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Abstract Urban floods are becoming increasingly more

frequent, which has led to tremendous economic losses.

The application of inundation modeling to predict and

simulate urban flooding is an effective approach for dis-

aster prevention and risk reduction, while also addressing

the uncertainty problem in the model is always a chal-

lenging task. In this study, a cellular automaton (CA)-based

model combining a storm water management model

(SWMM) and a weighted cellular automata 2D inundation

model was applied and a physical-based model (LIS-

FLOOD-FP) was also coupled with SWMM for compari-

son. The simulation performance and the uncertainty

factors of the coupled model were systematically dis-

cussed. The results show that the CA-based model can

achieve sufficient accuracy and higher computational effi-

ciency than can a physical-based model. The resolution of

terrain and rainstorm data had a strong influence on the

performance of the CA-based model, and the simulations

would be less creditable when using the input data with a

terrain resolution lower than 15 m and a recorded interval

of rainfall greater than 30 min. The roughness value and

model type showed limited impacts on the change of

inundation depth and occurrence of the peak inundation

area. Generally, the CA-based coupled model

demonstrated laudable applicability and can be recom-

mended for fast simulation of urban flood episodes. This

study also can provide references and implications for

reducing uncertainty when constructing a CA-based cou-

pled model.

Keywords Guangzhou � LISFLOOD-FP � Uncertainty
analysis � Urban flood � WCA2D

1 Introduction

Rapid global urbanization as well as the increasing inten-

sity and frequency of extreme precipitation induced by

climate change has increased the severity of urban floods

across many cities (Zhang et al. 2017; Wu et al. 2017;

Wang et al. 2017; Zhang et al. 2018b; Swain et al. 2018;

Lai et al. 2020; Hu et al. 2021). Such floods have not only

caused huge economic losses, but also have led to great

destruction to the environment and ecosystem (Wang, Lai,

et al. 2015; Lai et al. 2016; Donat et al. 2017; Zhang et al.

2018a; Chen et al. 2020; Li et al. 2020b; Zhang et al.

2021). It is predicted that approximately 40% of the cities

across the globe will be located in flood-prone zones by

2030 (Güneralp et al. 2015).

Numerous measures have been adopted to prevent urban

flood disasters and reduce the corresponding losses. Sim-

ulations of urban floods via hydrodynamic and hydrologi-

cal models can effectively detect waterlogging locations,

estimate flooded area and submerged depth, reflect the

urban hydrological/hydrodynamic process, and even con-

duct early warning and forecasting (Glenis et al. 2018; Noh

et al. 2018; Abebe et al. 2019; Li et al. 2020a; Li et al.

2020c; Li et al. 2022). However, the uncertainty factors

potentially derived from the data source, the selection of
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parameters, and different model algorithms could greatly

impact simulation accuracy, which significantly limits the

application of hydrological and hydrodynamic models in

early warning, prediction, and prevention of floods (Jamali

et al. 2019; Liu et al. 2020). Thus, the understanding of

how uncertainty factors impact the accuracy of urban flood

simulation/prediction is of significance, and more attention

should be paid to the uncertainty problem when using these

models.

Two-dimensional (2D) inundation models are widely

used for urban flood simulations, and the uncertainties of

these models can be reflected via inundation extent and

water depth (Tsubaki and Kawahara 2013; Zhou et al.

2019). Traditional 2D hydrodynamic models generally

compute the overland flow routing process by solving the

full or simplified shallow water equations (SWE) (Teng

et al. 2017; Willis et al. 2019; Tanaka et al. 2019). For

instance, physical-based models, such as InfoWorks ICM,1

MIKE FLOOD,2 LISFLOOD-FP (Bates et al. 2010);

FloodMap (Yu 2010); the second-order MUSCL model

(Hou et al. 2015); and other professional 2D models

(Sanders et al. 2010; Chen et al. 2018) are widely used

examples. Such models are capable of using regular or

even irregular meshes to solve the SWE and exhibit high

computational accuracies. Their computational efficiency

remains relatively low, however, despite the integration of

parallel techniques that include Open Multi-Processing

(OpenMP) and graphics processing unit (GPU) accelera-

tion (Sanders et al. 2010; Smith and Liang 2013; Vacondio

et al. 2016).

Thus, highly efficient models have recently been the

focus of much attention (Zhao et al. 2019). A classic

example is that the cellular automata (CA)-based models

have been applied to the field of urban flood simulations.

Dottori and Todini (2011) proposed a 2D CA-based model

to simulate the hydrodynamic processes of overland flow

by directly employing Manning’s formula to calculate the

interaction flow between cells. Ghimire et al. (2013) and

Guidolin et al. (2016) successively replaced the transfor-

mation algorithm between neighboring cells by rank and

weight-based systems. The weighted cellular automata 2D

inundation model (WCA2D), the most current CA-based

model, is packaged on the open-source version of CAD-

DIES-2D (the 2D module of Cellular Automata Dual-

DraInagE Simulation)3 software following extensive test-

ing. A WCA2D can generally avoid solving complicated

SWE and its optimal efficiency allows for effective urban

flood simulations. Yet WCA2D is unable to characterize

urban drainage system flows, which has resulted in its

integration with 1D hydrodynamic models by mimicking

traditional 2D hydrodynamic models (Noh et al. 2018;

Abebe et al. 2019; Jamali et al. 2019). Studies that combine

WCA2D and 1D hydrodynamic models for urban flood

simulations are relatively limited (Yin et al. 2020), and an

integrated tool for urban flood simulations can be popu-

larized if this coupling model is favorably developed.

Additionally, the uncertainty derived from such a coupling

model is yet to be systematically reported. Once the

uncertainty is overcome, the coupling model then can be

efficiently used if making clear the uncertainty problem.

Uncertainty factors influencing the simulation perfor-

mance of 2D models generally originate from the data

source (Chen et al. 2012; Wang et al. 2018), parameter

value variations (Dung et al. 2010; Ozdemir et al. 2013;

Yin et al. 2016), and model type (Willis et al. 2019). The

majority of research focuses on the uncertainties induced

by the resolution of terrain data and its roughness values

(Tsubaki and Kawahara 2013; Wildemeersch et al. 2014;

Yu et al. 2016). For example, Yu et al. (2016) investigated

roughness value sensitivities, the rainfall spatial distribu-

tion, and terrain data resolution in the city of Shanghai,

identifying the latter two as the most crucial factors in

urban flood simulations. Leitão and Sousa (2018) adopted

high resolution (0.5 m) terrain data to perform simulations

in a small urban catchment in Switzerland and demon-

strated the significance of terrain data resolution. Xing

et al. (2019) implemented a multi-GPU hydrodynamic

model to simulate a typical urban flooding event across a

large-scale urbanized domain (267.4 km2) in Fuzhou, and

evaluated the simulation accuracy based on terrain data

with varying resolutions. The results suggest that higher

resolution data achieve more reliable predictions. There-

fore, the differences induced by terrain data resolution are

considered to be the most significant, while the roughness

value and the model itself exert a lower impact.

Because the resolution of rainfall data (that is, time

interval and spatial variability) is relatively less frequently

investigated, some relevant studies emphasize the use of

high-resolution rainfall data (Smith et al. 2013; Bruni et al.

2015), and also acknowledge the greater influence exerted

by the rainfall data temporal resolution compared to the

spatial resolution (Wang, Ochoa-Rodrı́guez, et al. 2015;

Yang et al. 2016). Despite the considerable progress made

on the uncertainty of urban flood simulations, several

obstacles remain to be overcome. These include, for

instance, how to quantify and visualize the uncertainty

factors that impact urban flood simulations; and how to

select model data with an appropriate resolution (for

example rainfall temporal and DEM (digital elevation

model) resolutions) in the coupling model.

1 https://www.innovyze.com/en-us/products/infoworks-icm.
2 https://www.mikepoweredbydhi.com/products/mike-flood.
3 https://emps.exeter.ac.uk/engineering/research/cws/resources/cad

dies/.
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Based on the limitations presented in the literature, in

the current study we have focused on the following

objectives: (1) To establish a coupled model that combines

a WCA2D (2D model) and a storm water management

model (SWMM, 1D model) for a small urban catchment

located in Guangzhou City, China; (2) To evaluate the

simulation performance of the coupling model; and (3) To

discuss the influences of terrain data resolution, global

roughness values, rainfall data temporal resolution, and

model type on the accuracy of simulations. Our study has

the potential to provide a reference for those wishing to

construct a coupled model based on WCA2D and SWMM

(short for SWMM/WCA2D). This study also proposes a

framework for achieving reliable and high-resolution urban

flood simulations by considering multiple uncertainty fac-

tors, which can improve our understanding of the factors

influencing simulation accuracy. Moreover, our work pro-

vides a recommendation on urban flood simulations that

contribute to a decrease in the loss induced by urban floods.

2 Study Area and Data

In this study, the Changban catchment in Guangzhou City

was chosen as the study case. The catchment conditions

and the data were introduced in this section.

2.1 Study Area

The Changban catchment, located in Guangzhou City with

an area of 1.57 km2 (Fig. 1), was selected to conduct the

urban flooding simulations. This catchment features a

subtropical maritime monsoon climate, mean annual tem-

peratures of 20-22 �C, and a mean annual precipitation of

1720 mm. The northern portion of the catchment is a

mountainous region while the southern and central areas

are low-lying with highly urbanized areas and dense clus-

ters of buildings. The rainwater piping system, generally

distributed in the southern region, features a relatively low

standard and can only receive rainfall floods with a return

period of lower than 2 years. Therefore, the catchment

(particularly the southern region) is vulnerable to flooding

due to large rainfall events, an impervious surface that

reaches 70% of the surface area, low-lying terrain, and low

rainwater piping system standards. For example, on 10

May 2016, the catchment experienced a heavy rainstorm,

resulting in the flooding of the southern region. The max-

imum inundation depth exceeded 1 m at several highway

sections and the flood even flowed backward to the subway

station. Therefore, this catchment is suitable for urban

flood simulations.

2.2 Data

Data for the rainwater piping system within the study area

were provided by the Water Bureau of Tianhe District,

Guangzhou. Schematization and amendments to the data

were required due to the complexity of the actual system.

The rainwater in the study area was collected through the

pipes (0.1-1.2 m diameter) to the central channel (main

pipe), and it then subsequently flows downstream. The

single outfall is located downstream to the central channel.

The central channel was schematized as rectangular

pipelines with a width and height of 1.6-3 m and 1.4-3 m,

respectively. The rainwater piping system was schematized

with 625 pipelines (channels) and 630 nodes (Fig. 1) fol-

lowing field investigations.

We employed the following three digital elevation

model categories: DEM1 (Fig. 1), DEM2, and DEM3.

DEM1 was derived from the Bureau of Land Resources

and Housing Management of Guangzhou City and has an 8

m 9 1 m (horizontal 9 vertical) resolution. DEM2 was

directly generated with a 5 m spatial resolution from the

controlling elevation points of the area’s computer-aided

design (CAD) topographic map by extraction and inter-

polation, which increases the elevation of areas containing

buildings. Local corrections were then performed to create

DEM3 (5 m resolution) based on the actual terrain and

features (for example, roads and steps), improving on

DEM2. Despite being more accurate, DEM2 and DEM3

only cover the urbanized area (that is, the southern region),

while DEM1 covers the entire study area. Thus, we

adopted DEM1 to compute the mean slope of each sub-

catchment in SWMM, while DEM2 and DEM3 were

employed for the 2D urban flood simulations.

The simulations were based on two typical rainstorms

that occurred during 7-8 June 2018 (R20180607) and

28-29 August 2018 (R20180828). R20180607 had a

rainfall duration of almost 40 h (from 2:10 a.m. 6 June to

5:50 p.m. 8 June), with a total rainfall of 284 mm and a

maximum 5-min precipitation of 9.5 mm. The daily rainfall

on 8 June reached 215 mm (exceeding the 10-year return

period). The rainfall duration of R20180828 exceeded 26 h

(from 1:15 a.m. 28.August to 3:30 a.m. 29 August) with a

total rainfall of 114 mm and a maximum 5-min precipita-

tion of 9.3 mm. The water depth-time series of the two

rainstorms were obtained from the radar water gauge

installed in the outfall (Fig. 1) and inundation data (inun-

dation depth and extent) were determined by on-site

observations, inquiries, and investigations following the

rainstorms.
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3 Methodology

The inundation model, uncertainty factors, and their indi-

ces are introduced in detail in this section, and the technical

route of this research is shown in Fig. 2.

3.1 The Models and Application

A coupled model, based on the storm water management

model (SWMM) and weighted cellular automata 2D

inundation model (WCA2D), was established to simulate

the entire flood formation process. In the coupled model,

the SWMM is used to simulate the hydrological and 1D

hydraulic process (including rainfall-runoff response, sur-

face runoff, and the pipe network flow), while WCA2D is

employed to model the overland flow process. Another

coupled model combining SWMM and LISFLOOD-FP

(short for SWMM/LISFLOOD-FP) was also adopted for

comparison. This section summarizes the details of these

models.

3.1.1 Storm Water Management Model (SWMM)

Funded by the United States Environmental Protection

Agency, SWMM was initially proposed in 1971 and the

current SWMM 5.14 outperforms previous versions in

hydrology, hydrodynamics, and water quality simulations.

Since its naissance, SWMM has been gradually promoted

and applied to urban water management, urban rainfall-

runoff simulation, urban inundation simulation, and early

warning and forecasting for urban waterlogging and low

impact development areas. The SWMM interface mainly

includes computing and service capability. The former is

the core function that mainly contains the rainfall-runoff,

flow routing, and water quality modules. For the runoff

generation process, SWMM provides the Horton infiltra-

tion Green-Ampt infiltration, and Soil Conservation Ser-

vice-Curve Number infiltration algorithms. SWMM can

use a nonlinear reservoir algorithm to characterize the flow

concentration process in subcatchments. As for the flow in

a rainwater piping system, hydrodynamic methods (that is,

steady flow method, kinematic wave method, and dynamic

Fig. 1 Location, elevation, and rainwater piping system of the study area in Guangzhou City, China

4 https://www.epa.gov/water-research/storm-water-management-

model-swmm.
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wave method) are available in SWMM, offering relatively

complete solutions. In our study, the Horton infiltration

algorithm, nonlinear reservoir algorithm, and dynamic

wave methods were adopted. Benefiting from the open

source management of SWMM software, the secondary

development was conducted to couple SWMM with

WCA2D as well as LISFLOOD-FP.

3.1.2 Weighted Cellular Automata 2D Inundation Model

(WCA2D)

The WCA2D model was first proposed and developed by

Guidolin et al. (2016). Distinct from traditional 2D

hydrodynamic models, this model is based on cellular

automata theory with a weighted system of transformation

rules that increases computational efficiency without con-

sidering inertia terms and momentum conservation. The

model can deal with multiple meshes (rectangular, hexag-

onal, or triangular) and different types of cellular neigh-

borhoods (the four cells of the von Neumann (VN)

neighborhood or the eight cells of the Moore neighbor-

hood). WCA2D simulates the surface water flow using the

following computation processes: weight determination to

estimate the flow exchange and distribution of the adjacent

cells; water depth calculations; and flow rate calculations.

The correlative formulas can be found in previous studies

(Guidolin et al. 2016).

Our WCA2D does not use complex physical equations

(for example, inertia terms and momentum equations) and

thus in theory performs at a higher computational effi-

ciency than traditional physical-based models. Instead the

model operates an entirely open source framework that can

be highly convenient for secondary development and for its

fusion with a 1D hydrodynamic model. Similar to LIS-

FLOOD-FP (Wu et al. 2017), WCA2D is integrated into an

executable program (caflood.exe) without a visual interface

that is callable via Windows command prompt. Key

WCA2D functions include the rainfall sequence input, the

boundary condition determination (for example, inflow and

water level boundaries), overland flow simulation, and the

output of the results (for example, water depth and flow

velocity).

We compared WCA2D with the 2D traditional physical-

based model LISFLOOD-FP,5 which performs simulations

by solving the simplified shallow water equations (Bates

et al. 2010). LISFLOOD-FP is a raster-based hydraulic

model that can simulate 1D hydrodynamics in rivers and

canals, as well as 2D overland flows on floodplains (Wu

et al. 2017; Wu et al. 2018).

3.1.3 Model Coupling

In order to overcome the inability of the 2D model to

simulate the dynamic processes in the rainwater piping

system (rainwater pipe network and urban canal), we pro-

posed the fusion of 1D and 2D models to simulate the

rainfall-runoff-flood process in the urban area (see Fig. 2).

In particular, we coupled SWMM and WCA2D for the

urban flood simulations and the framework is summarized

as follows: (1) Develop the coupled model interface based

on the C# winform, a platform integrated with the SWMM

Fig. 2 The technical design of this inundation model study in Guangzhou City, China. SWMM storm water management model, WCA2D
weighted cellular automata 2D inundation model, LISFLOOD-FP is a two-dimensional hydrodynamic model, DEM digital elevation model

5 https://www.bristol.ac.uk/geography/research/hydrology/models/lis

flood/.
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and WCA2D calculation engines; (2) Complete the con-

struction of SWMM and extract the drainage system

overflow data as the 2D model input; (3) Generate the

model configuration files and prepare the terrain data of the

study region; (4) Operate the 2D model calculation engine

via the coupled interface to complete the urban flooding

process based on the predefined model parameters and

input files; (5) Output the 2D simulation results (for

example, submerged depth and area) for post-processing

using ArcGIS 10.3 and Python 3.8.3. Similarly, we con-

structed the coupled SWMM/LISFLOOD-FP following

steps (1) to (5) in order to compare and verify our proposed

model.

3.2 Determination of Uncertainty Factors

We selected the global roughness values, terrain resolution,

and rainfall data temporal resolution to explore the

uncertainty of the proposed model. These factors are typ-

ical uncertainty indicators that originated from model

parameters and input data sources (Ozdemir et al. 2013;

Bruni et al. 2015; Yu et al. 2016; Willis et al. 2019). Five

DEMs with terrain resolutions of 5 m (DEM5m), 10 m

(DEM10m), 15 m (DEM15m), 20 m (DEM20m), and 30 m

(DEM30m) respectively were generated via the high-

quality 5 m DEM detailed in Sect. 2.2. Roughness value

ranged from 0.01 to 0.1, with a 0.01 interval. In order to

evaluate the temporal resolution of the rainfall data, we

employed the rainstorm event R20180607 with high-pre-

cision 5 min rainfall data as the original data, and resam-

pled an additional four rainfall datasets with temporal

resolutions of 10, 20, 30, and 60 min based on the original

data. We simulated different scenarios via the two coupled

2D models—SWMM/WCA2D and SWMM/LISFLOOD-

FP—based on the various combinations of terrain resolu-

tion, global roughness values, and rainfall data temporal

resolution.

3.3 Indices

The Nash-Sutcliffe efficiency coefficient (NSE) and cor-

relation coefficient (R) were employed to quantify the

accuracy of the simulated water depth (in SWMM) com-

pared to the observed data in the outfall (Ochoa-Rodriguez

et al. 2015; Yang et al. 2016), and the coefficients were

calculated as follows:

NSE ¼ 1�
PT

t¼1 do;t � ds;t
� �2

PT
t¼1 do;t �do

� �2 ; ð1Þ

R ¼ Cov ds; doð Þ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Var ds½ �Var do½ �

p ; ð2Þ

where t is the simulated time number and ranges from 1

to T; T is the last time number for validation; do and ds are

the observed and simulated water depth series; Cov ds; doð Þ
is the covariance between do and ds; Var ds½ � and Var do½ �
are the variance of do and ds, respectively; do;t is the

observed water depth at time t; do is the arithmetical

average of the observed water depth series; and ds;t is the

simulated water depth at time t.

The fit statistic (F) and root mean square error (RMSE)

are commonly employed in sensitivity and uncertainty

analysis due to their ability to describe the goodness-of-fit

and difference between the simulated and comparison

results (Yu et al. 2016; Yin et al. 2016; Karamouz and

Fereshtehpour 2019), respectively. The fit statistic can be

expressed as:

F ¼ A0

A1 þA2 �A0

; ð3Þ

where F is the fit statistics value; A1 is the simulated

inundation area; A2 is the inundation area used for com-

parison; and A0 is the overlap area of A1 and A2. The

F value ranges from 0 to 1, with values closer 1 indicating

a better fit.

The RMSE can reflect the difference between the pre-

dicted and reference water depth on the grid scale and can

be calculated as:

RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Pn

i¼1 di;1 � di;2
� �2

n� 1

s

; ð4Þ

where di;1 and di;2 are the water depth of the ith cell in the

simulated and reference inundation results respectively;

and n is the amount of inundation cells.

4 Results

We analyzed the calibration and validation results of the

coupled inundation model. The impacts of uncertainty

factors on inundation simulation performances are also

demonstrated in this section.

4.1 Calibration and Validation

The results for calibration and validation of the 1D and 2D

simulation were performed using DEM2 and DEM3 for

both the SWMM/WCA2D and SWMM/LISFLOOD-FP

simulations. The 1D simulations adopted the observed

water depth in the outfall induced by rainstorm R20180607

and R20180828 to calibrate and verify the accuracy of the
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SWMM model. The observed data of R20180607 were

employed to calibrate the model parameters, while

R20180828 was adopted for verification. The initial model

parameter values were determined by referring to existing

studies and the model user manual (Wu et al. 2017; Chen

et al. 2018). The calibration and validation results (Fig. 3)

reveal the ability of the simulated water depth process to

reflect the actual variation of water level, with the NSE of

R20180607 and R20180828 reaching 0.755 and 0.860

respectively. In addition, the RMSE values between the

simulations and observations are relatively low (approxi-

mately 0.1), while the R values are high (0.879 and 0.941).

These results suggest a strong fit between the simulated

results and the observation data, indicating the reliable

accuracy of the 1D hydrodynamic simulations.

The 2D simulations also used the rainstorms R20180607

and R20180828 for the calibration and verification

respectively. The principle calibration parameter of phys-

ical-based 2D models is the surface roughness coefficient.

Distinct from traditional physical-based models, however,

WCA2D can only set one global value of roughness rather

than a distributed dataset related to different land use types.

The initial global roughness value was determined by

averaging the roughness values calculated according to

numerous land types. Figure 4a-d present the inundated

area map simulated under rainstorm R20180607. The

inundation areas are generally distributed in Tianyuan

Road (0.5-1 m water depth) and Changban industrial park

(0.2-0.5 m water depth). This is consistent with the

inundated area from our field survey. The validation results

(Fig. 4e-h) of rainstorm R20180828 are also in strong

agreement with the field survey data, indicating that the

calibration parameters were reasonable.

Comparing the 2D simulation accuracy based on DEM2

and DEM3, some areas with greater inundation depth

(more than 0.2 m) were distributed outside the observation

extents (for example, the area northeast of Tianyuan Road)

when adopting the DEM2, suggesting that the overland

flow cannot drain to low-lying regions without the cor-

rection of terrain data, and this inadequacy is significantly

improved in the modeling scenarios adopting DEM3. This

indicates that the accuracy of the simulations can be

increased after revising the terrain data information. This

may be attributed to the obscure low-lying lands contained

in DEM2 that potentially do not exist in the actual ground

surface. DEM3 overcomes this problem based on site

investigations. The DEM3-based simulated inundation is

still distributed along Tianyuan Road, while the water

depth in these locations is generally low. This may be

related to the overland flow traveling along Tianyuan Road

to the low-lying areas. Thus, despite the minor differences

between the simulation results and measured data, we are

able to detect the general inundation extents and water

depths. This indicates the high applicability and precision

of the coupled model. DEM3 obtained the most reliable

predictions and was thus adopted in the subsequent

simulations.

4.2 Variance Analysis of Uncertainty Factors

The global roughness values, terrain resolution, rainfall

data temporal resolution, and coupled model category were

utilized as four kinds of uncertainty factors to investigate

their impacts on inundation simulation performance. The

intention was to explore what factors would greatly influ-

ence the simulation accuracy, and to provide

Fig. 3 Calibration and validation of water-depth variation under R20180828 (a) and R20180607 (b) rainstorms
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recommendations for achieving more reliable inundation

simulations and predictions.

4.2.1 Terrain Resolution and Roughness

Figure 5a presents the maximum inundation extent of

SWMM/WCA2D in DEM5m, DEM10m, DEM15m,

DEM20m, and DEM30m simulations. Taking the inunda-

tion simulation result of DEM5m as the benchmark for

comparison, the maximum inundation area decreased as the

width of the DEM mesh increased, while high water depth

areas (over 0.5 m) were generally distributed on Tianyuan

Road. The results of DEM10m and DEM15m were similar

to those of DEM5m, and can better predict the inundation

area location as well as the water depth compared to

DEM20m and DEM30m. At DEM resolutions greater than

20 m, the inundation magnitude in Changban industrial

park was clearly underestimated. The DEM5m-based

simulated water depth at Tianyuan Road exhibited a deeper

inundation at the sides compared to the road center. This

also conforms to the actual flooding water distribution in

the urban areas. At the DEM resolution of 20 m, the

influence of buildings on the route of the overland flow was

difficult to obtain. Thus, the inundation extent with DEM

resolutions higher than 15 m is significantly larger than that

of DEM20m and DEM30m, while the inundation extent of

DEM5m, DEM10m, and DEM15m is similar.

Figure 5b presents the maximum inundation area dif-

ferences between simulations based on n = 0.1 and n =

0.01. The maximum water depth differences induced by

different roughness values were generally lower than 0.3 m

and increased with the DEM resolution. Figure 6 depicts

the inundation area statistics at different DEM resolutions

and roughness values over time. When DEM5m was used,

the peak inundation area appeared later for large roughness

values, while the magnitude of the peak inundation area did

not exhibit significant variations. Compared to the refer-

ence simulation (n = 0.03 at each DEM resolution), the F

value was higher for roughness values close to the refer-

ence, and reached a minimum at the global roughness of

0.1. In contrast, the RMSE (including the maximum

RMSE) decreased for roughness values close to the refer-

ence. This indicates a strong agreement between predicted

water depth and the reference. According to the temporal

variation of inundation area in Fig. 6, when DEM resolu-

tion reaches 20 m and coarser, the maximum inundation

area begins to exhibit large differences compared to the

DEM5m results.

Fig. 4 The simulated and observed maximum inundation extent

under 7-8 June 2018 (R20180607) (a-d) and 28-29 August 2018

(R20180828) (e-h) rainstorms. a and e were simulated by the

WCA2D model with DEM2, b and f by the WCA2D model with

DEM3, c and g by the LISFLOOD-FP model with DEM2, and d and

h by the LISFLOOD-FP model with DEM3.
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4.2.2 Temporal Resolution of Rainstorm

We selected rainstorm R20180607 (with 5 min temporal

resolution) as an example and divided it into several tem-

poral resolutions (5, 10, 20, 30, and 60 min). These five

datasets with varying temporal resolutions were used to

drive the coupled model (SWMM/WCA2D) in order to

evaluate the flooding responses to the rainstorm. As

demonstrated in Fig. 7a and Table 1, when the temporal

resolution decreased to 60 min, the maximum flow

decreased from 15.94 to 14.76 m3/s, and the simulated flow

process trends were almost equal, despite the varying

temporal resolutions. However, the flow peaks during

0-1000 min exhibited large differences across rainfall

temporal resolutions. Figure 7b and Table 2 demonstrate

that as the temporal resolution decreased from 5 to 60 min,

the total node flooding volume of the rainwater pipe net-

work decreased from 11,900 to 5000 m3, the maximum

single node flooding volume decreased from 6660 to 2000

m3, and the number of flooding nodes decreased from 26 to

11. Therefore, lower temporal resolution resulted in an

underestimation of flow peaks (for example, maximum

flow and extremum flow). The degree of this underesti-

mation depends on the rainfall characteristics.

The underestimation of the node flooding volume in the

rainwater pipe network system results in the underestima-

tion of the inundation magnitude. The 2D simulation

results (Table 2) demonstrate a decline in the maximum

inundation area from 63,525 to 29,700 m2 (53.2%) as the

temporal resolution decreased from 5 to 60 min. The

decrease was the most significant when temporal resolution

reduced from 30 to 60 min. However, for relatively high

resolutions (for example, 5, 10, 20, and 30 min), the

majority of flooding areas (exceed 2000 m2) were inun-

dated between 0.2 m and 0.5 m, while that of the scenarios

of 60 min were inundated between 0.05 m and 0.2 m

(Fig. 7c). Areas with water depths exceeding 0.2 m

decreased as rainfall temporal resolution became lower

(Fig. 8). This suggests the underestimation of the predicted

inundation magnitude (including flooding extent and area)

at low temporal resolutions, particularly those lower than

30 min (Figs. 7d and e).

Overall, with the decrease of rainfall temporal resolu-

tion, the rainfall intensity would be averaged and then leads

to underestimation of the rainfall peak and flow peak. If the

rainfall intensity exceeds the capabilities of the drainage

system and the node flooding volume, the inundation

magnitude (for example, flooding extent and depth) is

underestimated. Accordingly, the flooding magnitude is

Fig. 5 Flood maps with n = 0.03 (a) and simulated inundation depth difference between n = 0.1 and n = 0.01 (b) in different DEM resolutions

based on WCA2D under the 7-8 June 2018 (R20180607) rainstorm
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obviously underestimated when precipitation data with a

low temporal resolution (for example, lower than 30 min)

are used for urban flood simulations via 2D inundation

models. This can greatly reduce the accuracy of early

warning, forecasting, and preventative applications of

urban flood hazard. In order to ensure the accuracy, we

suggest that the temporal resolution for long-duration

rainstorms should not be lower than 30 min. However, for

short-duration rainstorms, further research is required in

order to determine the optimal temporal resolution.

4.2.3 Coupled Model Category

In order to explore the uncertainties of the urban flood

simulations resulting from model type, we employed

SWMM/WCA2D and SWMM/LISFLOOD-FP to simulate

the urban flood induced by rainstorm R20180607 of 7-8

June 2018 under different roughness values (from 0.01 to

0.1, 0.01 interval) and different rainstorm temporal reso-

lutions (5, 10, 20, 20 and 60 min). A total of 100 simula-

tions was obtained by combining the different roughness

values and rainstorm temporal resolutions. Taking Fig. 9a,

the scatter density map for n = 0.03, as an example, it

shows that the correlation coefficient and linear regression

slope are close to 1. This indicates a similar simulation

performance between the two models. Figure 9b presents

the water depth difference between the two models, with

values mainly lower than 0.1 m. The water depth differ-

ences are observed to decline with the temporal resolution

of the rainfall data. Table 3 presents the RMSE of the

maximum inundation depth between the two coupled

models. Table 3 demonstrates that the RMSE values were

all in low levels (mainly lower than 0.04 m). The differ-

ences between the simulated inundation areas of the two

coupled models slightly increased as the roughness value

decreased (particularly for n = 0.01). Moreover, the flood

process trends were similar, with a decreasing flooded area

for reduced rainfall data temporal resolutions (Fig. 10).

However, for rainfall temporal resolutions smaller than 30

min, the simulated inundation areas were significantly less

than those determined using the high-resolution rainfall

data.

The simulated results of the two coupled models were

generally in agreement, despite distinctly different

methodologies. The uncertainties induced by the roughness

value and temporal resolution of the rainstorm exceeded

those resulting from model type.

Fig. 6 The simulated inundation area, F value, and RMSE variation with different roughness values and DEM resolutions based on WCA2D and

under the 7-8 June 2018 (R20180607) rainstorm
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Fig. 7 Result statistics with different rainfall temporal resolutions

based on WCA2D and under the 7-8 June 2018 (R20180607)

rainstorm (n = 0.03): a Simulated flow variation in the outfall;

b Flooding flow variation of the drainage system; c Area statistic of

the maximum inundation; d Inundation area variation; e The statistic

of maximum inundation depth

Table 1 Statistical results with different temporal resolutions based on WCA2D model under F20180607 rainstorm

Temporal resolution (min) Flooding volume (103m3) Flooding nodes number Max node flooding flow (m3/s) Outfall peak flow (m3/s)

5 11.9 26 6.66 15.94

10 11.5 22 6.42 15.58

20 10.9 15 6.04 15.34

30 11.1 13 5.94 15.10

60 5.0 11 2.00 14.76

Table 2 Statistical results of maximum inundation area for each water depth interval with different temporal resolutions based on WCA2D

model under F20180607 rainstorm

Temporal resolution (min) 0-0.05 m 0.05-0.2 m 0.2-0.5 m [ 0.5 m Total area

5 11,125 13,325 34,275 4800 63,525

10 10,250 17,250 28,700 4900 61,100

20 10,050 16,225 25,850 4575 56,700

30 10,825 15,275 24,725 4500 55,325

60 1175 20,475 8000 50 29,700

The unit of area is m2.
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Fig. 8 Simulated maximum inundation depth with different rainfall temporal resolutions based on SWMM/WCA2D and under the 7-8 June

2018 (R20180607) rainstorm (n = 0.03)

Fig. 9 Results of different coupled models with different rainfall temporal resolutions: a Scatter density diagram of simulated inundation depth;

b Differences of simulated inundation depth between the two coupled models

Table 3 Root mean square error (RMSE) of maximum inundation depth between the two coupled models with different temporal resolutions

and different roughness values

Temporal resolution (min) n = 0.01 n = 0.02 n = 0.03 n = 0.04 n = 0.05 n = 0.06 n = 0.07 n = 0.08 n = 0.09 n = 0.1

5 0.0838 0.0396 0.0262 0.0254 0.0248 0.0249 0.0253 0.0250 0.0244 0.0275

10 0.0614 0.0429 0.0347 0.0341 0.0343 0.0334 0.0335 0.0341 0.0351 0.0310

20 0.0577 0.0365 0.0341 0.0338 0.0336 0.0333 0.0332 0.0330 0.0330 0.0280

30 0.0571 0.0367 0.0348 0.0342 0.0342 0.0348 0.0348 0.0340 0.0344 0.0300

60 0.0288 0.0170 0.0180 0.0141 0.0144 0.0146 0.0166 0.0190 0.0213 0.0234

The unit of inundation depth is m.
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5 Discussion

Numerous studies have investigated the uncertainty factors

that influence the simulation performances of 2D and

coupled models. Coarse terrain data can reduce computing

time and prediction accuracy, while high-resolution data

are typically limited to small areas due to the large

demands of computational resources (Chen et al. 2012; Xu

et al. 2021). Coarser terrain data can smooth the elevation

difference of flooded areas and weaken the blockage

impacts, thus reducing the computational demands (Kar-

amouz and Fereshtehpour 2019). Considering the compu-

tational efficiency and the difficulties in collecting high-

quality data, we suggest the resampling of high-resolution

terrain data to lower resolutions (within an appropriate

range) in urban watersheds to obtain a rapid simulation/

prediction to guarantee the timeliness for flood control

treatment. As demonstrated in this study, employing DEMs

with a cell size larger than 15 m to predict inundation

events weakens model performance compared to high-

resolution DEMs, for example by leading to flood magni-

tude underestimations. Underestimating the threat of urban

floods can be dangerous for disaster prevention and miti-

gation. Thus, we suggest that the resolution of the DEMs

adopted for 2D simulation should exceed 15 m.

Surface roughness is a crucial empirical parameter in 2D

models. It represents the blockage effects on the overland

flow routing process and can directly impact the arrival

time of floodwater (Yu and Coulthard 2015; Yin et al.

2016). Surface roughness was observed to exert a minimal

influence on the 2D-simulated maximum inundation extent

and water depth. Therefore, as long as the roughness value

is set within a reasonable range, the simulated maximum

inundation will be relatively accurate. Ozdemir et al.

(2013) concluded that the sensitivity induced by various

roughness values on flow velocities and arrival times was

greater than those on the inundation extent and depth,

which agrees with our study.

The spatial and temporal resolutions of the rainfall data

are also a critical factor in urban flood simulations. By

conducting urban flood simulations in two small urban

catchments (1.1 km2 and 0.5 km2), Yang et al. (2016)

determined that the modeling sensitivities induced by the

temporal rainfall resolution are relatively more obvious

than those of spatial resolution. Similarly, Ochoa-Rodri-

guez et al. (2015) investigated the impacts of spatial and

temporal resolution in seven urban catchments and also

found that the influence induced by temporal resolution

was higher than that of spatial resolution in hydrodynamic

modeling. In terms of the impact degree of temporal and

spatial resolutions, however, Bruni et al. (2015) suggested

that sensitivity to temporal resolution was lower on an

urban catchment scale compared to spatial resolution for

rainfall data obtained from the X-band dual polarimetric

weather radar. This is different from the previously men-

tioned results and those in the current literature (Gires et al.

2012; Wang, Ochoa-Rodrı́guez, et al. 2015; Bruni et al.

2015; Yang et al. 2016). Uncertainties caused by spatial

resolution cannot be neglected for large study areas. In the

current study, we did not consider this factor and focused

on the temporal resolution of the rainstorm dataset due to

our relatively small study area. Our results demonstrate that

underestimation of inundation magnitudes (for example,

inundation extent and water depth) at low temporal reso-

lutions occurs frequently. We determined that in order to

achieve satisfactory results, resolution greater than or equal

to 30 min is necessary.

As for the differences of simulation performance

induced by CA-based models and physical-based models,

the coupled SWMM/WCA2D and SWMM/LISFLOOD-FP

models were used to quantitatively discuss the difference

between model types. A strong correlation was generally

observed between the two models in terms of the maximum

inundation depth and extent, with minimal differences

found during the evolution process at both spatial and

temporal scales. This is in agreement with previous

research (Yin et al. 2020). According to model elapsed

time (Table 4), we determined that the coupled model of

SWMM/LISFLOOD-FP took almost 3-5 times longer to

run than the CA-based model, although they were both

equipped with CPU (Center Processing Unit) acceleration

technology and all simulations were finished on the same

computer with 4 cores (Intel i5-4460). This difference

indicates the powerful capacity of the CA-based model to

rapidly simulate the flooding extent and depth for real-time

forecasting and flood prevention management and plan-

ning. This is particularly true for high spatial resolutions

and large spatial coverages. In order to further evaluate the

computational efficiency of the WCA2D model, more

investigations should be conducted in other study areas

with different characteristics (for example, with different

spatial scales and different urbanization conditions) in

future studies. Despite these advantages, the CA-based

model still has several limitations. For example, according

to Jamali et al. (2019), their CA model was able to fully

capture inundation in higher momentum and velocity areas,

but could not represent the temporal evolution of flooding

bFig. 10 Simulated inundation areas of the two coupled models with

different roughness values and rainfall temporal resolutions. ‘‘CA 5

min’’ means the scenario achieved by using the coupled SWMM/

WCA2D model and the rainfall data with a temporal resolution of 5

min; and ‘‘LIS 5 min’’ means the scenario achieved by using the

coupled SWMM/LISFLOOD-FP model and the rainfall data with a

temporal resolution of 5 min
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and flow velocities. Therefore, further improvement is

required in the future.

6 Conclusion

In the current study, we established an integrated coupled

model that combines WCA2D with SWMM for simulating

the urban flood in the Changban catchment of Guangzhou

City, China. We then comprehensively evaluated the sim-

ulation performance of the coupling model, and analyzed

the influences of terrain resolution, global roughness,

rainstorm data temporal resolution, and model type on

simulation accuracy. Conclusions can be summarized as:

(1) The WCA2D can be effectively combined with the

SWMM model to construct a coupled model for the

numerical simulations of urban floods, and its com-

putational efficiency was confirmed to be 3-5 times

higher than that of combining a physical-based

model, in this instance LISFLOOD-FP, and the

SWMM model;

(2) The uncertainty analysis revealed that the influences

of terrain resolution and temporal resolution of

rainstorm data on performance were significant; a

DEM resolution lower than 15 m as well as temporal

resolution of rainfall coarser than 30 min would make

the inundation simulations less creditable; and

(3) Surface roughness exerts a minor impact on the

simulated magnitude of the maximum water depth

and the occurrence of the peak inundation area; the

simulated urban flood process from a CA-based

coupled model was in strong agreement with those

of the physical-based coupled model.

The uncertainty analysis in this study can enhance

understanding of the effects of the uncertainty factors, and

such results can provide reference points for gathering

targeted data and for efficient simulations and predictions.

Our study case with a complex underlying surface reveals

that the CA-based coupled model demonstrates laudable

applicability and potential, and can be recommended for

fast simulation of urban floods.
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Simulation of the January 2014 flood on the Secchia River using

123

Int J Disaster Risk Sci 463



a fast and high-resolution 2D parallel shallow-water numerical

scheme. Natural Hazards 80(1): 103–125.
Wang, L.-P., S. Ochoa-Rodrı́guez, J.V. Assel, R.D. Pina, M.

Pessemier, S. Kroll, P. Willems, and C. Onof. 2015. Enhance-

ment of radar rainfall estimates for urban hydrology through

optical flow temporal interpolation and Bayesian gauge-based

adjustment. Journal of Hydrology 531(Part 2): 408–426.

Wang, Z., C. Lai, X. Chen, B. Yang, S. Zhao, and X. Bai. 2015. Flood

hazard risk assessment model based on random forest. Journal of
Hydrology 527: 1130–1141.

Wang, Z., Z. Zeng, C. Lai, W. Lin, X. Wu, and X. Chen. 2017. A

regional frequency analysis of precipitation extremes in Main-

land China with fuzzy c-means and L-moments approaches.

International Journal of Climatology 37(S1): 429–444.

Wang, Y., A.S. Chen, G. Fu, S. Djordvević, C. Zhang, and D.A.
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