drivers, the physical properties of urban land, especially topographic elevation and
slope, play a pivotal role in the occurrence of pluvial flooding [14]. Water flows tend to con-
verge toward low-lying zones by gravity, causing a sharp surge in water discharge within a
short period and thus substantially elevating flood risks in downstream lowlands [15,16].
Regions such as underground parking lots and basements are particularly susceptible to
water accumulation and severe impacts [17].

Notably, urban waterlogging is not exclusive to low-lying regions, during intense
rainfall events, higher-elevation areas may also experience inundation, primarily due to in-
adequate drainage infrastructure (e.g., clogged pipes or insufficient pumping capacity) that
fails to discharge excess runoff in a timely manner. As urbanization accelerates, the increase
in impervious surfaces (e.g., roads and buildings) significantly reduces rainfall infiltration,
enhancing surface runoff and raising the risk of urban waterlogging [18–21], whereas the
presence of green spaces and water bodies helps mitigate this risk [22,23]. Furthermore,
vertical urban features—such as building characteristics and spatial layouts—can alter
runoff pathways and flow velocities, which in turn exerts a significant influence on the
spatial distribution of pluvial flooding [24–26]. The interplay between these topographical,
hydrological, and anthropogenic factors is typically non-linear and highly complex, creat-
ing challenges for the accurate prediction of urban waterlogging events and the formulation
of effective response strategies [27,28].

To empirically illustrate how the aforementioned natural and anthropogenic factors
synergistically exacerbate urban waterlogging, a series of high-impact global disasters
serve as compelling examples. For instance, during Hurricane Harvey in Houston (2017),
the city’s low-lying topography combined with extensive impervious surfaces from ur-
ban sprawl severely hindered rainwater runoff and infiltration. This led to waterlog-
ging depths exceeding 1 m in vast areas, inflicting direct economic losses of $125 billion
and ranking it among the costliest disasters in U.S. history [29]. Similarly, the record-
breaking rainfall event in Rio de Janeiro (April 2019)—with 24 h accumulations peaking at
343.4 mm—overwhelmed the city’s drainage systems, and the uneven elevation of built-up
areas directed concentrated runoff toward densely populated neighborhoods, triggering
widespread waterlogging [30]. Most notably, the “7·20” extreme rainfall in Zhengzhou
(2021) exposed the critical limitation of inadequate drainage infrastructure in coping with
extreme precipitation, which, coupled with the city’s sprawling impervious road and build-
ing networks, resulted in catastrophic urban waterlogging, 120.06 billion RMB in direct
losses, and 398 deaths [31]. These cases demonstrate that flood-induced urban waterlog-
ging is becoming an increasingly severe global threat [32]. Therefore, enhancing accurate
prediction and real-time early warning of urban waterlogging is imperative. Particularly for
urban decision-makers, improving urban waterlogging management capabilities enables
authorities to take emergency actions to prevent casualties and reduce damage.

In recent years, a variety of methods have been developed to simulate and predict
urban waterlogging, which can be broadly categorized into physics-based models and
data-driven models. Physics-based models, such as SWMM (Storm Water Management
Model), Mike Urban, and InfoWorks ICM (Integrated Catchment Modeling), simulate urban
waterlogging by modeling physical processes such as rainfall, surface runoff, and drainage
networks [33], and are widely applied in optimizing urban drainage systems [34] and as-
sessing urban waterlogging risks [35]. The SWMM model, a classic tool for urban drainage
system design and evaluation, simulates the generation, transmission, and operation of
rainfall runoff in detail. It calculates the formation and flow of surface runoff accurately by
considering factors such as rainfall intensity, surface type, and slope [36]. The Mike Urban
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model, on the other hand, focuses on hydraulic and hydrological simulations of urban
drainage systems, effectively modeling complex drainage networks and surface water flow
processes. By coupling 1D and 2D flow simulations, Mike Urban offers a comprehensive
view of urban flood dynamics and is extensively used in flood risk assessments to identify
flood-prone areas and key drainage bottlenecks. The InfoWorks ICM model integrates
watershed hydrological processes with urban drainage system simulation, providing a
comprehensive hydrological analysis from the watershed to the urban scale, strengthening
the scientific and targeted urban water resource management [37]. These physics-based
models have significant advantages in urban flood simulations, as they can describe the
physical processes of rainfall runoff in detail, providing high-precision simulation results
suitable for flood modeling at different scales. However, these models are often compu-
tationally intensive, making them challenging to meet the real-time prediction needs of
flood disaster management. Furthermore, they require high-precision data on topography
and drainage networks, which are challenging to acquire. Moreover, the uncertainty of
model parameters can affect prediction results, thereby imposing certain limitations on
their prediction accuracy and applicability.

Compared to traditional physical models, data-driven models demonstrate substantial
advantages in computational efficiency and predictive accuracy, constituting a datadriven
and information-oriented paradigm [38] that effectively processes complex multi-source
datasets with a reduced computational burden, thereby enabling more timely and precise
short-term urban waterlogging forecasting [39,40]. By leveraging machine learning tech-
niques, these models analyze vast repositories of historical data to capture the complex,
non-linear relationships between driving variables and urban waterlogging processes at
a lower computational cost. Researchers have explored various machine learning algo-
rithms in the field of urban waterlogging prediction, such as Artificial Neural Networks
(ANN) [41,42], neuro-fuzzy [43,44], Support Vector Machines (SVM) [45,46], and Gradient
Boosting Decision Trees (GBDT) [47], all of which have been proven effective for both
short-term and long-term forecasting. By learning intricate patterns from historical data,
these methods capture the dynamic relationships between rainfall, runoff, and drainage
systems, thereby improving the accuracy and timeliness of urban waterlogging predictions.
Despite the significant advancements brought by artificial intelligence-based urban water-
logging prediction technologies, several limitations persist. First, model performance is
heavily contingent upon data quality; thus, ensuring the accuracy and integrity of data is
paramount. Second, constructing robust predictive models requires extensive sample data
and meticulous feature selection, necessitating in-depth analysis of specific urban charac-
teristics. Furthermore, machine learning-based models face challenges in hyperparameter
selection and tuning, highlighting an urgent need for algorithmic optimization to enhance
predictive capability and adaptability.

While these methods have made significant strides in urban waterlogging prediction,
current research focuses primarily on the simulation of water level fluctuations or inun-
dation processes. However, the spatial prediction of discrete urban waterlogging points
remains relatively under-explored due to the extreme geomorphological complexity and
anthropogenic heterogeneity of urban systems. Such complex physical environments pose
inherent challenges for modeling frameworks to accurately perceive and interpret localized
features [48]. Accurate identification of these risk points necessitates a comprehensive
integration of multi-dimensional drivers–including micro-topography [49–51], drainage
infrastructure [51–54], and localized rainfall distribution [55–57]—which exhibit intricate
non-linear interdependencies. This necessitates a predictive framework capable of captur-
ing these complex interactions at a fine spatial scale to support targeted decision-making.
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To bridge these research gaps, this paper proposes an ensemble learning frame-
work specifically designed for real-time waterlogging hotspot prediction. We construct a
multi-dimensional feature dataset integrating meteorology, topography, land use, urban
morphology, and demographic distribution to capture the complex heterogeneity of the ur-
ban surface. However, to circumvent the overfitting risks associated with high-dimensional
feature spaces, a Lasso-regularized selection mechanism is integrated into the framework.
This approach distills the multi-source dataset into five pivotal determinants, balancing
predictive accuracy with the computational efficiency required for rapid field deployment.
This reinforces the premise that practical model efficacy is driven by the informational
quality of key predictors rather than the redundant complexity of the feature space, offering
a scalable and deployable solution for urban flood management.

Compared with traditional physical modeling, our framework frames the prediction as
a binary classification task to capture non-linear interactions efficiently. Crucially, effective
early warning requires a strategic balance between safety and efficiency. High sensitivity is
essential to minimize the loss of life and property, while reasonable precision is necessary to
prevent resource wastage. To achieve this, we synergize the novel SMOTE-WDC sampling
algorithm with a recall-prioritized threshold strategy. This approach not only mitigates
severe class imbalance but also ensures an optimal trade-off between Precision and Recall,
providing a cost-effective and actionable solution for urban emergency management.

2. Data and Methods
This study develops a machine learning-based framework for identifying urban waterlog-

ging hotspots, mathematically formulated as a binary classification task. To comprehensively
capture the environmental drivers of inundation, we constructed a candidate feature space
spanning three key domains: meteorological observations, land surface attributes, and urban
morphological parameters. The model is developed and validated using multi-source data
collected from waterlogging events in Shenzhen, China, between 2023 and 2024.

2.1. Dataset
2.1.1. Study Area and Flooding Data Pre-Processing

Shenzhen, located in the southern part of Guangdong Province, China, is one of
the country’s major economic centers. The city boasts a unique geographical setting,
characterized by a coastline extending 260 km, and has a subtropical marine climate
with an average annual temperature of approximately 22 ◦C. The region experiences
abundant rainfall, primarily concentrated during the wet season from May to September.
These climatic characteristics pose significant challenges related to heavy rainfall during
the annual flood season, making urban waterlogging a particularly pronounced issue
in Shenzhen. In recent years, the rapid pace of urbanization has led to the extensive
construction of impermeable surfaces (such as roads, highways, underground passages,
and parking lots), which significantly increases surface runoff and further escalates the risk
of urban waterlogging [58].

This study focuses on eight major urban waterlogging events that occurred in Shen-
zhen from 2023 to 2024, specifically on the following dates: 23 May 2023; 14 June 2023;
29 July 2023; 7 September 2023; 6 April 2024; 20 April 2024; 1 May 2024; and 26 July 2024
(Figure 1). These events resulted in substantial rainfall and widespread water accumula-
tion, severely disrupting the normal operations of the city. To comprehensively capture
the spatio-temporal dynamics of these urban waterlogging events, real-time water depth
data from 206 flood-prone locations were collected through the Shenzhen Water Authority.
These measurement stations are distributed across various regions of Shenzhen, encom-
passing a range of land use types and topographical conditions, thus providing a holistic
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representation of water accumulation across the city. High-precision sensors recorded the
water depth at each station with minute-level temporal resolution, covering the period
from the onset of rainfall to the complete drainage of water.

Figure 1. Timeline of waterlogging events in Shenzhen (2023–2024).

To standardize the spatial analysis and facilitate the integration of multi-source data
(e.g., meteorological, topographic, and land use data) with water depth observations,
the entire study area was partitioned into a 47 × 93 grid matrix at a 1 km resolution
(totaling 4371 units) to ensure complete coverage of the Shenzhen administrative region.
This grid-based spatial discretization ensures consistent spatial units for subsequent feature
extraction, hotspot identification, and machine learning model training. To support binary
classification modeling (waterlogged vs. non-waterlogged), the water depth data were
thresholded: grid cells with maximum water depth≥ 0.15 m during an urban waterlogging
event were labeled as 1 (waterlogging), while those with maximum water depth < 0.15 m
were labeled as 0 (non-waterlogging). This dataset offers detailed time series information for
analyzing the dynamic processes of urban waterlogging and reveals differential responses
of various regions to intense rainfall, thereby providing robust data support for subsequent
modeling and analysis. The field descriptions of the waterlogging dataset are presented
in Table 1.

To ensure the objectivity of model evaluation, a chronological data splitting strategy
was employed to maintain temporal independence between the training and testing phases.
The first six waterlogging events (from 23 May 2023 to 20 April 2024) were utilized for
model construction and cross-validation. The final two events in the dataset (1 May and
26 July 2024) were reserved as an independent blind test set to verify the model’s predictive
performance on future storm events.

2.1.2. Collection of Land and Built Environment Data

Geographical and built environment characteristics play a critical role in the occurrence
and development of urban waterlogging during heavy rainfall events. This study focuses
on key factors such as land use, the built environment, and population distribution, which
are important in explaining the variations in urban waterlogging severity across different
urban areas.

To comprehensively capture these characteristics, relevant data were collected from
multiple official sources. Elevation data, sourced from National Geospatial Data with a
resolution of 30 m, provides information on terrain variation, slope, and roughness in urban
areas. Land use characteristics, including the proportions of green space, water bodies,
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impermeable surfaces, and bare land, were obtained from 30-m resolution data provided
by Tsinghua University.

In terms of the built environment, this study utilized three-dimensional building
metrics, including Mean Building Height (MBH), Mean Building Volume (MBV), and Build-
ing Congestion Degree (BCD). These data were sourced from the National Geographic
System Science Data Sharing Platform and reflect the spatial distribution and density of
urban buildings. Building density and high-rise structures can exacerbate water flow
blockage, increasing the risk of urban waterlogging; understanding these features is crucial
for identifying potential areas of flooding accumulation.

Drainage capacity is closely related to the density of drainage networks. However,
obtaining specific information on urban drainage infrastructure is challenging due to
confidentiality. Research indicates that approximately 50% of the street network length
corresponds to 80% to 85% of water supply and sewage networks [59]. Therefore, road
network density can serve as an alternative indicator of drainage capacity, effectively re-
flecting the convergence of water flow in urban areas. Particularly during heavy rainfall
events, high-density road networks often lead to water retention, increasing urban wa-
terlogging [60,61]. Population density data, sourced from WorldPop with a resolution of
1000 m, are used to capture levels of urban development and population distribution.
Higher levels of urban development and population density typically imply greater pro-
portions of impermeable surfaces, potentially increasing urban waterlogging risk.

Table 1. Overview of the multi-source datasets used in this study.

Data Detail Secondary Data Source

Waterlogging hotspots - Real-time water depth monitoring data Water Resources Bureau of Shenzhen

Precipitation 1 km
resolution

Maximum Rainfall, Average Rainfall,
Maximum Wind Speed, Average Wind Speed,
Maximum Humidity, Average Humidity, etc.

Water Resources Bureau of Shenzhen

Building information 10 m
resolution

Density of Buildings (DB), Mean Building
Height (MBH), Mean Building Volume (MBV),
Building Congestion Degree (BCD)

National Earth System Science Data Center

Digital Elevation Model (DEM) 30 m
resolution Elevation, surface relief, roughness, slope Geospatial Data Cloud

Land use 30 m
resolution

Green space, water bodies, impervious
surface, bareland Tsinghua University

Population 1 km
resolution Population WorldPop [62]

2.1.3. Collection of Meteorological Characteristics

Meteorological conditions are one of the key driving factors for the occurrence of urban
waterlogging. During heavy rainfall events, variations in meteorological characteristics
such as rainfall amount, rainfall intensity, temperature, atmospheric pressure, wind speed,
and humidity directly influence the occurrence and development of urban waterlogging.
To comprehensively capture the impact of these meteorological conditions on urban wa-
terlogging events, this study utilized obtained data from the Shenzhen Automatic Weather
Station Real-time Grid Dataset via the Shenzhen Water Resources Bureau. The utilization
of this grid-based dataset is advantageous as it provides uniform spatial coverage and
high-resolution granularity (1 km × 1 km), enabling the framework to capture localized,
high-intensity rainfall pulses that traditional point-based station data might miss. This
dataset is updated daily with a 10-min temporal resolution. The raw dataset contains a
variety of meteorological features, including temperature, wind dynamics, air pressure,
relative humidity, visibility, and cumulative rainfall at multiple lead times (1 h, 2 h, 3 h, 6 h,
and 24 h), among others. Based on these official forecasting records, we further derived
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secondary features such as the Rainfall Change Rate to capture the temporal intensity of
storms, providing a robust predictive foundation for the prediction model.

The specific meteorological features extracted include maximum and average rainfall
over the past 1 h, 2 h, 3 h, and 6 h. Specifically, Max 1 h Rainfall characterizes the immediate
impact of short-term flash floods, while Avg 6 h Rainfall serves as a proxy for soil and
drainage saturation caused by persistent precipitation. Beyond these standard intensity
metrics, this study introduced several derivative features to characterize the temporal
instability of weather patterns. Specifically, Rainfall Change Rate was calculated as the
ratio of 1 h to 3 h precipitation, with a small epsilon (10−6) added to the denominator to
prevent division by zero, effectively identifying sudden cloudbursts. Unlike traditional
differencing or smoothing techniques, the raw ratio was preserved to maximize the model’s
sensitivity to sudden cloudbursts. These rainfall indicators reflect the intensity and duration
of precipitation, which directly affects the convergence of water flow and the extent of water
accumulation. To account for the cumulative effects and atmospheric trends, we calculated
the Mean Lag-1h Sea Level Press and 3 h Moving Avg. Temp., which serve as proxies
for atmospheric instability and thermal accumulation. Additionally, Surface Relative
Humidity was included to assess the moisture saturation of the near-surface atmosphere.
Furthermore, wind dynamics, including Wind Speed, were aggregated to analyze the
moisture transport conditions during flood events. To address the non-scalar nature of
wind direction, the original degree-based records were transformed using circular encoding
(sine and cosine components) to maintain the trigonometric continuity of the vector space.
By integrating these multi-source data, this study constructed a multidimensional dataset,
which serves as a rich information foundation for predicting urban waterlogging locations
using machine learning and also provides comprehensive support for model training
and validation. Detailed information on these data is shown in Table 1 and illustrated
in Figure 2.

Building height Road network

Waterlogging hotspot

High

Low

Road network

Green space

Water bodies

Impervious surface

Bareland

Waterlogging hotspot Land use Elevation

Surface relief Roughness Slope

Figure 2. Waterlogging hotspots and potential drivers in Shenzhen.
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2.2. Cost-Sensitive Framework for Dynamic Early Warning

This study formulates the prediction of waterlogging locations as a binary classification
task, where waterlogging points are labeled as 1 and non-waterlogging points are labeled as 0.
Therefore, the goal of waterlogging location prediction is to find a mapping function f :

f : RD → {0, 1} (1)

where RD represents the dimensionality of the input features. In this research, the input fea-
tures comprise meteorological variables (e.g., rainfall, temperature, atmospheric pressure),
land-use characteristics (e.g., impermeable surface ratio, green space ratio), and built-
environment indicators (such as building density, road network density, etc.), amounting
to a total of D features. Given a training dataset

(X, Y) ∈ {(x1, y1), (x2, y2), . . . , (xN , yN)}, (2)

where xi ∈ RD and yi ∈ {0, 1}, our objective is to identify the optimal mapping function
that minimizes classification error.

As illustrated in Figure 3, we propose a comprehensive computational framework for
urban waterlogging prediction. The framework proceeds through four sequential stages
as follows:

(1) Hierarchical Feature Selection Strategy

To identify the minimal yet optimal feature subset, we employed a Lasso-guided
iterative selection strategy. The Lasso method was specifically selected for its efficacy in
managing multicollinearity among multi-source spatial variables, such as multi-scale
precipitation and topographic factors. Lasso regularization was utilized to quantify
the contribution of each feature, ranking them based on the magnitude of their non-
zero coefficients. Unlike model-dependent importance rankings which may be biased
by feature redundancy, Lasso provides clearer physical interpretability by assigning zero
coefficients to redundant variables through L1 regularization, effectively highlighting
the most influential and independent predictors. Feature subsets of increasing sizes
were then iteratively evaluated according to this ranking to analyze the trade-off between
dimensionality and predictive accuracy. The final feature set was determined by identifying
the performance saturation point where model stability is achieved to maximize parsimony
without compromising detection sensitivity.

(2) Data balancing using SMOTE-WDC

To overcome the limitations of traditional oversampling, specifically the neglect of
feature relevance and the generation of boundary noise, we implemented the Synthetic
Minority Over-sampling Technique based on Weighted Distance and Cleaning (SMOTE-
WDC) algorithm. This method optimizes the oversampling process through a hierar-
chical framework encompassing weighted metric construction, source noise elimination,
and constrained sample generation. To precisely measure the similarity between samples
containing variables of differing physical significance, we introduced a feature importance
weighting mechanism. The algorithm utilizes Normalized Mutual Information (NMI) to
quantify the correlation between each feature fi and the target variable Y, where the feature
weight wi is computed as:

wi =
NMI( fi, Y)

∑M
j=1 NMI( f j, Y)

(3)
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Incorporating these weights with range normalization, the Weighted Gower Distance
between sample xa and xb is defined as:

DWG(xa, xb) =
M

∑
k=1

wk
|xa,k − xb,k|

Rk
(4)

where Rk represents the range of the k-th feature. This reformulation ensures that the
neighbor selection process aligns with the physical logic of the meteorological data rather
than being dominated by numerical magnitudes.

Building upon this weighted metric, the algorithm incorporates a noise elimination
step prior to oversampling. We employ the DBSCAN algorithm to identify and remove
noise samples from the minority class, utilizing the proposed Weighted Gower Distance
(DWG) as the clustering metric. By filtering out outliers in the weighted feature space
before interpolation, this step effectively prevents the propagation and amplification of
low-quality samples, ensuring that synthetic data is derived from reliable seed samples.

To ensure the reliability of the synthetic data, a geometric Reverse Check Mechanism
is applied during the generation phase. After a new sample xsyn is generated via linear in-
terpolation, the algorithm calculates its Euclidean distance to the nearest minority instance
(dmin) and the nearest majority instance (dmaj). The synthetic sample is retained only if it
satisfies the constraint:

dmin < dmaj (5)

This geometric constraint ensures that generated samples remain spatially closer to
the waterlogging class, effectively filtering out ambiguous samples that encroach upon
the majority class boundary and thereby enhancing the robustness of the classification
boundary. The overall execution logic and iterative steps of the proposed SMOTE-WDC
algorithm are summarized in Algorithm 1.

Algorithm 1 SMOTE-WDC Algorithm

Require: Minority class set Xmin; Majority class set Xmaj; Neighbors k; Sampling ratio σ
Ensure: Augmented balanced dataset Xnew

1: Initialize feature weights W using Normalized Mutual Information (NMI)
2: Construct Weighted Gower Distance matrix D for all x ∈ Xmin using W
3: Preprocessing (DBSCAN-based Cleaning):
4: Apply DBSCAN on Xmin using distance matrix D
5: Remove noise samples to obtain filtered set Xclean
6: Synthetic Generation and Post-cleaning:
7: while count < N do
8: Select xi ∈ Xclean
9: Find k-nearest neighbors xnn via D

10: Generate synthetic sample:

xsyn = xi + rand(0, 1)× (xnn − xi)

11: Reverse Neighborhood Cleaning:
12: Compute dmin = dist(xsyn, Xclean)
13: Compute dmaj = dist(xsyn, Xmaj)
14: if dmin < dmaj then
15: Add xsyn to Xsyn
16: count← count + 1
17: end if
18: end while
19: return Xnew = Xmaj ∪ Xmin ∪ Xsyn
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(3) Model Comparative Optimization and Hyperparameter Tuning

To identify the optimal model for waterlogging prediction, we conducted a com-
prehensive crosswise comparison incorporating both ensemble architectures and non-
ensemble benchmarks. We selected three representative tree-based ensemble learning
algorithms—Random Forest (RF), Gradient Boosting Decision Tree (GBDT), and Extreme
Gradient Boosting (XGBoost)—due to their proven ability to handle complex, non-linear
spatial relationships. Furthermore, to ensure a robust evaluation and justify the necessity of
ensemble methods, four diverse non-ensemble models, including Support Vector Machine
(SVM-RBF), Multi-Layer Perceptron (MLP_NeuralNet), Logistic Regression, and K-Nearest
Neighbors (KNN), were implemented as baseline comparators. This multi-model frame-
work allows for a systematic assessment of predictive stability and accuracy across varying
feature dimensions.

To identify the optimal model and its corresponding feature configuration, we con-
ducted a comprehensive sensitivity analysis based on a Lasso-guided incremental feature
selection strategy. Instead of treating features in isolation, we iteratively expanded the
feature subset (ranging from 1 to 37 variables) according to their Lasso importance rankings
to evaluate the sensitivity of model performance to different feature combinations. The final
feature combination was determined by locating the performance saturation point. We
integrated 5-fold cross-validation with grid search during the training phase to systemat-
ically explore the optimal hyperparameter combinations (including the number of trees,
tree depth, and learning rate) within a predefined parameter space, aiming to maximize
model performance on the validation set. The final model performance was then tested on
the remaining two independent events (1 May and 26 July 2024), which were not involved
in the training or tuning process. This strict separation provides a direct assessment of the
model’s reliability in predicting unseen waterlogging scenarios.

(4) Objective Function Setting and Threshold Calibration

To reconcile predictive robustness with the high-sensitivity requirements of disas-
ter early warning, a multi-stage optimization strategy is implemented. The core model
structure and hyperparameters are first established by maximizing the F1-score, which
ensures an optimal equilibrium between Precision and Recall during the initial training
phase. However, recognizing that the socio-economic cost of missed warnings significantly
outweighs that of false alarms, the optimization target shifts to the Fβ-score, specifically set-
ting β = 2. This configuration assigns higher importance to Recall, thereby imposing a more
rigorous penalty on false negatives during the validation phase. The calibration is executed
by evaluating the F2-score across varying probability thresholds on the validation subsets.
For each cross-validation fold, the threshold that maximizes the F2 metric is identified as
the local optimal. To ensure the stability of the early warning system, the final operational
threshold is determined by calculating the mean of these optimal thresholds across all folds.
This systematic calibration ensures that the framework prioritized the capture of hazard
events, providing a safety-first decision mechanism for urban emergency management.

Through the comprehensive application of the aforementioned methods, we con-
structed a practical computational framework for urban waterlogging location prediction,
providing robust support for the precise prevention and control of urban waterlogging.
In the subsequent results analysis section, we will systematically validate the predictive
efficacy and practical application effects of the proposed framework, alongside in-depth
analysis of key driving factors shaping urban waterlogging patterns.
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Figure 3. The hierarchical framework for urban waterlogging prediction.

2.3. Performance Evaluation

To rigorously evaluate the framework’s efficacy in identifying sparse waterlogging
hotspots, we adopt a multi-dimensional evaluation strategy tailored to severe class imbal-
ance. The Area Under the Precision-Recall Curve (AUC-PR) is prioritized as the primary
criterion for model selection, as it provides a robust assessment of predictive performance
across all potential decision thresholds. While Recall directly embodies the safety margin of
the early warning system by quantifying the capture of actual events, Precision ensures the
reliability of positive predictions. The F1-score effectively harmonizes these two conflicting
objectives, providing a measure of the model’s structural robustness.

To further correct for agreement that could occur merely by chance, we incorporate
Cohen’s Kappa coefficient κ to assess statistical consistency:

κ = (p0 − pe)/(1− pe) (6)

where p0 denotes observed agreement and pe represents the probability of random agree-
ment. A high Kappa value confirms the model’s capacity to capture meaningful spatiotem-
poral patterns rather than relying on class distribution bias.

Together, these metrics provide a holistic assessment of the model across critical
dimensions, offering a comprehensive basis for model optimization and selection while
ensuring its predictive capability and reliability in practical early warning applications.

3. Results
3.1. Prediction Results

To identify the optimal configuration that yields both high Recall and Precision,
prioritizing AUC-PR as the primary selection criterion, we conducted a systematic
evaluation incorporating hyperparameter grid search for each feature subset size rang-
ing from 1 to 37 variables. This evaluation encompassed both ensemble architectures
(GBDT, XGBoost, and Random Forest) and diverse non-ensemble benchmarks (SVM-RBF,
MLP_NeuralNet, Logistic Regression, and KNN). As illustrated in Figure 4, the GBDT
model achieved the global maximum performance at the 5-feature threshold, representing
the most effective coupling between a parsimonious set of spatial predictors and urban
waterlogging occurrences.

The observed fluctuations and subsequent performance decline beyond 5 features
provide critical evidence of feature redundancy. In the high-dimensional space of ur-
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ban datasets, the inclusion of lower-ranked variables—characterized by higher multi-
collinearity and weaker physical correlation—introduced marginal noise into the decision
trees. This is particularly evident in the Random Forest model, which exhibited significant
sensitivity to feature redundancy.

The predictive efficacy of the proposed framework was systematically evaluated
through a comparative analysis of seven different machine learning algorithms across
varying feature dimensions. The performance metrics of the 15 most effective models,
ranked by their AUC-PR coefficients, are summarized in Table 2. Notably, the GBDT
model demonstrated exceptional robustness by securing the top 8 positions, achieving its
global peak performance with a condensed set of 5 core features (GBDT-5). This optimal
configuration yielded a maximum AUC-PR of 0.895, a Recall of 0.882, and a Kappa coeffi-
cient of 0.776. To further justify this selection, Figure 5 provides a horizontal comparison of
the predictive performance across the three ensemble models specifically at this optimal
5-feature threshold. While Random Forest achieves a marginally higher Recall of 0.93,
it suffers from a significantly lower Precision of 0.52, leading to excessive false alarms.
Similarly, XGBoost matches GBDT’s high sensitivity with a Recall of 0.88 but falls short in
prediction reliability with a lower Precision of 0.66. GBDT provides the most robust equi-
librium for urban emergency management, effectively overcoming the excessive missed
detections (false negatives) observed in the unoptimized baseline while maintaining the
highest discriminative.

Figure 4. Model performance comparison across feature scales.

Two key technical strategies underpin this high performance. First, the integration of
the SMOTE-WDC algorithm effectively refined minority class boundaries, ensuring sus-
tained stability in the sparse feature space and preventing the drastic fluctuations observed
in other ensemble variants. Second, the implementation of the F2-score as the optimization
target played a pivotal role in cost-sensitive threshold calibration. This strategy prioritized
Recall to meet the high-sensitivity requirements of urban emergency management, allow-
ing GBDT-5 to capture 88.18% of actual inundation events while maintaining a reliable
Precision of 0.746. As illustrated by the AUC-PR trends in Figure 6, the GBDT frame-
work consistently achieves the highest discriminative capacity, providing a scientifically
grounded tool for real-time waterlogging prediction.
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Figure 5. Performance metrics analysis of waterlogging prediction models.

Figure 6. Model performance evaluation using AUC-PR.

Table 2. Performance comparison of the top 15 model configurations (Ranked by AUC-PR).

Rank Feature
Number Model Precision Recall F1-Score AUC-PR κ

1 5 GBDT 0.746 0.882 0.808 0.895 0.776
2 6 GBDT 0.704 0.832 0.763 0.884 0.722
3 10 GBDT 0.672 0.896 0.768 0.872 0.726
4 7 GBDT 0.712 0.832 0.767 0.873 0.728
5 9 GBDT 0.679 0.886 0.769 0.872 0.728
6 13 GBDT 0.673 0.859 0.755 0.871 0.711
7 14 GBDT 0.664 0.873 0.754 0.869 0.710
8 8 GBDT 0.686 0.905 0.780 0.866 0.741
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Table 2. Cont.

Rank Feature
Number Model Precision Recall F1-Score AUC-PR κ

9 5 XGBoost 0.610 0.882 0.755 0.864 0.710
10 11 GBDT 0.654 0.886 0.753 0.863 0.708
11 12 GBDT 0.681 0.846 0.755 0.862 0.712
12 18 GBDT 0.674 0.846 0.750 0.861 0.706
13 7 XGBoost 0.668 0.914 0.772 0.858 0.730
14 9 XGBoost 0.643 0.868 0.739 0.855 0.691
15 16 GBDT 0.677 0.868 0.761 0.855 0.718

3.2. Feature Importance Analysis

To gain deeper insight into the driving mechanisms of urban waterlogging and vali-
date the physical consistency of the GBDT model, we analyzed the contribution of the five
selected features using both global SHAP summary analysis and local waterfall decompo-
sition (Figure 7). The results reveal a clear hierarchical influence dominated by historical
susceptibility and multi-dimensional meteorological forcing on prediction outcomes.

Figure 7. Interpretability analysis of the GBDT model using SHAP values.

The analysis identifies Waterlogging Frequency as the most dominant predictor, ex-
hibiting the highest SHAP value and a strong positive correlation with waterlogging
risk. From a physical perspective, this feature acts as a comprehensive proxy for intrinsic
vulnerability, effectively capturing unmeasured static constraints such as topographical de-
pressions and aging drainage infrastructure. The model’s heavy reliance on historical priors
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indicates that it successfully utilizes site-specific vulnerability to calibrate risk probabilities,
prioritizing areas with known drainage deficiencies.

In terms of meteorological triggers, the model demonstrates a sophisticated under-
standing of hydrological dynamics by capturing both intensity and cumulative effects.
Average 6 h rainfall (Avg 6 h Rainfall) and Maximum 1 h rainfall (Max 1 h Rainfall) are
identified as the primary hydrometeorological drivers. The former reflects the potential for
saturation-excess runoff caused by sustained precipitation, while the latter captures the
immediate impact of high-intensity flash floods. Additionally, Maximum Daily Tempera-
ture (Max Daily Temp.) exhibits a notable influence, representing atmospheric coupling
effects where higher temperatures correlate with increased convective energy and extreme
precipitation potential within urban heat islands. Maximum Wind Speed (Max Wind Speed)
further contributes to the decision logic, likely reflecting the impact of wind-driven rain on
drainage efficiency or the association between high wind speeds and the passage of intense
storm fronts.

To further illustrate the decision logic at the instance level, a waterfall plot of a selected
True Positive (TP) prediction is presented in Figure 7b. This local explanation shows
how the base value (expected model output) is adjusted by each feature to arrive at the
final prediction ( f (x) = 4.261). In this specific instance, the high Waterlogging Frequency
provides a substantial positive push (+4.59), confirming the site’s high intrinsic vulnerability.
Although the Max 1 h Rainfall in this case shows a minor negative contribution (−0.38)
relative to the average, the synergistic effects of Max Daily Temp (+0.5) and Avg 6 h Rainfall
(+0.24) collectively reinforce the final waterlogging prediction. This decomposition confirms
the model’s ability to balance historical priors with real-time meteorological fluctuations to
reach a reliable decision.

In summary, the combined SHAP summary and waterfall analysis confirms that the
GBDT model has moved beyond simple pattern matching to capture the synergistic effects
of historical vulnerability and multi-variable meteorological forcing. This validates that the
proposed feature selection strategy successfully retained a parsimonious set of predictors
with strong physical interpretability.

3.3. Ablation Study: Effectiveness of Proposed Strategies

To rigorously quantify the contribution of each proposed module and ensure experi-
mental transparency, a stepwise ablation study was conducted across five scenarios (S1–S5).
To maintain strict fairness and isolate the independent impact of each strategy, all experi-
mental variants were executed under a controlled environment using a unified random
seed, a predefined set of GBDT hyperparameters (n_estimators = 200, max_depth = 4, and
learning_rate = 0.05) and F2-score based threshold optimization. Notably, Lasso-based
feature importance ranking was pre-applied to the entire dataset to ensure a consistent
prioritization of predictors, and a stratified 5-fold cross-validation scheme was consistently
employed to maintain stable and reproducible evaluation across all scenarios. The Scenario
S1 (Baseline), utilizing the complete 37-feature set and a default decision to establish the
raw performance benchmark. Scenario S2 transitions to the 5 Lasso-selected features. S3
incorporates Standard Synthetic Minority Over-sampling Technique (Standard SMOTE)
to provide a benchmark for traditional oversampling under cost-sensitive conditions. Sce-
nario S4 introduces the SMOTE based on Weighted Distance (SMOTE-WD) algorithm,
which utilizes a Weighted Gower Distance (WD) derived from Normalized Mutual Infor-
mation (NMI) to guide synthetic sample generation, ensuring the physical consistency of
the augmented data. Finally, Scenario S5 (SMOTE-WDC) represents the full framework,
integrating the weighted distance mechanism with a DBSCAN-based cleaning phase to
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systematically remove boundary noise and synthetic artifacts. The experimental results
across five scenarios are summarized in Table 3.

Table 3. Stepwise ablation analysis of the proposed framework components.

Scenario Methodology Precision Recall F1-Score AUC-PR Kappa

S1 Baseline (Raw Data) 0.807 0.836 0.821 0.895 0.793
S2 +Feature Selection (FS) 0.862 0.796 0.827 0.929 0.802
S3 +FS + Standard SMOTE 0.759 0.832 0.794 0.914 0.760
S4 +FS + SMOTE-WD 0.767 0.855 0.809 0.897 0.777
S5 +FS + SMOTE-WDC (Proposed) 0.746 0.882 0.808 0.895 0.776

The ablation results validate the necessity of each module in addressing the challenges
of feature redundancy and class imbalance (Figure 8). The analysis begins with the impact
of feature reduction. Comparing the Baseline (S1) with S2, the introduction of the Lasso-
based feature selection strategy yielded the most significant improvement in overall model
quality, with the AUC-PR increasing from 0.895 to 0.929 and the F1-score rising to
0.827. This confirms that raw multi-source datasets contain substantial noise and spurious
correlations; by distilling the variables, the model significantly reduced overfitting and
established a highly reliable predictive baseline.

Figure 8. Visual comparison of different oversampling strategies for identifying waterlogging hotspots.

To satisfy the high-sensitivity requirements of urban emergency response, where
minimizing missed warnings is paramount, we evaluated different oversampling strategies.
As shown in Scenario 3, applying Standard SMOTE actually led to a rise in Recall (0.832)
compared to S2. The SMOTE-WD algorithm (S4) effectively addressed the class imbalance
by generating minority samples that respect the unique weights of different environmental
predictors, thereby pushing the Recall to 0.855.

The final scenario, SMOTE-WDC (S5), introduces instance-level noise cleaning to the
SMOTE-WD foundation. By removing synthetic samples that blur the decision boundaries,
S5 achieved the highest Recall of 0.882, representing a decisive 4.6% improvement over
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the Baseline (S1). Although this gain in sensitivity incurred a calculated trade-off in
Precision (0.746), it is a necessary optimization to meet the “zero-miss” objective of practical
waterlogging early warning.

To further validate the efficacy of the proposed framework, we conducted a com-
prehensive comparative analysis between the SMOTE-WDC algorithm and several rep-
resentative resampling variants. These benchmarks include Standard Synthetic Minority
Over-sampling Technique (Standard SMOTE), Borderline-SMOTE, Synthetic Minority
Over-sampling Technique combined with Tomek Links (SMOTE-Tomek), and Synthetic Mi-
nority Over-sampling Technique combined with Edited Nearest Neighbors (SMOTE-ENN).
As summarized in Table 4, the SMOTE-WDC model demonstrates a superior capacity
for capturing critical waterlogging signals. Notably, it achieves the highest Recall (0.882)
among all tested methods. While Borderline-SMOTE exhibits a higher Precision (0.838), its
significantly lower Recall (0.777) indicates a high rate of missed detections. In contrast, our
proposed method maintains a robust Kappa coefficient (0.776)—ranking second only to
Borderline-SMOTE (0.778)—which underscores its ability to balance class identification
with overall predictive reliability. To ensure a fair comparison and isolate the independent
contribution of each algorithm, all experiments utilized identical hyperparameters and ex-
perimental settings as the ablation study, including the 5-fold cross-validation, and F2-score
based threshold optimization.

The performance gain is primarily attributed to the dual-stage refinement mechanism
of SMOTE-WDC. By integrating Weighted Distance (WD) based on historical vulnerability,
the model ensures that synthetic samples are generated within physically consistent bounds
rather than through simple linear interpolation. Subsequently, the Density-based Cleaning
(WDC) stage effectively prunes overlapping noise and “ghost” hotspots at the decision
boundaries. This combination allows the model to prioritize high-sensitivity detection (Re-
call) while sharpening the distinction between flooded and non-flooded classes, providing
a more reliable foundation for urban emergency response.

Table 4. Performance Comparison of Different Methodologies.

Methodology Precision Recall AUC-PR Kappa

SMOTE-WDC 0.746 0.882 0.895 0.776
Standard SMOTE 0.759 0.832 0.914 0.760
SMOTE-Tomek 0.736 0.823 0.902 0.740
SMOTE-ENN 0.698 0.800 0.865 0.703
Borderline-SMOTE 0.838 0.777 0.904 0.778

In summary, the ablation study confirms that Feature Selection ensures the model’s
fundamental accuracy, while SMOTE-WDC serves as the critical engine for sensitiv-
ity enhancement, enabling the high recall necessary for practical urban waterlogging
early warning.

4. Conclusions
To address the limitations of existing studies regarding feature redundancy, boundary

noise in imbalanced data, and the lack of physical interpretability, this study proposes an in-
terpretable machine learning prediction framework for urban waterlogging. By integrating
physics-informed feature selection, the SMOTE-WDC sampling strategy, and cost-sensitive
optimization, the framework achieves the accurate identification of waterlogging risk
points and meets the stringent requirements for emergency response.

The key findings are as follows:
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(1) Optimization of Sparse Feature Space and Physical Consistency: We constructed a
comprehensive urban waterlogging dataset integrating dynamic meteorology, topog-
raphy, vertical urban morphology, and demographic distribution. A critical finding
of this study is the successful identification of a parsimonious 5-feature subset that
yielded the global peak in predictive performance (AUC-PR 0.895, Kappa 0.776).
This selection process effectively filtered out high-dimensional noise and redundant
correlations, distilling the complex feature space into its most critical physical drivers.
SHAP value analysis validated this selection by quantifying the dominant contribution
of historical vulnerability (Waterlogging Frequency) and identifying the synergistic
roles of short-term intense rainfall, sustained accumulation, and atmospheric coupling
effects (temperature and wind speed). This transition from a high-dimensional base-
line to a high-performance sparse model confirms that the framework successfully
captures the core features governing urban inundation.

(2) Effectiveness of SMOTE-WDC in Noise Mitigation: A comprehensive comparative
analysis against several well-established resampling algorithms (e.g., Borderline-
SMOTE, SMOTE-Tomek, and SMOTE-ENN) verified the superiority of our proposed
SMOTE-WDC. While traditional approaches often degraded precision by introducing
boundary noise, SMOTE-WDC effectively refined the feature space. By utilizing
Weighted Gower Distance for generation and DBSCAN for cleaning, it successfully
enriched minority sample. This provided a more robust structural foundation for
identifying complex waterlogging events than standard incremental approaches.

(3) High Recall for Real-time Early Warning: To satisfy the practical demand for min-
imizing missed detections, the framework implemented a cost-sensitive threshold
calibration. The operational feasibility of the model is supported by its low computa-
tional complexity and the high-frequency update cycle of Shenzhen’s meteorological
data. Given the sparse 5-feature input space, the trained model performs rapid in-
ference with sub-second latency on a standard CPU. Since updated rainfall forecasts
and dynamic triggers are available on a daily basis, the framework can perform rapid
inference and generate forward-looking risk maps before the actual storm arrival.
This optimization allowed the final model to achieve a Recall of 0.882, representing
a decisive 4.6% relative improvement over the baseline. Although this involved a
necessary trade-off in precision, it ensures the effective capture of actual waterlog-
ging points, offering a reliable decision support tool that balances public safety with
operational efficiency.

Despite these findings, certain practical constraints in model maintenance and spatial
transferability warrant further consideration. Since the framework incorporates ‘Historical
Waterlogging Frequency’ as a critical spatial prior, its predictive accuracy is tied to the
urban infrastructure at the time of data collection. Significant modifications, such as the
installation of new drainage systems or large-scale land-use changes, may introduce a
temporary misalignment in predictions for those specific locations. To maintain long-
term reliability, this framework is intended as an iterative learning system that should be
periodically retrained with updated event data to internalize urban evolutions. It should
be noted that the current validation is focused on Shenzhen, leveraging its unique and
comprehensive waterlogging sensing infrastructure. The primary obstacle to cross-city
expansion lies in the non-uniformity of sensing technologies and the restricted public access
to high-frequency water depth records in most metropolitan areas. Despite these data-
related constraints, the model’s stability across multiple independent storm events in 2023
and 2024 provides a strong foundation for its reliability. Future work will explore domain
adaptation techniques to bridge the gap between different urban sensing environments.
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In summary, this study establishes a practical and interpretable approach for urban
waterlogging prediction. By combining domain knowledge with advanced imbalanced
learning techniques, the proposed framework allows urban planners and emergency man-
agers to accurately identify high-risk areas and deploy resources effectively.

Furthermore, the study’s implications extend beyond the specific case of Shen-
zhen. As a representative high-density coastal megacity, Shenzhen exemplifies the critical
challenges of rapid urbanization, complex underlying surfaces, and intense monsoon
precipitation. Since these characteristics are shared by many developing metropolises
globally, the feature insights and the optimization framework derived in this study of-
fer valuable guidance for waterlogging risk assessment in other cities facing similar
urbanization pressures.

Looking ahead, future research will extend this framework to cities with diverse cli-
matic and topographic conditions to validate its generalizability as standardized sensing
networks and public data-sharing platforms become more widely available. Furthermore,
we aim to incorporate micro-scale 3D urban features and employ causal inference tech-
niques, thereby moving beyond prediction to uncover the deep-seated driving mechanisms
of urban waterlogging.
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