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Abstract: In recent years, urban waterlogging disasters have become increasingly prominent. Physi-
cally based urban waterlogging simulation models require considerable computational time. There-
fore, rapid and accurate simulation and prediction of urban pluvial floods are important for disaster
prevention and mitigation. For this purpose, we explored an urban waterlogging prediction method
based on a long short-term memory neural network model that integrates an attention mechanism
and a 1D convolutional neural network (1DCNN–LSTM–Attention), using the diversion of the Jinshui
River in Zhengzhou, China, as a case study. In this method, the 1DCNN is responsible for extracting
features from monitoring data, the LSTM is capable of learning from time-series data more effectively,
and the Attention mechanism highlights the impact of features on input effectiveness. The results
indicated the following: (1) The urban waterlogging rapid prediction model exhibited good accuracy.
The Pearson correlation coefficient exceeded 0.95. It was 50–100 times faster than the InfoWorks
ICM model. (2) Diversion pipelines can meet the design flood standard of a 200-year return period,
aligning with the expected engineering objectives. (3) River channel diversion significantly reduced
the extent of inundation. Under the 30-year return period rainfall scenario, the maximum inundation
area decreased by 1.46 km2, approximately equivalent to 205 international standard soccer fields.

Keywords: urban inundation; deep learning; flood diversion pipeline; pipeline drainage capacity

1. Introduction

In recent years, urban waterlogging disasters have become increasingly prominent
due to the rapid advancement of global climate change and urbanization [1–4]. Intense
rainfall events have led to urban river channel overflows, exacerbating the challenges
associated with coping with urban waterlogging disasters and posing significant threats
to people’s lives, property, and urban infrastructure. For example, in February 2023, São
Paulo, Brazil, was hit by heavy rainfall, which resulted in river flooding, severe flooding,
collapsed houses, and hindered transportation across the city [5]. In July 2023, Beijing,
China, experienced severe waterlogging disasters, with the water level of the Yongding
River sharply rising and the collapse of the Xiaoqing River Bridge, causing extensive
damage and sweeping away numerous vehicles [6,7]. Therefore, developing effective
urban flood control and disaster reduction measures has become an urgent priority in
urban planning and water resource engineering.

To effectively address this challenge, some scholars have conducted in-depth research
on measures to mitigate waterlogging disasters. Firstly, sponge cities represent an important
engineering measure of reducing urban waterlogging disasters [8–11]. Facilities associated
with sponge city construction perform functions such as infiltration, retention, storage,
and purification. By increasing rainwater infiltration and reducing surface runoff, sponge
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cities can decrease the risk of waterlogging, thereby having considerable research and
practical significance in sustainable urban ecological development. Secondly, embankment
construction is a crucial engineering measure for addressing river problems, playing a
role in improving the ecological environment of rivers and enhancing flood control and
drainage capabilities [12–14]. Additionally, non-engineering measures have emerged for
urban flood control and disaster reduction, such as improving emergency management
systems, establishing flood forecasting and warning systems, and strengthening flood
disaster management [15–18]. These non-engineering measures play a role in reducing
losses from urban waterlogging. The aforementioned measures are highly important for pre-
warning, rescue during disasters, and post-disaster reconstruction of urban waterlogged
areas. However, they may not effectively solve problems such as river channel overflow
and other waterlogging issues (e.g., the toppling of inlet pipes into rivers).

The increase in impervious surfaces in cities accelerates the runoff yield and concen-
tration in urban areas; therefore, the problem of river channel overflow triggered by heavy
rainfall is often accompanied by deeper water accumulation, wider inundation areas, and
faster flood flow velocities, leading to a shorter formation time for urban floods [19–22].
Constructing an urban waterlogging warning model is an effective measure for reducing
losses from waterlogging disasters. Against the background of increasing impermeable
surfaces in urban areas, a warning model is required to achieve both rapid prediction speed
and good prediction accuracy [23–25]. Given the concentration of populations in urban
areas (such as the population on both sides of the Jinshui River in the study area), untimely
or inaccurate warnings of waterlogging disasters may lead to severe property damage
and casualties. Therefore, the demand for rapid and accurate prediction of urban floods is
becoming increasingly urgent.

Currently, most studies on urban flood prediction rely on physically based flood
simulation models such as MIKE Urban, InfoWorks ICM, and MOUSE [26–29]. Although
these models can couple conduit flow and surface runoff simulations and demonstrate
good simulation accuracy, they face the challenge of prolonged simulation times, especially
for large simulation areas. Therefore, physically based flood simulation models are not
suitable for meeting the demand for rapid prediction, particularly in urban riverbank
overflow warning systems. In recent years, scholars have utilized artificial intelligence
algorithms to learn the relationship between inputs and outputs to efficiently and accurately
predict urban floods, thereby meeting the demand for flood prediction. This approach
shortens the simulation time and ensures high prediction accuracy. For example, Kao
et al. employed long short-term memory (LSTM) neural networks to construct a rapid
flood inundation prediction model, achieving rapid prediction of inundation depth at a
resolution of 40 m, with R2 values exceeding 0.95 [30] (Kao et al. 2021). Xie et al. constructed
14,278 ANN models involving deep learning techniques, achieving fast prediction of
inundation depth for each grid cell within study areas of 7.9 km2 [31]. Chen et al. combined
hydrodynamic models with machine-learning algorithms and proposed a rapid urban
inundation prediction method [32]. Despite the promising results achieved using artificial
intelligence in flood inundation prediction, most studies have focused on predicting the
maximum flood inundation depth rather than its dynamic evolution process.

In conclusion, urban riverbank overflow exacerbates urban waterlogging disasters.
To achieve rapid and accurate prediction of waterlogging disasters and reduce the losses
caused by urban riverbank overflow, two aspects need to be considered: firstly, effective
measures to reduce riverbank overflow problems should be implemented, which can
mitigate riverbank overflow issues and alleviate internal waterlogging problems such as
conduit toppling; secondly, methods for rapid and accurate prediction of urban waterlog-
ging disasters are required, which should possess both swift prediction speed and good
prediction accuracy.

Urban river channel flood diversion is a common urban flood control measure that
disperses rainfall and reduces runoff velocity, thereby lowering peak water levels and
mitigating the risk of urban waterlogging disasters [33,34]. To this end, this study took
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the diversion pipeline project of the Jinshui River in Zhengzhou, China, as an example
and employed hydrodynamic models and artificial intelligence algorithms to investigate
the mitigation effect of urban river channel flood diversion on waterlogging disasters.
First, an urban waterlogging simulation model was constructed within the diversion
pipeline construction area using InfoWorks ICM 2023.0, and a storm-flooding dataset was
established based on the design rainfall data and simulation results from the InfoWorks ICM
model. Second, a rapid urban waterlogging prediction model was developed by integrating
1D convolutional neural network (1DCNN), LSTM, and Attention mechanism algorithms
and was trained using the storm-flooding dataset. Finally, the mitigation effect of urban
river channel flood diversion on waterlogging disasters was explored, focusing on the
drainage capacity of pipelines and the characteristics of waterlogging submergence. This
study aimed to provide scientific references and feasible suggestions for urban waterlogging
prevention and control.

2. Study Area and Data
2.1. Study Area

Zhengzhou is located in the southern part of the North China Plain, downstream of
the Yellow River, in the central-northern part of Henan Province, China. It has a temperate
monsoon climate with four distinct seasons. The average annual precipitation is 632 mm,
with rainfall concentrated from June to September accounting for approximately 60% of the
annual precipitation [35,36]. The central urban area of Zhengzhou consists of Zhongyuan
District, Erqi District, Guancheng Hui Autonomous District, Jinshui District, and Huiji
District. The Jinshui River is the main river in the central urban area of Zhengzhou and
is a major tributary of the Jialu River. Flowing from southwest to northeast through Erqi
District, Zhongyuan District, Jinshui District, and Zhengdong New District, Jinshui River
has a total length of 27.66 km and a drainage area of 80.1 km2. It is one of the main flood
drainage channels in the central urban area and the only urban river connecting the four
main urban districts of Zhengzhou, making it a crucial flood control target.

The main construction components of the Jinshui River flood diversion project include
the flood diversion pipeline project, flood diversion outlet project, and Jialu River channel
regulation project. This study focused on the construction area of the Jinshui River flood
diversion pipeline project as the study area (Figure 1). The study area included both the
Jinshui River and Jialu River. The banks of the Jialu River were mainly covered with bare
soil or farmland, whereas those of the Jinshui River were predominantly occupied by
buildings with high population and housing density, making them prone to rainstorm-
induced waterlogging disasters. The Jinshui River flood diversion pipeline project diverts
floodwater from Jinshui River to Jialu River through drainage pipelines. The flood diversion
pipeline project includes pipeline inlet works, manholes, and receiving well works. The
total length of the flood diversion pipeline is 5.405 km, with a flow capacity of 75 m3/s.
A top-down construction method was adopted using two parallel DN4000 prestressed
concrete pipes placed 6 m apart. Along the pipeline route, eight manholes and seven
receiving wells were set up, all of which were constructed using circularly reinforced
concrete sink structures. The terrain of the study area was relatively flat, with ground
elevations ranging from 107.5 to 162.8 m above the Yellow Sea datum.
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Figure 1. Study area overview nap (“Pipeline” refers to the flood diversion pipeline).

2.2. Data Sources

(1) Drainage network data: Sourced from the “Drainage Engineering Plan of Zhengzhou
City (2011–2020)” and field survey data. The pipeline cross-section shapes were classi-
fied as rectangular or circular, with rectangular pipelines ranging from a minimum size
of 900 mm × 700 mm to a maximum of 1800 mm × 2000 mm, and the circular pipelines
ranged from a minimum diameter of 800 mm to a maximum of 2400 mm. Data for flood
diversion pipelines were derived from the “Design General Instructions for Construction
Drawings of the Jinshui River Flood Diversion Project in Zhengzhou City” and are shown
in Figure 2a.
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(2) Remote sensing image data: Remote sensing imagery (from 2023) was sourced
from China Siwei Geo-Information Technology Co., Ltd. with a resolution of 0.49 m, as
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shown in Figure 2b. Using a combination of maximum likelihood classification and manual
correction in ArcGIS, land cover types on the ground were derived from the remote sensing
imagery, as illustrated in Figure 2c.

(3) Elevation data: Topographic data (from 2023) were obtained from China Siwei
Geo-Information Technology Co., Ltd. with an accuracy of 12.5 m. After fine processing the
buildings and road networks, the data were utilized for model construction. The elevation
range in the study area spanned 107.5–162.8 m (Yellow Sea datum), as depicted in Figure 2d.

(4) River data: The study area comprised two main rivers, the Jinshui River and
Jialu River, which receive water discharge from the basin. River data included informa-
tion on river topography, cross-sections, riverbanks, and water levels, sourced from the
“Engineering Geological Survey Report of the Zhengzhou Jinshui River Diversion Project”.

(5) Rainfall data: Observed rainfall data were sourced from a meteorological station in
Zhengzhou City, covering the period of 2011–2023. Data on the actual inundation points for
model validation were obtained from field surveys and relevant news reports. The design
rainfall sequences were derived from the design rainfall intensity formula for Zhengzhou
City published by the Zhengzhou Natural Resources and Planning Bureau in 2023. The
time interval was set to 5 min, rainfall coefficient was 0.4, and total duration was 120 min.
The formula used is as follows:

i =
12(1 + 3.264lgP)

(t + 24.8)0.856 (1)

where i represents the rainfall intensity (mm/h), P represents the return period of the
design rainfall (yr), and t represents the total duration of the design rainfall (min).

3. Methodology
3.1. Research Framework

Urban waterlogging disasters have become increasingly prevalent in recent years.
Fast and accurate simulations and predictions of urban pluvial floods are important for
disaster prevention and mitigation. To address this, we explored a city waterlogging
prediction method based on 1DCNN–LSTM–Attention, using the example of the Jinshui
River diversion project in Zhengzhou, China. We employed methods such as the InfoWorks
ICM and deep-learning models to investigate the mitigation effect of urban river diversion
on waterlogging disasters, focusing on two aspects: the drainage capacity of pipelines
and the characteristics of inundation caused by waterlogging. The technical roadmap is
illustrated in Figure 3, and the specific research contents are as follows:

(1) Construction of a heavy rainfall inundation dataset: Owing to the limited measured
rainfall inundation data, we utilized simulation data from the InfoWorks ICM model as the
dataset for the deep-learning model. First, based on fundamental data (such as those on the
drainage pipe network, remote sensing imagery, land cover types, ground elevation, and
river cross-sections), a simulation model for heavy rainfall inundation in the study area was
constructed using the InfoWorks ICM model, which was then calibrated using measured
rainfall-inundation data from Zhengzhou. Second, 120 rainfall scenarios comprising six
common rainfall patterns in Zhengzhou combined with 20 return periods were input into
the InfoWorks ICM model to simulate the water depth for each triangular mesh. Finally, a
heavy rainfall inundation dataset was constructed based on the design rainfall data and
simulated results from the InfoWorks ICM model.

(2) Training of the deep-learning model: This study integrated the 1DCNN, LSTM, and
Attention algorithms to construct a fast urban waterlogging prediction model. The 1DCNN
was responsible for feature extraction from the monitoring data, the LSTM was effective in
learning from time-series data, and the Attention mechanism highlighted the influence of
features on the input effects, thus improving computational speed without affecting the
accuracy of the model and further enhancing the prediction accuracy and stability of the
model. First, the heavy rainfall-inundation dataset was randomly divided into training and
test sets at a ratio of 4:1. Second, to eliminate the influence of different dimensions, the data
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were normalized using the min–max scaling method. Finally, the accuracy of the model was
verified based on the measured and predicted values of the water depth, thereby obtaining
a fast urban waterlogging prediction model based on 1DCNN–LSTM–Attention.

(3) Benefit analysis of diversion projects: This study investigated the mitigation effects
of urban river diversions on waterlogging disasters by focusing on the drainage capacity of
pipelines and their inundation characteristics. First, using the maximum values from the In-
foWorks ICM simulation results as the evaluation index, the impact of urban river diversion
on the drainage capacity of the pipe network was analyzed based on the overloaded state
of the pipelines. Finally, based on the prediction results of the 1DCNN–LSTM–Attention
model, the influence of urban river diversion on the inundation characteristics, including
water depth and inundation area, was analyzed.
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3.2. Rainstorm Inundation Database

As rainstorm inundation data is in spatiotemporal form, involving a large number of
grids, it is realistically difficult to obtain through manual measurements and monitoring
instruments. InfoWorks Integrated Catchment Modeling (ICM) is an advanced, integrated
catchment modeling software with cloud capabilities that models complex hydraulic and
hydrologic network elements quickly and accurately in a collaborative environment. In-
foWorks ICM provides modules for rainfall runoff, network flow, and 2D surface water
flood modelling. Surface runoff processes include various runoff models, such as Horton, as
well as SCS and routing models such as SWMM and SCS Unit [37–39]. The urban flooding
process can be finely simulated using the InfoWorks ICM model. At the same time, the
simulation results of urban flooding can provide training samples for deep-learning models.

In a 1D network flow simulation, the complete Saint-Venant equations were solved; the
equations included equations for mass conservation and momentum conservation, as follows:

∂A
∂t

+
∂Q
∂x

= 0 (2)

∂Q
∂t

+
∂

∂x

(
Q2

A

)
+ gA

(
cos θ

∂h
∂x

− S0 +
Q|Q|

K2

)
= 0 (3)

where A represents the cross-sectional area (m2), Q denotes the flow rate (m3/s), g denotes
the acceleration due to gravity (m2/s), θ represents the angle between the pipe centerline
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and the horizontal line (◦), K indicates the hydraulic conductivity, and S0 represents the
slope of the channel bed.

In the 1D river channel flow simulations, the river channel was simplified into an open
channel conduit, and a 1D hydrodynamic model was employed for the simulation. The
expressions are as follows:

∂A
∂t

+
∂Q
∂x

= q (4)

∂A
∂t

+
∂

∂x

(
β

Q2

A

)
+ gA

(
∂y
∂x

)
+ gAS f − uq = 0 (5)

where Q represents discharge (m3/s), A denotes the cross-sectional area of the river channel
for water passage (m2), t stands for time (s), x represents the horizontal coordinate along
the water flow direction (m), y indicates the water level (m), g represents the gravitational
acceleration (m2/s), β is the momentum correction coefficient (◦), K denotes the discharge
coefficient determined using the Manning formula, Sf represents the frictional slope, u
signifies the velocity of lateral inflow into the river channel in the direction of the channel
(m/s), and q denotes the lateral inflow rate into the river channel (m3/s).

In a 2D surface runoff simulation, shallow-water equations, also known as the depth-
averaged form of the Navier–Stokes equations, were employed to mathematically describe
the 2D flow regime. It was assumed that the flow primarily occurred in the horizontal
direction, and variations in flow velocity in the vertical direction were ignored. The
shallow-water equations are expressed as follows:

∂h
∂t

+
∂(hu)

∂x
+

∂(hv)
∂y

= q1D (6)

∂(hu)
∂t

+
∂

∂x

(
hu2 +

gh2

2

)
+

∂(huv)
∂y

= S0,x − S f ,x + q1Du1D (7)

∂(hv)
∂t

+
∂

∂y

(
hv2 +

gh2

2

)
+

∂(huv)
∂x

= S0,y − S f ,y + q1Dv1D (8)

where h represents the water depth (m), u and v represent the velocities in the x and y
directions, respectively (m/s), S0,x and S0,y represent the bed slopes in the x and y directions,
respectively, Sf,x and Sf,y represent the frictional forces in the x and y directions, respectively,
q1D denotes the discharge per unit area (m3/s), and u1D and v1D represent the velocities of
q1D in the x and y directions, respectively (m/s).

Next, 120 rainfall scenarios comprising six common rainfall patterns in Zhengzhou
(Figure 4) combined with 20 return periods (1, 2, 3, 4, 5, 7, 10, 20, 30, 40, 50, 70, 100, 200, 300,
400, 500, 700, 800, and 1000a) were input into the InfoWorks ICM model to simulate the water
depth for each triangular mesh. Finally, a heavy rainfall inundation dataset was constructed
based on the design rainfall data and simulated results from the InfoWorks ICM model.
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3.3. Deep-Learning Models

Neural networks are computational models that simulate interconnected networks of
neurons in the human brain, comprising a large number of nodes [40,41]. Each connection
between neurons can transmit signals to another neuron, and after processing, neurons
can relay signals to the next level of neurons. Neurons adjust their signal transmission
thresholds by learning to achieve effects similar to those of real models. Neural networks are
composed of neurons, whose structure is depicted in Figure 5. Below are brief introductions
to the 1DCNN algorithm, LSTM algorithm, and Attention mechanism.
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The output of a neuron is represented by the following equation:

hw,b(x) = f (wTx) = f (
4

∑
i=1

Wixi + b) (9)

where the function f (x) represents the activation function.

3.3.1. 1DCNN

The CNN model possesses powerful spatial grid data processing capabilities, enabling
automatic extraction of target features without relying on predefined feature descriptions.
CNN models include 1D, 2D, and 3D variants, with 2D and 3D CNNs being commonly
used for image and video processing [42]. In this study, the input rainfall features for flood
prediction were 1D data; hence, a 1D CNN model was adopted. In a 1D CNN, the output
from the preceding 1D convolution layer is propagated forward to serve as input to the
neurons in the subsequent layer.

xl
k = bl

k +
Nl−1

∑
i=1

Conv1D(wl−1
ik , Sl−1

i ) (10)

where xl
k represents the input to the k-th neuron of the l-th convolutional layer, bl

k is the
bias of the k-th neuron in the l-th convolutional layer, Sl−1

i denotes the output of the i-th
neuron in the (l−1)-th convolutional layer, wl−1

ik represents the convolution kernel from the
i-th neuron in the (l−1)-th convolutional layer to the k-th neuron in the l-th convolutional
layer, and Conv1D represents the 1D convolution operation.

3.3.2. LSTM

A recurrent neural network (RNN) is a type of neural network specifically designed to
model sequential data. The RNN unit passes its own state in the direction of the sequence
progression and connects according to a chain-like structure. An LSTM network is an
improvement compared to the RNN model. Owing to the vanishing gradient problem, the
RNN model only has short-term memory and cannot continue to improve model accuracy.
LSTM introduces memory units and gate structures based on an RNN. It captures long-term
dependency information in time-series data by retaining or discarding information during
transmission. The three gates added by the LSTM network are the forget, input, and output
gates [43]. The unit structure of the LSTM network model is shown in Figure 6.
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The updated equations for the LSTM layer are as follows:

ft = σ(W f · ([ht−1, xt] + b f )) (11)

it = σ(Wi · ([ht−1, xt] + bi)) (12)

gt = tan h(Wg · ([ht−1, xt] + bg)) (13)

ct = ft ⊗ ct−1 + it ⊗ gt (14)

ot = σ(Wo · ([ht−1, xt] + bo)) (15)

ht = ot ⊗ tan h(ct) (16)

where xt is the input data at time t, V and W are weight matrices, h is the number of hidden
units, b is the linear bias of the fully connected layer, σ is the sigmoid activation function,
and it, ft, ct, and ot are the input gate, forget gate, cell state, and output gate, respectively.

3.3.3. Attention

The attention mechanism draws inspiration from the process by which human senses
receive information. When facing a scene, reading text, or listening to an audio, the brain
autonomously adjusts its attention to different aspects, focusing on areas of interest to
efficiently receive and process information. This introduced an attention mechanism into
an LSTM network. Unlike a regular fully connected layer, an attention mechanism layer
can determine the weights of the outputs at each time step based on the input rather
than using fixed coefficients. The attention mechanism dynamically allocates different
attention weights to each part, obtaining information that is more relevant to the current
task objective [44]. The attention processes were calculated as follows.

Score(Xt) = Dense(XtW + b) (17)

Attention_Weightst =
exp(Score(Xt))

T
∑

i=1
exp(Score(Xi))

(18)

Weighted_Sequencet = Attention_Weightst · Xt (19)

where xt represents an element of the input sequence at time step t, Dense denotes a fully
connected layer, W represents the weight matrix, and b represents the bias term.
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3.4. Model Construction and Evaluation
3.4.1. Construction and Evaluation of Urban Waterlogging Simulation Model

The permeable surfaces in the study area included green areas and bare soil, for
which the Horton formula was selected as the infiltration model. Impermeable surfaces
included buildings, pavements, and water bodies, and runoff was calculated using the
fixed-runoff coefficient method. The drainage system in the study area comprised two
rivers, 133 drainage pipes, 132 rainwater wells, and three outlets. Initially, the study
area was divided into 117 sub-watersheds using a combination of the Thiessen polygon
method and manual adjustments based on the positions of the rainwater wells and street
distribution. Subsequently, a terrain model was created using the elevation data, and the
2D calculation area of the study area was divided into grids. Additionally, the elevations of
buildings and road grid cells were increased by 5 m and decreased by 0.15 m, respectively,
to reflect their roles in blocking and guiding floodwaters. Finally, a 1D river model was
established, and the rainfall type was modified to 2D to facilitate the coupled simulation of
the 1D pipe network runoff, 1D river runoff, and 2D surface runoff.

Four recorded rainfall events (Table 1) were selected for the calibration and validation
of the model parameters. For parameter calibration, both the traditional manual trial-
and-error method and the comprehensive runoff coefficient method were employed. The
comprehensive runoff coefficients obtained for the rainfall events on 15 May 2018, 1 August
2018, and 20 September 2021 were 0.622, 0.653, and 0.681, respectively, which are close to
the comprehensive runoff coefficient of 0.65 specified in the “Drainage Engineering Plan
of Zhengzhou City (2011–2020)”. For parameter validation, the simulation of the rainfall
event on 20 July 2021 revealed that the observed waterlogging locations corresponded well
with the simulated locations (Figure 7), and the water depths at the main waterlogging
points were consistent (Table 2). Therefore, the model was considered reliable.
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Table 2. Comparison between simulated rainfall and measured waterlogging depth for 20,210,720
rainfall events.

ID Location of Water
Accumulation Points

Simulated
Water Depth/m

Actual Measured
Water Depth/m Error/m

1
Eastern half of Tongbai

Road (from Ruhe Road to
Huaihe Road)

0.20 0.15 0.05

2 Intersection of Gongren
Road and Ruhe Road 0.33 0.30 0.03

3 Intersection of Longhai
Road and Gonggong Road 0.25–0.40 0.30–0.40 −0.05

4 Yihe Road (Songshan Road
to Gonggong Road) 0.30–0.60 0.30–0.50 0.10

5 Intersection of Longhai
Road and Tongbai Road 0.60 0.55 0.05

6 Intersection of Yihe Road
and Qinling Road 0.57 0.50 0.07

7 Western side of Jinshui
River Bridge on Ruhe Road 0.18–0.51 0.20–0.50 −0.02

3.4.2. Construction of Urban Waterlogging Prediction Model

This study adopted an algorithm that integrates 1DCNN, LSTM, and Attention to
construct a model for urban waterlogging prediction, as illustrated in Figure 8. The 1DCNN
was employed for feature extraction from the data, the LSTM was utilized for handling and
predicting time-series-related data, and the Attention mechanism dynamically assigned
different attention weights to each part to obtain information that was more relevant to the
current task objective.
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Figure 8. Model structure based on 1DCNN–LSTM–Attention (“1DCNN” stands for 1D convolutional
neural network, “LSTM” stands for long short-term memory neural network, “Attention” stands for
attention mechanism).

The training steps for the urban inundation prediction model based on 1DCNN–LSTM–
Attention are as follows:

(1) Dataset construction: Because of the limited measured rainfall runoff data, simu-
lated data from InfoWorks ICM were used. This involved inputting 120 rainfall scenarios,
comprising six common rainfall patterns in Zhengzhou City combined with 20 rainfall
return periods, into the InfoWorks ICM model to simulate the corresponding water depth,
thus constructing the dataset. Each flooding scenario in the dataset extracted 1,022,475 grids
spatially (based on the triangular mesh quantity in the study area from the InfoWorks ICM
model), with each grid carrying water depth information.

(2) Dataset partitioning: The rainfall scenarios were randomly divided into training
and test sets to ensure that the test set contained rainfall scenarios with different patterns.
The ratio of the training, validation, and test sets was 4:1.
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(3) Data normalization: To eliminate the influence of different dimensions, the data
were normalized using the min–max scaling method before being input into the 1DCNN–
LSTM–Attention model.

(4) Model parameter optimization and validation: The model parameters were opti-
mized using the Bayesian optimization algorithm. Based on the measured water depth
and predicted values, the accuracy of the model was evaluated using metrics such as mean
absolute error (MAE), root mean square error (RMSE), and Pearson correlation coefficient
(PCC).

3.4.3. Evaluation Indicators of Urban Waterlogging Prediction Model

MAE, RMSE, and PCC were used as evaluation indices to analyze the accuracy of
the inundated water level height at each point of the spatiotemporal intelligent prediction
model for urban flooding.

MAE =
1
n

n

∑
i=1

|Yi − Xi| (20)

RMSE =

√
1
n

n

∑
i=1

(Yi − Xi)
2 (21)

PCC =

n
∑

i=1
(xi − x) · (yi − y)√

n
∑

i=1
(xi − x)2 ·

√
n
∑

i=1
(yi − y)2

(22)

where n is the total number of predicted values, xi is the simulated water depth of the i-th
grid with the hydrodynamic model, and yi represents the predicted water depth of the i-th
grid with the prediction model.

4. Results and Discussion
4.1. Performance Evaluation of Deep-Learning Models

Based on 1DCNN–LSTM–Attention, two urban inundation prediction models were
established for the study area under two conditions: before (existing condition) and after
(planning condition) the construction of the diversion pipelines. Because of the limited
length of this article, this section analyses the performance evaluation results of the model
under the planning condition as an example.

4.1.1. Spatial Scale Performance Analysis

The simulated inundation map and predicted inundation map under the three rainfall
scenarios of heavy rain (approximately 25.0–49.9 mm/d), torrential rain (approximately
50.0–99.9 mm/d), and heavy rainstorm (approximately 100.0–249.9 mm/d) were selected
for comparison, as shown in Figures 9–11. From Figures 9–11, the predicted location and
range of waterlogging were consistent with the simulation results, indicating that the
prediction model could better achieve the spatial prediction of urban floods.

To better analyze the differences between deep-learning models and numerical simu-
lation models in predicting flood depth at the spatial scale, taking heavy-rainfall scenarios
as an example, three triangular grids from the seven known susceptible points in the study
area were selected. The maximum water depth predicted by the deep-learning model was
compared with the numerical simulation results, as shown in Table 3. From Table 3, it
can be observed that under the three rainfall scenarios, the maximum deviation of the
deep-learning model prediction results was 0.05 m, the minimum deviation was 0.01 m,
and the average error was 0.026 m. This indicated that the prediction accuracy of the
deep-learning model was effective at the spatial scale.
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Table 3. Prediction error of flooding grid under torrential rain scenario.

Grid ID Simulate Water
Depth/m

Predict Water
Depth/m AE/m MAE/m

1 0.17 0.16 0.01

0.026

2 0.31 0.28 0.03
3 0.35 0.38 0.03
4 0.47 0.45 0.02
5 0.53 0.48 0.05
6 0.49 0.50 0.01
7 0.39 0.36 0.03

4.1.2. Temporal Scale Performance Analysis

The 1DCNN–LSTM–Attention model, an improved version of the LSTM algorithm,
combines the 1DCNN algorithm and the attention mechanism, making it more suitable for
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extracting complex nonlinear features from time-series data. To compare the differences
before and after the algorithm improvements, the temporal scale performance of the
prediction model was analyzed by comparing the three different deep-learning algorithms
(1DCNN–LSTM- Attention, 1DCNN, and LSTM).

Based on the severity of flooding, five representative flooding points were selected
from seven typical flooding points in the study area. The curves of the maximum inundation
depth over time for the three flood prediction algorithms under the three rainfall scenarios
are shown in Figure 12. Figure 12 shows that the time-series prediction curves of the
maximum water depth for the five inundation points obtained using the three prediction
algorithms were generally consistent with the simulation results of InfoWorks ICM.
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Furthermore, the prediction results of the three flood algorithms for flooding point 1
were compared with the simulation results of InfoWorks ICM, as shown in Table 4. From
Table 4, the 1DCNN–LSTM–Attention algorithm exhibited high robustness and negligible
numerical errors. Under heavy-rainfall scenarios, the 1DCNN–LSTM–Attention prediction
model exhibited RMSE and PCC values of 0.028 and 0.961, respectively. Under the torrential-
rain scenarios, the RMSE and PCC values were 0.019 and 0.980, respectively. Under the
extreme-rainfall scenarios, the RMSE and PCC values were 0.024 and 0.973, respectively.
This was because the memory and forgetting mechanisms of the 1DCNN–LSTM–Attention
algorithm made it easier to capture the nonlinear relationship between input and output
values in long time series, thereby demonstrating better flood prediction performance.

Table 4. Prediction accuracy of flooding time series.

Rainfall Scenario Evaluation Index 1DCNN–LSTM–
Attention 1DCNN LSTM

Heavy rain RMSE/m 0.028 0.112 0.053
PCC 0.961 0.924 0.941

Torrential rain
RMSE/m 0.019 0.095 0.044

PCC 0.980 0.933 0.949

Heavy rainstorm RMSE/m 0.024 0.101 0.048
PCC 0.973 0.932 0.944

4.1.3. Computational Time Performance Analysis

A rapid forecasting model was implemented using Python 3.6, Scikit-learn, and
Numpy frameworks, with computations performed on an Intel(R) Core(TM) i7-13700 CPU.
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Ten random rainfall events were simulated using both the InfoWorks ICM and rapid urban
inundation prediction models. The average simulation time for the InfoWorks ICM model
was 39.75 min, and the simulation duration increased with increasing rainfall intensity
and duration. The rapid urban inundation prediction model, based on 1DCNN–LSTM–
Attention, had an average simulation time of 0.79 min, and simulation duration was not
affected by the magnitude or duration of rainfall. Compared to the InfoWorks ICM model,
the rapid urban inundation prediction model based on 1DCNN–LSTM–Attention was
50–100 times faster, meeting the requirements for timely warning and forecasting.

4.2. Analysis of the Impact of Urban River Flood Diversion on Pipe Network Drainage Capacity
4.2.1. Rainfall Scenario Setting

Rainfall simulation scenarios were established based on references [45] and [46]. Rain-
fall scenarios with return periods of 1, 5, 10, 20, 30, and 50 years (hereafter referred to as 1, 5,
... 50a) were selected. Additionally, according to the “General Instructions for the Design of
Jinshui River Diversion Project in Zhengzhou City”, the diversion outlet was designed for a
flood standard of once-in-200-years, with a discharge flow of 75 m3/s. Therefore, a rainfall
scenario corresponding to a 200-year return period was selected. Furthermore, to reflect
the characteristics of extreme rainfall events on 20 July 2021 in Zhengzhou City (referred
to as “7.20”), this rainfall event was also included as a simulation scenario to discuss and
analyze the urban flooding characteristics under extreme heavy rainfall.

In summary, this study set the rainfall scenarios as 1a, 5a, 10a, 20a, 30a, 50a, 200a, and
“7.20”; the rainfall hyetograph for each scenario is shown in Figure 13.
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4.2.2. Drainage Capacity Evaluation Indicator

In InfoWorks ICM, the operational status of a pipe is measured using the surcharge
state (S), which represents the ratio of water depth to pipe height. S is classified into three
situations: (1) 0 ≤ S < 1 indicates that the pipe is not filled with rainwater and has not
reached its maximum drainage capacity, as shown in Figure 14a; (2) S = 1 indicates that
the pipe is filled with rainwater and the hydraulic gradient at the current moment is less
than or equal to the pipe’s slope, representing the maximum drainage capacity, as shown
in Figure 14b; (3) S = 2 indicates that the pipe is filled with rainwater and the hydraulic
gradient at the current moment is greater than the pipe’s slope, also representing the
maximum drainage capacity, as shown in Figure 14c. In this study, the drainage capacity of
the pipes was assessed based on S, with the minimum recurrence interval of rainfall that
fills the pipe considered as the drainage capacity of the pipe. Pipes with S = 1 and 2 are
collectively referred to as fully charged pipes.
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4.2.3. Analysis of Pipe Drainage Capacity

The drainage capacity of the drainage pipes under existing condition and planning
condition in the study area were simulated using the InfoWorks ICM model with input
from eight rainfall scenarios. The results are shown in Figure 15. The percentage of the
pipe length for each drainage capacity is shown in Figure 16.
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From Figures 15a and 16, it is evident that under the existing conditions, the south-
western region of the study area exhibited higher drainage capacity in the pipelines, with
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drainage capacities exceeding the 50-year recurrence interval (a), whereas the northeastern
region showed lower drainage capacity, with approximately 13.8% of the pipelines having
capacities below the 10-year recurrence interval (a). Moreover, under extreme rainfall and
flooding conditions, the drainage capacity of pipelines discharging into the Jinshui River
was generally low, with some pipelines having capacities below the one-year recurrence
interval (a). Overall, the distribution of the pipeline drainage capacity in the study area
showed a pattern of being higher in the southwest and lower in the northeast.

As per Figures 15b and 16, under the planning conditions, compared to the existing
conditions, there was a general improvement in pipeline drainage capacity throughout
the study area, with approximately 8.3% of pipelines having capacities below the 10-year
recurrence interval (a), which was 5.5% lower than that under existing condition. Notably,
the middle section of the Jinshui River showed a significant increase in the drainage
capacity of pipelines discharging into it, with capacities increasing from below the one-year
recurrence interval (a) to above the 20-year recurrence interval (a). This indicated that
the Jinshui River diversion pipelines effectively discharged some of the water from the
Jinshui River to the Jialu River, thereby enhancing the drainage capacity of the pipelines in
the study area. However, under the extreme rainfall scenario of “7.20”, pipelines under
both existing and planning conditions were fully surcharged, placing significant pressure
on the urban underground pipeline network. Under such circumstances, it is essential to
strengthen and improve urban flood warning and emergency response systems to minimize
the impact of extreme rainfall and flooding disasters.

Furthermore, to verify whether the diversion pipelines met the design flood control
standard of once-in-200-years, the maximum water levels inside the diversion pipelines
were simulated under the 200-year recurrence interval rainfall scenario, as shown in Fig-
ure 17. The flow process at the outlet of the diversion pipelines is illustrated in Figure 18.
Figure 17 indicates that at the time when the maximum simulated results were obtained
under the 200-year rainfall scenario, the entrance of the diversion pipelines was already
fully inundated, whereas the outlet of the diversion pipelines was not yet fully inundated,
with a maximum surcharge status of 0.91. This indicated that the diversion pipelines were
at the critical point between being fully inundated and not fully inundated. Figure 18 shows
that under the 200-year rainfall scenario, the flow at the outlet of the diversion pipelines
initially increased and then stabilized, with a maximum discharge flow of 73 m3/s. This
verification confirms that the diversion pipelines met the design flood control standard of
once-in-200-years, aligning with the expected goals of the Jinshui River diversion project in
Zhengzhou City.

Water 2024, 16, x FOR PEER REVIEW 18 of 25 
 

 

From Figures 15a and 16, it is evident that under the existing conditions, the south-
western region of the study area exhibited higher drainage capacity in the pipelines, with 
drainage capacities exceeding the 50-year recurrence interval (a), whereas the northeast-
ern region showed lower drainage capacity, with approximately 13.8% of the pipelines 
having capacities below the 10-year recurrence interval (a). Moreover, under extreme rain-
fall and flooding conditions, the drainage capacity of pipelines discharging into the 
Jinshui River was generally low, with some pipelines having capacities below the one-
year recurrence interval (a). Overall, the distribution of the pipeline drainage capacity in 
the study area showed a pattern of being higher in the southwest and lower in the north-
east. 

As per Figures 15b and 16, under the planning conditions, compared to the existing 
conditions, there was a general improvement in pipeline drainage capacity throughout 
the study area, with approximately 8.3% of pipelines having capacities below the 10-year 
recurrence interval (a), which was 5.5% lower than that under existing condition. Notably, 
the middle section of the Jinshui River showed a significant increase in the drainage ca-
pacity of pipelines discharging into it, with capacities increasing from below the one-year 
recurrence interval (a) to above the 20-year recurrence interval (a). This indicated that the 
Jinshui River diversion pipelines effectively discharged some of the water from the Jinshui 
River to the Jialu River, thereby enhancing the drainage capacity of the pipelines in the 
study area. However, under the extreme rainfall scenario of “7.20”, pipelines under both 
existing and planning conditions were fully surcharged, placing significant pressure on 
the urban underground pipeline network. Under such circumstances, it is essential to 
strengthen and improve urban flood warning and emergency response systems to mini-
mize the impact of extreme rainfall and flooding disasters. 

Furthermore, to verify whether the diversion pipelines met the design flood control 
standard of once-in-200-years, the maximum water levels inside the diversion pipelines 
were simulated under the 200-year recurrence interval rainfall scenario, as shown in Fig-
ure 17. The flow process at the outlet of the diversion pipelines is illustrated in Figure 18. 
Figure 17 indicates that at the time when the maximum simulated results were obtained 
under the 200-year rainfall scenario, the entrance of the diversion pipelines was already 
fully inundated, whereas the outlet of the diversion pipelines was not yet fully inundated, 
with a maximum surcharge status of 0.91. This indicated that the diversion pipelines were 
at the critical point between being fully inundated and not fully inundated. Figure 18 
shows that under the 200-year rainfall scenario, the flow at the outlet of the diversion 
pipelines initially increased and then stabilized, with a maximum discharge flow of 73 
m3/s. This verification confirms that the diversion pipelines met the design flood control 
standard of once-in-200-years, aligning with the expected goals of the Jinshui River diver-
sion project in Zhengzhou City. 

 
Figure 17. Cross-section of maximum water volume in diversion pipelines under the 200-year rain-
fall scenario. 

Figure 17. Cross-section of maximum water volume in diversion pipelines under the 200-year rainfall
scenario.



Water 2024, 16, 1771 18 of 23
Water 2024, 16, x FOR PEER REVIEW 19 of 25 
 

 

 
Figure 18. Flow process line at the outlet of diversion pipelines under the 200-year rainfall scenario. 

4.3. Analysis of the Impact of Urban River Flood Diversion on Inundation Characteristics 
By inputting the eight rainfall scenarios from Section 4.2.1 into the 1DCNN–LSTM–

Attention model, the inundation situations under the existing and planning conditions in 
the study area were predicted, as shown in Figure 19. A comparison of the maximum 
water depth and maximum inundation area under each rainfall scenario is shown in Fig-
ure 20. 

  
(a) 1a 

  
(b) 5a 

Figure 18. Flow process line at the outlet of diversion pipelines under the 200-year rainfall scenario.

4.3. Analysis of the Impact of Urban River Flood Diversion on Inundation Characteristics

By inputting the eight rainfall scenarios from Section 4.2.1 into the 1DCNN–LSTM–
Attention model, the inundation situations under the existing and planning conditions in
the study area were predicted, as shown in Figure 19. A comparison of the maximum water
depth and maximum inundation area under each rainfall scenario is shown in Figure 20.

Figure 19 shows that under both existing and planning conditions, the extent of
inundation was smaller in the southwestern region of the study area and larger in the north-
east region. This “less in the southwest, more in the northeast” inundation characteristic
corresponds to the distribution pattern of the drainage capacity in the area, which was char-
acterized by being higher in the southwest, lower in the northeast. The inundation pattern
was closely related to the distribution of surface types in the study area. The southwestern
region is mainly covered by permeable surfaces such as bare soil or vegetation, whereas
the northeastern region consists mostly of hardened surfaces such as buildings and roads,
resulting in more severe inundation.

Moreover, by comparing the inundation maps under the existing and planning con-
ditions, it can be observed that the Jinshui River diversion project effectively reduced
inundation disasters. The reduction in inundation disasters was particularly prominent
under rainfall scenarios of 1a, 5a, 10a, 20a, 30a, 50a, and 200a, while it was less significant
under the “7.20” rainfall scenario. This was because the maximum drainage capacity of
the diversion channels was designed for a 200-year return period. When the return period
of rainfall exceeded 200 years, the upstream sections of the diversion channels began to
surcharge, reaching a maximum S of 2 (as shown in Figure 17), indicating inadequate
drainage capacity. Consequently, when the return period exceeded 200 years, the diversion
channels became fully inundated, rendering them unable to effectively mitigate inunda-
tion disasters, which explains the limited reduction in inundation effects under the “7.20”
rainfall scenario.

As shown in Figure 20, the Jinshui River diversion project effectively reduced both
the maximum water depth and the extent of inundation. In particular, the reduction in
inundation disasters was more significant under rainfall scenarios of 20a, 30a, and 50a.
Under the 30a rainfall scenario, the maximum water depth decreased by 0.24 m, and the
proportion of the maximum inundation extent decreased by 6.73%, corresponding to a
maximum inundation area of 1.46 km2, which is approximately equivalent to the area of
205 standard football fields. However, under the “7.20” rainfall scenario, the reduction in
inundation disasters was less pronounced. The maximum water depth decreased by only
0.01 m, and the proportion of the maximum inundation extent decreased by 0.23%. This
highlights the importance of pre-disaster warning and post-disaster emergency responses,
especially in the face of extreme rainfall events such as “7.20”. In the context of modern
urban development, it is essential to establish and strengthen urban inundation warnings
and emergency response systems to mitigate urban disasters caused by heavy rainfall
inundation.
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5. Conclusions

The Jinshui River diversion project in Zhengzhou, China, was used as a case study
to explore a city inundation prediction method based on the 1DCNN–LSTM–Attention
model. This study investigated the mitigation effect of urban river diversion on inundation
disasters from two perspectives: pipeline drainage capacity and inundation submergence
characteristics. The main conclusions are as follows:

(1) The urban inundation rapid prediction model based on 1DCNN–LSTM- Attention
demonstrated good accuracy, with an average absolute error of 0.026 m at the spatial
scale and a PCC greater than 0.9 at the temporal scale. It also achieved a 50- to 100-fold
acceleration compared to the InfoWorks ICM model. In addition, it had better performance
than 1DCNN and LSTM.

(2) The drainage capacity of pipelines in the study area exhibited a “higher in the
southwest and lower in the northeast” distribution pattern. The river diversion project
significantly enhanced the drainage capacity of the inlet pipes and addressed the problem
of inlet pipe surcharge. The diversion pipelines met the design flood control standard of
once-in-200-years with a maximum discharge flow of 73 m3/s under this rainfall scenario,
which aligns with the project’s expected goals.
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(3) The inundation submergence area in the study area shows a “less in the southwest,
more in the northeast” distribution pattern. The river diversion project effectively reduced
the inundation area and depth. The most significant reduction in inundation disasters
was observed under the 30a rainfall scenario, with a decrease of 0.24 m in the maximum
water depth and a reduction of 1.46 km2 in the maximum inundation area, approximately
equivalent to 205 standard football fields.
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