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Abstract

Global climate change is intensifying extreme rainfall, exacerbating urban flood risks, and
undermining the effectiveness of urban stormwater drainage systems (USDS) designed
under stationary climate assumptions. While prior studies have identified general trends
of increasing flood risk under climate change, they lack actionable connections between
climate projections and practical flood risk assessment. Specifically, quantifiable forecasts
of extreme rainfall for defined return periods and integrated frameworks linking climate
modeling to hydrological simulation at the watershed scale. This study addresses these
gaps by developing an integrated framework to assess USDS resilience under future
climate scenarios, demonstrated through a case study in Changsha City, China. The
framework combines dynamic downscaling of the MRI-CGCM3 global climate model
using the Weather Research and Forecasting (WRF) model to generate high-resolution
precipitation data, non-stationary frequency analysis via the Generalized Extreme Value
(GEV) distribution to project future rainfall intensities (for 2–200-year return periods in
the 2040s and 2060s), and a 1D-2D coupled urban flood model built in InfoWorks ICM
to evaluate flood risk. Key findings reveal substantial intensification of extreme rainfall,
particularly for long-term period events, with the 24 h rainfall depth for 200-year events
projected to increase by 32% by the 2060s. Flood simulations show significant escalation in
risk: for 100-year events, an area with ponding depth > 500 mm grows from 1.38% (2020s) to
1.62%, (2060s), and the 300–500 mm ponding zone expands by 21%, with long-return-period
events (≥20 years) driving most future risk increases. These results directly demonstrate
the inadequacy of stationary design approaches for USDS, which carries substantial applied
significance for policymakers and stakeholders. Specifically, it underscores the urgent need
for these key actors to update engineering standards by adopting non-stationary intensity-
duration-frequency (IDF) curves and integrate Sustainable Urban Drainage Systems (SUDS)
into formal flood management strategies.

Keywords: urban flood risk; extreme rainfall; non-stationary IDF; hydraulic modeling;
climate change adaptation
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1. Introduction
China’s rapid urbanization has significantly increased exposure to flood hazards [1].

Urban expansion alters land-use, disrupting hydrological cycles through vegetation re-
moval and soil compaction, which elevates flood risk by increasing surface runoff and
reducing infiltration [2–4]. For example, Luo and Zhang [5] estimated a 13.39% decline in
China’s urban flood regulation service from 1977 to 2018, underscoring a marked increase
in flood risk. Concurrently, climate change critically amplifies urban flood risk [6], with
China’s vulnerability heightened by projected alterations in precipitation patterns [7,8]. Pro-
jections indicate a continued alteration of precipitation regimes across most regions [9,10]
and a pronounced increase in the frequency and intensity of extreme events [11]. The
convergence of these trends intensifies urban flood impacts, leading to severe consequences
such as systemic transportation disruptions, substantial economic losses, and secondary
disasters that threaten public safety and property [12]. Consequently, flood risk man-
agement has become a fundamental imperative for ensuring urban safety and achieving
sustainable development [13,14].

Urban stormwater drainage systems (USDS) are vital municipal infrastructures de-
signed to rapidly collect and convey runoff, efficiently manage surface runoff, and mitigate
urban flood risks [15]. However, the efficacy of conventional USDS, which are designed
using historical intensity-duration-frequency (IDF) curves [16], is being undermined by
climate change. The intensification of rainfall extremes [17,18] and increased precipita-
tion variability are exceeding the capacity of existing drainage networks, leading to more
frequent pluvial flooding [19]. This inadequacy highlights the critical need to assess the
spatiotemporal evolution of urban flood risk and USDS performance to inform proactive
policy and long-term disaster risk management [20].

Previous research has extensively documented the impact of climate change on urban
flooding. For instance, Zou et al. [21] estimated that a 100-year return period flood in
Beijing under the SSP5–RCP8.5 scenario could inundate 199 million m2, causing economic
losses of up to CNY 29.78 billion. Wang et al. [22] projected an expansion of 9.5% to 14.4%
in areas with medium and high flood susceptibility in the Guangdong–Hong Kong–Macao
Greater Bay Area by 2050, while Liu et al. [23] assessed an average increase in probabilistic
flood risk of 51.3% and 67.4% under SSP2–4.5 and SSP5–8.5 scenarios, respectively. Despite
these advances, a critical disconnect persists between climate projections and actionable
flood risk assessment. Specifically, the quantifiable intensification of rainfall extremes for
specific future return periods remains poorly constrained, limiting the ability to engineer
resilient USDS.

Addressing this gap requires an integrated methodology that bridges climate projec-
tions and hydraulic impact. Global climate models (GCMs) provide insights into potential
future precipitation changes, but their coarse spatial and temporal resolution necessitates
downscaling via dynamic [24–26] and statistical [27–29] methods to achieve regional appli-
cable resolution. Dynamic downscaling, for instance, employs high-resolution numerical
models to refine GCM outputs, yielding temporally and spatially detailed regional mete-
orological data [24]. For extreme precipitation analysis, statistical extreme value theory
(EVT) [30] provides analytical tools, such as the Generalized Extreme Value (GEV) dis-
tribution for block maxima [31,32], and the Generalized Pareto Distribution (GPD) for
peaks-over-threshold data [32], with parameters determinable through maximum likeli-
hood or L-moments approach [33].

These processed climate inputs, i.e., downscaled precipitation data and extreme value
statistics, can then force hydrological and hydraulic simulation models, such as SWMM,
InfoWorks ICM, HSPF, or MIKE FLOOD. These models simulate urban flood genera-
tion, propagation, and inundation processes, and also assess the USDS performance [34].
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Leveraging this integrated approach, we can further quantitatively project the regional
spatiotemporal non-stationary rainfall intensity characteristics under climate change and
evaluate both future urban flood risk and USDS sustainability.

Building on this logic, this study developed an integrated assessment framework that
couples dynamic climate downscaling using WRF model, non-stationary frequency analysis
of rainfall through GEV, and high-resolution 1D-2D hydraulic modeling with the InfoWorks
ICM model to deliver the aforementioned projections and evaluations. The framework
is demonstrated through a case study in a highly urbanized watershed in Changsha City,
China, which has faced frequent urban flood risk over the past decade. The rest of this paper
is organized as follows. Section 2 describes the study area. Section 3 presents the data and
methods, including WRF optimization, GEV analysis, and the InfoWorks ICM model setup.
Section 4 presents the results on WRF parameterization performance, projected increases
in extreme rainfall intensities, and future flood risk. Section 5 discusses implications of
non-stationary rainfall, inadequacy of traditional IDF curves, and limitations of the study.
Finally, Section 6 summarizes the conclusions.

2. Study Area
Changsha City (111◦53′–114◦15′ E, 27◦51′–28◦41′ N) is the capital city of Hunan

Province in South-Central China, located downstream of the Xiangjiang River and to the
north of the eastern part of Hunan Province. Changsha has a total area of 11,819 km2 and
a construction land area of 1143 km2. Changsha’s topography is characterized by a clear
east–west gradient, with plains in the east, gentle hills in the center, and low mountains
and hills in the west. The elevation of Changsha varies significantly, ranging approximately
from 23 m to 1593 m above sea level. The annual average rainfall is 1431.0 mm, mainly
concentrated in March-July, during which June witnessed the maximum rainfall, followed
by May and April, whereas the lowest rainfall was observed in December. The city has
jurisdiction over six districts and one county, which is defined as main urban area (MUA),
as well as managing two county-level cities.

The Longwanggang (LWG) watershed, located in the central area of MUA (Yuelu Dis-
trict), is a rapidly urbanizing region featuring the newly constructed stormwater drainage
systems. The urban drainage systems here separate rainwater from sewage flows but prove
inadequate during heavy precipitation events. We developed a hydraulic model for a sub-
watershed of the LWG watershed, which is prone to frequent flood inundation, as shown
in Figure 1. The region has a high northern topography and low southern topography, and
experiences frequent urban inland floods. The LWG watershed’s north-high–south-low
topography exacerbates flooding in southern low-lying areas (average elevation 32 m),
where 60% of historical waterlogging events occurred. The hydrological modeling area
has an area of 17.25 km2, a mean slope of 8.2% (derived from 10 m DEM), a weighted
average runoff coefficient of 0.65 (calibrated via 2021 stormwater flow data), and a drainage
density of 3.1 km/km2. Its stormwater network consists of 47 km of pipes (diameters
300–1200 mm) and 218 manholes; critical locations, e.g., overpasses and rail stations, are
designed for 5-year return periods, while most areas use 1–2-year return periods.
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Figure 1. Location of the study area. (a) Location of the Changsha City (CSC), (b) location of the main
urban area of CSC, and (c) the hydraulic modeling area in the Longwanggang (LWG) watershed.

3. Materials and Methods
3.1. Data and Data Processing
3.1.1. Climate Data

Global climate model (GCM) output grid climate data were applied for driving the
WRF run. The initial and boundary conditions for historical simulation were comprised
from the ERA-interim data (0.702◦ × 0.702◦ horizontal resolution, 6 h temporal resolution,
obtained from [35]), which represents a good agreement with observed temperature and
precipitation in China [25].

To project the impact of climate changes on future extreme precipitation, we utilized
outputs from the CMIP5 model MRI-CGCM3 [36] for rainfall downscaling. This model
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was selected because it outperforms other CMIP5 models in simulating diurnal rainfall
over subtropical China [37,38] and offers the finest resolution (1.121◦ × 1.125◦) among
models validated for South-Central China. We obtained the MRI-CGCM3 data (2031–2070)
from [39] to project the future extreme rainfall in the study area.

CMIP5 employs Representative Concentration Pathway (RCP) scenarios to distinguish
different radiative forcing pathways, e.g., RCP 2.6 corresponds to a low-emission scenario
and RCP 8.5 corresponds to a high-emission scenario. RCP8.5 is widely adopted for prior-
itizing extreme hazard identification, ensuring infrastructure resilience, and supporting
precautionary disaster planning, making it particularly relevant for assessing severe plau-
sible climate impacts. In this study, we therefore used MRI-CGCM3 outputs under the
RCP8.5 scenario [40] to characterize the most severe potential impacts of future climate
warming on precipitation.

3.1.2. Rainfall Observations

A series of 5 min interval historical rainfall data at the national meteorological ground-
based observation station of Changsha Station (CSS) was obtained from the Hunan Provin-
cial Climate Center with a formal application and permission process. The data includes the
daily rainfall time series from 1990 to 2019, and 5 min interval time series of four extreme
rainfall events involving 7 June 1997 (hereafter ‘6.7’), 31 October 2008 (hereafter ‘10.31’),
3 July 2016 (hereafter ‘7.3’), and 30 June 2017 (hereafter ‘6.30’). Historical extreme event
characteristics are listed in Table 1.

Table 1. Summary of the historical extreme event characteristics.

Event Name Event Date Max 1 h
Rainfall (mm)

Max 24 h
Rainfall (mm)

Event Total
Rainfall (mm)

‘6.7’ event 7 June 1997 40.89 197.05 254.83
‘10.31’ event 31 October 2008 6.50 91.80 140.80

‘7.3’ event 3 July 2016 50.70 72.00 209.81
‘6.30’ event 30 June 2017 59.30 134.81 351.90

3.1.3. Land-Use, Digital Elevation, and the Drainage System

The data used for urban flooding modeling includes land-use, digital elevation, and
drainage networks. Digital elevation model data with 10 m resolution was obtained from
the Geospatial Data Cloud [41]. The land-use and drainage network were obtained from
Xiangjiangxinqu (XJXQ) administration with a formal application and permission process.

3.1.4. Stormwater Flow Data and Flooding Records

There is one pipe flow monitoring station (shown in Figure 1c) constructed in our
hydraulic model study area. The 1 h interval time series stormwater flow data in heavy
rainfall event (19 May 2021) at the station were obtained from the XJXQ drainage system
management department with a formal application and permission process.

3.2. Methodology

The study framework of this study includes three main steps as shown in
Figure 2. Firstly, we downscaled the GCM (MRI-CGCM3) outputs to high-resolution
(4 km) precipitation datasets, optimized for Changsha’s extreme rainfall characteristics. Sec-
ondly, we projected non-stationary rainfall intensities for 2–200-year return periods in the
2040s (2031–2050) and 2060s (2051–2070) using the Generalized Extreme Value (GEV) dis-
tribution. Finally, we assessed the urban flooding risk in the LWG watershed under the
projected rainfall.
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Figure 2. The methodological framework of the study.

3.2.1. Dynamic Downscaling of Future Extreme Rainfall

• Model Configuration and Domain Setup

The Weather Research and Forecasting (WRF) model was applied for simulating
extreme rainfall events. We employed the WRF model (version 3.9.1, National Center
for Atmospheric Research, Boulder, CO, USA, obtained from [35]) to predict the future
extreme rainfall events in CSC. The model was set with the Lambert Conformal projection
coordinate system, and the computational domains were centered at Changsha (28.22◦ N,
112.94◦ E) with a three-level, two-way nested grid configuration, involving domain 1 (D01,
36 km grid spacing, 78 × 86 grid points), domain 2 (D02, 12 km grid spacing, 66 × 72 grid
points) and domain 3 (D03, 4 km grid spacing, 54 × 60 grid points) as shown in Figure 3.
Vertical layers of the domains feature 37 terrain-following eta levels with the top fixed at 50 hPa.

 

d01

d02

d03

Changsha

Figure 3. 3-level nested domains of the WRF model. The domain of D01, D02, and D03 has 36 km,
12 km, and 4 km horizontal resolution, respectively.
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• Physical parameterization schemes

The WRF model employs several physical parameterization schemes, e.g., micro-
physics (MP), cumulus (CU), radiation physics (RP), and planetary boundary layers (PBL)
schemes, to simulate atmospheric processes. Such schemes critically control the perfor-
mance of simulation variables, particularly in precipitation forecasting, where MP and CU
schemes play critical roles [42].

Empirical studies highlight regional variability in optimal scheme performance. For
example, Yang et al. [43] identified that CU takes priority over MP for precipitation simula-
tion in the Hanjing River basin, and verified the excellent performance of the Morrison-GF
scheme combination. Liu et al. [44] reported the WSM6 microphysics and Grell–3D cu-
mulus schemes were identified as most effective for heavy rainfall event predicting in the
central Tianshan Mountain. Tewari et al. [45] demonstrated that the Thompson scheme
outperformed WSM6 and WDM6 in capturing high-resolution peak precipitation intensi-
ties without the CU scheme in Beijing. Similarly, Liu et al. [46] showed that the Morrison
microphysics scheme outperformed both the Thompson and Lin schemes for summer
precipitation simulations in the southern Tibetan Plateau’s mountainous region. These
findings underscore a key challenge that no single WRF configuration is universally opti-
mal. Regional atmospheric dynamics, topography, and climate characteristics necessitate
tailored scheme combinations to balance accuracy and computational efficiency.

To optimize the physical parameterization schemes, we adopt five distinct combina-
tions from previous studies [42,45,47–49] by selecting those that demonstrated superior
simulation performance and broader applicability across widely used categories for ex-
treme rainfall simulations in China. The main parameterization combinations are listed in
Table 2. Additionally, the Noah land surface model was employed in this study.

Table 2. Combinations of critical physical parameterization schemes were tested in this study.

Scheme Microphysics Cumulus Radiation Planetary Boundary
Layer

Sch. 1 Thompson Grell–3D CAM YSU
Sch. 2 WSM6 KF (new Eta) RRTMG MYJ
Sch. 3 WSM3 BMJ RRTM + Dudia BouLac
Sch. 4 WSM5 Grell-Freitas Goddard ACM2
Sch. 5 Lin KF RRTMG YSU

Note: WSM3, WSM5, WSM6, and Lin denote the WSM 3-class Simple Ice Scheme, WSM 5-class Scheme, WSM
6-class Graupel Scheme, and the Purdue Lin cheme, respectively. Grell–3D, KF, BMJ, and Grell–Freitas denote
the Grell–3D Ensemble Scheme, Kain–Fritsch Scheme, Betts–Miller–Janjic Scheme, and Grell–Freitas Ensemble
Scheme, respectively. CAM, RRTMG, RRTM, Dudia, and Goddard denote the Community Atmosphere Model
Scheme, Rapid Radiative Transfer Model for GCMs Scheme, Rapid Radiative Transfer Model (longwave) Scheme,
Dudia (shortwave) Scheme, and Goddard Shortwave and Longwave Scheme. MYJ, YSU, BouLac, and ACM2
denote the Mellor–Yamada–Janjic TKE Scheme, Yonsei University Scheme, Bougeault and Lacarrere Scheme, and
Asymmetric Convective Model (version 2), respectively.

• Simulation execution and temporal configuration

For continual long-term (period of years) simulations, the WRF model is configured
with a 1-year spin-up period to ensure model states (e.g., soil moisture, atmospheric
circulation) reach equilibrium before the target simulation period, minimizing initialization
biases in decadal-scale climate projections.

The performance of the heavy rainfall simulation for WRF is tested using ERA-interim
data. During the simulation, the featured annual maximum daily precipitation event
is set on the last event period day. For the historical period, i.e., 1 January 1980, to
31 December 2018, the annual maximum daily historical extreme is filtered with the
local daily precipitation record. For individual extreme rainfall event (period of days)
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simulations, the WRF model is configured for a 9-day runtime structured as a 3-day spin-
up period to stabilize the model and generate realistic initial conditions, a 5-day event
period with the target annual maximum daily rainfall event positioned on the final day to
ensure model stability during peak precipitation, and a 1-day post-event period to enable
analysis of the extreme rainfall system’s recovery and dissipation processes. This temporal
configuration balances model initialization needs with the resolution of both the peak event
and its atmospheric adjustments, minimizing transient errors while capturing the full life
cycle of extreme rainfall events.

For future projections, the dynamic downscaling simulation is undertaken from
1 January 2031 to 31 December 2070 under the RCP8.5 scenario, which represents the
high end of the range of future pathways within a world of rapid and unrestrained eco-
nomic growth and energy use. To address computational resource constraints and enhance
computational efficiency, the WRF model is executed in a 2-step framework. Firstly, WRF
continual simulation with two-level, two-way nested domains (D01 and D02) was con-
ducted for 2031–2070 (RCP8.5) to identify annual maximum daily precipitation events.
Then, event simulations with three-level, two-way nested domains (D01, D02, and D03)
for annual maximum daily precipitation events during the period of 2031–2070 were con-
ducted to obtain high-resolution precipitation. This framework is used to identify extreme
events for each year from 2031 to 2070, based on projections from the MRI-CGCM3 climate
model under the RCP8.5 scenario. Then, annual maximum daily precipitation events are
picked from the result for further extreme rainfall event simulation. For the simulation, we
configure another 3-level two-way nested domains D03 nested into D02. The time series
interval of D03 outputs is set to 5 min. The individual extreme rainfall event simulations
are the same as above.

3.2.2. Extreme Distribution Analysis of Non-Stationary Rainfall Intensity

Rainfall intensifying in the future was calculated with extreme distribution analysis.
The Generalized Extreme Value (GEV) distribution is a combination of Gumbel, Fréchet,
and Weibull distributions as a three-parameter distribution, and is based on the limit
theorems for block maximum or annual maximum. The standard cumulative distribution
of GEV can be expressed as:

ψ(x) =

 exp
{
−
[
1 + ξ

(
x−µ

σ

)]− 1
ξ

}
ξ ̸= 0

exp
{
− exp

[
−
(

x−µ
σ

)]}
ξ → 0

(1)

where ψ(x) denotes the cumulative frequency and µ, σ, and ξ denote parameters of location,
scale, and shape of the distribution function, respectively. Note that σ and 1 + ξ

(
x−µ

σ

)
must be greater than zero.

The GEV distribution employs µ, σ, and ξ to specify the distribution’s central tendency,
scale around µ, and the tail behavior, respectively. When ξ approaches zero, is less than
zero, or exceeds zero, the GEV distribution degenerates into the Gumbel distribution, the
Weibull distribution, or the Fréchet distribution, correspondingly. Notably, the parameters
of the underlying distribution function are time-dependent, causing the distribution’s
properties to evolve.

There are several statistical methods, such as the Bayesian method (BM), weighted
moments method (WMM), and maximum likelihood method (MLE), that have been applied
to estimate GEV parameters. We estimate the values of µ, σ, and ξ using MLE via the R
package (version 3.6.2; R Foundation for Statistical Computing, Vienna, Austria) ‘ismev’
(obtained from [50]). Before the GEV parameter estimation, Grubbs’ test (α = 0.05) was
used to remove outliers from the annual maximum rainfall dataset. For MLE numerical
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stability, a ridge regularization term (λ = 0.01) was added to the log-likelihood function.
Model fits were validated via the Kolmogorov–Smirnov (KS) test (p > 0.05 for all periods).

Design rainfall intensity (PT) according to return period (T) is estimated by the
following formula:

PT =

 µ +
(

σ
ξ

){[
− ln

(
1 − 1

T

)]−ξ
− 1

}
ξ ̸= 0

µ + σ
[
− ln

(
1 − 1

T

)]
ξ → 0

(2)

3.2.3. Storm Pattern Designing for Urban Hydrology Simulation

The 5 min interval storm pattern is a typical input data driving the urban hydrody-
namic model. A 5 min interval, 24 h time series of precipitation patterns specifically
designed for CSC (as shown in Figure 4) based on a long-term period from 1980 to
2018, was obtained from the Climate Center of Hunan Province. We disaggregated the
maximum daily precipitation into 5 min interval, 24 h storm time series based on the
precipitation pattern.

Figure 4. The 5 min interval storm pattern with 24 h duration in Changsha City. P and P24-h denote
5 min precipitation depth and 24 h cumulative precipitation depths, respectively. P/P24-h represents
the ratio of 5 min precipitation to 24 h cumulative precipitation.

3.2.4. Urban Flood Risk Assessment

Urban hydraulic modeling (UHM) is a computational tool to simulate, analyze, and op-
timize the behavior of urban drainage systems during rainfall events. Autodesk Integrated
Catchment Management (ICM) is an advanced hydraulic and hydrologic modeling soft-
ware, designed to simulate and analyze urban drainage systems, river networks, and flood
risk management [51–53]. The model comprises a one-dimensional urban drainage pipe
network model, a two-dimensional surface runoff model, and one- and two-dimensional
coupling models [21]. The one-dimensional pipe network hydrodynamic model derives the
hydrodynamic parameters of water flow within the pipe network through the resolution of
the Saint-Venant equations in conjunction with the continuity and momentum equations
as in Equations (3) and (4). The two-dimensional hydrodynamic simulation of the surface
inundation employs the shallow water equations (Equations (5)–(7)) to compute parameters
such as surface water depth, flow velocity, and flow directions.

∂A
∂t

+
∂Q
∂x

= 0 (3)

∂Q
∂t

+
∂

∂x

(
Q2

A

)
+ gA

(
cos θ

∂h
∂x

− S0 +
Q|Q|

K2

)
= 0 (4)
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where A is the cross-sectional area; Q is the discharge; t is time; x is the length along the x
direction; g is the gravitational acceleration; θ is the angle of the bed to the horizontal; h is
the water depth; S0 is the bed slope; and K is the conveyance.

∂h
∂t

+
∂(hu)

∂x
+

∂(hv)
∂y

= q1D (5)

∂(hu)
∂t

+
∂

∂x

(
hu2 +

gh2

2

)
+

∂(huv)
∂y

− ∂

∂x

(
εh

∂u
∂x

)
− ∂

∂y

(
εh

∂u
∂y

)
+ gh

(
S0,x − S f ,x

)
= q1Du1D (6)

∂(hv)
∂t

+
∂

∂y

(
hv2 +

gh2

2

)
+

∂(huv)
∂x

− ∂

∂x

(
εh

∂v
∂x

)
− ∂

∂y

(
εh

∂v
∂y

)
+ gh

(
S0,y − S f ,y

)
= q1Dv1D (7)

where u and v denote the velocity components along the x- and y-directions, respec-
tively; ε represents the eddy viscosity coefficient; S0,x and S0,y are the ground slope along
the x- and y-directions, respectively; Sf,x and Sf,y stand for the friction slopes along the
x- and y-directions, respectively; u1D and v1D denote the velocity components of the source
discharge in the x- and y-directions, respectively; and q1D represents the source discharge
per unit area.

We construct an urban flooding model covering an area of 17.25 km2 (shown in
Figure 5) using the Infoworks ICM (version 2021, Autodesk Inc, San Rafael, CA, USA,
obtained from [54]). First of all, we employ the Thiessen polygon method to delineate
subcatchments into 3185 units, ensuring that runoff flows into the nearest drainage holes,
which integrates the hydrological model of surface runoff with the one-dimensional hydro-
dynamic model of the pipe network. To simulate urban inland flooding, a two-dimensional
mesh network with 267,843 triangulated irregular meshes was used. Meshes ranging in
25–213 m2 were used to balance precision and computation: meshes < 50 m2 were applied
in low-lying areas to capture detailed ponding, while meshes > 100 m2 were used in flat
urban areas. Mesh quality was verified with a minimum internal angle of 35◦, aspect
ratio < 3, and skewness < 0.4, ensuring numerical stability. The 1D pipe network
hydrodynamic model is concurrently coupled to the 2D surface inundation model
through manholes.

The initial loss and constant fraction loss methods are used for the surface runoff, and
the runoff routing process is calculated using the nonlinear reservoir method. The Horton
equation is used to calculate the infiltration capacity, with the required parameters being
the initial infiltration rate, the stable infiltration rate, and the attenuation coefficient. The
parameters of rainfall runoff and infiltration processes for different land-cover types are
provided in Table 3. The rainfall input of a long-duration rainstorm (24 h) was selected to
indicate the rainfall pattern and intensity.

Table 3. Summary of important parameters and reference values used in the urban flooding model.

Parameters Reference Values

initial loss (mm) 1.5–6.0
fixed runoff coefficient 0–1

initial infiltration rate (Horton method) (mm/h) 30–80
stable infiltration rate (Horton method) (mm/h) 6–20
attenuation coefficient (Horton method) (1/h) 2–7

pipe Manning coefficient (n) 0.011–0.024

surface Manning coefficient (n) impervious: 0.005–0.05
previous: 0.05–0.5
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Figure 5. Layouts of the study area for the urban flooding modeling in the Longwanggang
(LWG) watershed. (a) Urban stormwater drainage pipe networks, (b) ground elevation, and
(c) land-use pattern.

3.2.5. Model Performance Verification

We applied multiple performance metrics, i.e., relative error (RE), root mean square
error (RMSE), mean bias error (MBE), and standard deviation (SD), to evaluate the perfor-
mance of the model. The metrics are calculated by the following equations:

RE =
|P − Q|

Q
× 100% (8)
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RMSE =

√√√√ 1
M

M

∑
i=1

(Pi − Qi)
2 (9)

MBE =
1
M

M

∑
i=1

(Pi − Qi) (10)

SD =

√√√√ 1
M − 1

M

∑
i=1

(Pi − Qi − MBE)2 (11)

where P is the simulated cumulative precipitation; Q is the observed cumulative precip-
itation; M is the number of time steps; and Pi and Qi are the simulated and observed
cumulative precipitation at step i, respectively.

4. Results
4.1. WRF Parameterization Optimization and Precipitation Bias Correction

To optimize the WRF parameterization for extreme rainfall event simulation at CSC,
we evaluated the WRF performance under different parameterization scheme combina-
tions with four historical extreme rainfall events, namely the ‘6.7’ event, ‘10.31’ event,
‘7.3’ event, and ‘6.30’ event. Figure 6 presents the precipitation time series derived from
WRF outputs under five different physical parameterization scheme combinations along-
side observations. For the ‘6.7’ event (Figure 6a), the 1 h precipitation depth time series of
Sch. 2 follows the observation most closely throughout the entire 24 h period, both
in the timing of the rainfall onset and its intensification. Sch. 5 also tracks the ob-
servations reasonably well but might underestimate the peak intensity. In contrast,
Sch. 3 and Sch. 4 significantly underestimate the rainfall rate from the beginning and fail to
capture the storm’s intensity. Sch. 1 shows a significant delay in the rainfall event. For the
‘10.31’ event (Figure 6b), Sch. 2 and Sch. 5 simulated the observation well, with only minor
deviations in the timing or rate of accumulation. Sch. 1 tracks the observations for part of
the event but then diverges. Sch. 3 and 4 begin to deviate early on, accumulating rain at a
much slower rate and ending up far below the observed total, confirming their consistent
underestimation bias. For the ‘7.3’ event (Figure 6c), Sch. 2 and Sch. 5 successfully capture
the timing and intensity of the storm, closely following the sharp rise in the observation.
Sch. 1 shows some accumulation but falls far short. Sch. 3 and Sch. 4 simulated barely any
rain at all, completely failing to capture the dynamics of this event. For the ‘6.30’ event
(Figure 6d), Sch. 5 and Sch. 2 well replicate the timing of these peaks and the overall
accumulation, with Sch. 5 having a slight edge. Sch. 1 also performs reasonably well
but could mistime certain peaks, leading to a higher error. Sch. 3 and Sch. 4 show a
consistently slower accumulation rate, failing to match the observed intensity and resulting
in a large final deficit. As discussed above, for the individual rainfall event case, notable
discrepancies in the accumulated precipitation amount were observed across different
scheme combinations.

We also applied multiple performance metrics, such as RE, RMSE, MBE, and SD,
to evaluate the performance for extreme precipitation prediction. Table 4 summarizes
the evaluation metrics across different scheme combinations for each rainfall event.
Sch. 2 and Sch. 5 are the most reliable. Sch. 2 provides excellent estimates for events
‘6.7’ and ‘7.3’, while Sch. 5 performs best for event ‘6.30’ and reasonably well for others.
Sch. 3 and Sch. 4 consistently show significant underestimation across all events, particu-
larly in ‘6.7’ and ‘7.3’. Their high RMSE and MBE values further indicate poor performance
and substantial bias. Sch. 1 shows inconsistent results, with moderate to high underestima-
tion in several events.
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Figure 6. Comparison of 24 h time series of accumulated precipitation derived from WRF simulations
and observations during the heavy rainfall events of (a) the ‘6.7’ event, (b) the ’10.31’ event, (c) the
‘7.3’ event, and (d) the ‘6.30’ event. Note that Sch. 1–5 denote the combinations of critical physical
parameterization schemes as listed in Table 2.

Table 4. WRF model performance based on different parameterization schemes. Note that RE,
RMSE, MBE, and SD denote relative error, root mean square error, mean bias error, and standard
deviation, respectively.

Extreme
Events Schemes

Total
Rainfall

(mm)

RE
(%)

RMSE
(mm)

MBE
(mm)

SD
(mm)

‘6.7’

Sch. 1 164.99 −16.27 72.37 −55.72 47.18
Sch. 2 201.69 2.35 27.57 −15.46 23.31
Sch. 3 37.07 −81.19 128.13 −111.78 63.97
Sch. 4 116.75 −40.75 64.76 −45.23 47.35
Sch. 5 153.17 −22.27 32.06 −24.66 20.93

‘10.31’

Sch. 1 79.32 −13.60 5.95 −0.41 6.07
Sch. 2 89.56 −2.44 5.72 4.19 3.97
Sch. 3 60.26 −34.35 15.88 −13.49 8.57
Sch. 4 59.32 −35.38 15.84 −12.57 9.84
Sch. 5 83.03 −9.56 4.34 −2.57 3.58

‘7.3’

Sch. 1 26.25 −63.54 25.11 −19.30 16.40
Sch. 2 77.15 7.15 7.08 4.36 5.70
Sch. 3 2.48 −96.56 40.71 −33.25 24.00
Sch. 4 2.59 −96.40 41.24 −33.60 24.41
Sch. 5 80.50 11.81 11.67 7.22 9.37

‘6.30’

Sch. 1 142.69 5.85 29.92 −6.59 29.81
Sch. 2 138.40 2.67 27.55 18.82 20.55
Sch. 3 81.40 −39.61 35.10 −20.57 29.05
Sch. 4 66.56 −50.62 37.60 −27.29 26.43
Sch. 5 143.51 6.46 32.01 21.44 24.28

These notable discrepancies in different evaluation metrics underscore that the model’s
precipitation simulation performance varies substantially depending on the selection
of physical parameterization schemes. Based on comprehensive comparisons of these
performance variations, the Sch. 2 combination, i.e., WSM6, KF (new Eta), RRTMG,
and MYJ, exhibits the most robust performance across the four events. Therefore, the



Appl. Sci. 2025, 15, 11577 14 of 27

Sch. 2 combination is chosen for further study as the optimized physical parameterization
scheme combination.

With the optimized WRF parameterization scheme, we modeled the annual maximum
daily rainfall events during the period of 1990–2019 and 2031–2070. The 24 h accumu-
lated precipitations of the annual maximum daily rainfall events were obtained from
each event simulation. Figure 7a illustrates that the 24 h precipitation simulated by the
model exhibits a strong linear relationship with observations at the CSS, while showing
a slight tendency toward underestimation. Actually, precipitation bias is one of the most
common and critical issues in global and regional climate modeling [55]. It refers to the
systematic discrepancy between simulated and observed precipitation, manifesting as
either overestimation or underestimation of rainfall amounts. It is critical to conduct bias
correction before the simulation output for further application, such as watershed hydro-
logical modeling [56]. To minimize the bias of WRF output precipitation, we conducted a
bias correction with the data from the historical extreme events using the quantile mapping
method described in Tong et al. [57] and then applied in the future period (2031–2070). The
bias correction method effectively reduced the bias of simulated precipitation by 3.56% (as
shown in Figure 7b).

 

Figure 7. Comparison of 24 h accumulated rainfall for historical (1990–2019) storm events between
observations and WRF simulations. (a) Regression analysis, (b) Taylor Plot of event precipitation
of observations and simulations, as well as bias-corrected simulations. The “Observed” in the
legend denotes the observed accumulated precipitation of the annual maximum daily rainfall events,
“Simu_Origin” represents the accumulated precipitation of these events directly derived from WRF
outputs, and “Simu_Corrected” indicates the bias-corrected event precipitations using the quantile
mapping approach.

4.2. Non-Stationary Rainfall Intensity Under Climate Change

The 24 h accumulated precipitation of annual maximum daily rainfall events during
2031–2070 from WRF was applied to analyze the future rainfall intensity. The data was
segmented into two periods as 2031–2050 and 2051–2070, representing the 2040s and 2060s.
We applied the extreme distribution analysis approach to estimate the non-stationary
rainfall intensity.

Figure 8 provides a comparative view of the 24 h rainfall depth statistics across various
return periods (2- to 200-year) for the 2040s and 2060s. The boxplots clearly show the
median, interquartile range (IQR), and potential outliers, highlighting the increasing trend
in rainfall intensity with longer return periods and across different time periods. In general,
24 h rainfall intensity increases with longer recurrence intervals for both periods, which is
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consistent with the expectation that more extreme rainfall events involve greater rainfall
amounts. The median rainfall intensity in the 2060s is generally higher than that in the
2040s for the same recurrence interval. Also, the IQR of rainfall intensity, representing
the middle 50% of data, is wider in the 2060s, indicating a greater variability in rainfall
intensity. This suggests that by the 2060s, not only is the central tendency of rainfall intensity
higher, but there is also a broader spread of potential rainfall values. The range of rainfall
intensity (1.5IQR) is more pronounced in the 2060s, especially for longer recurrence intervals
(e.g., 50, 100, 200 years). This implies a higher likelihood of extremely intense rainfall events
in the 2060s.

Figure 8. Boxplots of 24 h duration rainfall intensities in Changsha main urban zone projected in the
2040s (light-blue color) and 2060s (light-orange color).

At shorter recurrence intervals (2–10 years), the difference in rainfall intensity between
the 2040s and 2060s is relatively small, with overlapping IQRs and similar median values.
As recurrence intervals extend to 20 years and beyond, the disparity becomes more signifi-
cant, as the 2060s distributions shift upward, with higher medians, wider IQRs, and more
extreme outliers. For example, at the 200-year recurrence interval, the median and upper
quartile of rainfall intensity in the 2060s are notably higher than in the 2040s.

It suggests that Changsha’s main urban zone is projected to experience higher 24 h
rainfall intensities, particularly for extreme events with long recurrence intervals, along
with increased variability in rainfall amounts from the 2040s to 2060s.

Spatial variation in rainfall intensity on the main urban area of CSC under the return
period of 2-, 3-, 5-, 10-, 20-, 50-, 100-, and 200-year in the 2040s and 2060s is present in
Figures 9 and 10, respectively. Overall, the rainfall intensity shows a marked increasing
trend as the return period extends from 2-year to 200-year. For example, in the 2040s, the
maximum 24 h rainfall intensity rises from 127 mm to 299 mm, and the minimum also
increases from 92 mm to 172 mm from 2-year to 200-year. In the 2060s, the maximum
increases from 125 mm to 395 mm, with the minimum rising from 107 mm to 191 mm from
2-year to 200-year.
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Figure 9. Spatial distribution of 24 h duration rainfall intensity in Changsha main urban zone
projected in 2040s with return periods of (a) 2-year, (b) 3-year, (c) 5-year, (d) 10-year, (e) 20-year,
(f) 50-year, (g) 100-year, and (h) 200-year.

Spatially, there is obvious heterogeneity in rainfall intensity under the varied return
periods. In both the 2040s and 2060s, the central and eastern parts of the main urban area
generally have relatively higher rainfall intensity compared to the western and southern
parts across all return periods. Central and eastern Changsha, which are low-lying plains,
experience higher rainfall intensity than western mountainous areas because flat terrain
potentially facilitates the convergence of warm, moist air from the Xiangjiang River. Addi-
tionally, eastern Changsha’s higher urbanization rate may enhance the urban heat island
effect, strengthening convective rainfall. The location of CSC is in an area with moderate to
relatively high rainfall intensity, which is representative of the regional rainfall features.

When comparing the two periods, the rainfall intensity in the 2060s is generally higher
than that in the 2040s for the same return period. This indicates a potential increase in ex-
treme rainfall events in the future under climate change, which has important implications
for urban flood prevention, water resource management, and urban infrastructure design,
as it reflects the possible changes in rainfall extremes that the main urban area may face
under different recurrence intervals in different future periods.
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Figure 10. Spatial distribution of 24 h duration rainfall intensity in Changsha main urban zone
projected in 2060s with return periods of (a) 2-year, (b) 3-year, (c) 5-year, (d) 10-year, (e) 20-year,
(f) 50-year, (g) 100-year, and (h) 200-year.

4.3. Urban Flooding Risk Assessment

Before applying the hydraulic model for flood risk assessment, its performance
was verified using measured pipe flow data (10 min intervals) and flood observations
from 19 May 2021, as shown in Figure 11. The model exhibited good performance in
stormwater flow simulation, with a Nash–Sutcliffe Efficiency (NSE) value of 0.78, a cor-
relation coefficient (R2) value of 0.87, a RMSE value of 0.25, a bias value of 0.06, and
a p-value < 0.005.

The storm intensity of 24 h duration rainfall intensity with 50- and 100-year return
periods in the LWG watershed was applied to design the rainfall pattern for urban flooding
risk assessment. As shown in Table 5, storm intensities show a clear upward trend from the
past to the future for the same return period. For example, at a 50-year return period, the
storm intensity in 2060 is 260.4 mm, 10.1% higher than that in 2020, indicating a projected
increase in extreme rainfall intensity over time under climate change. The difference in
storm intensity between the 2020s and 2040s is relatively larger compared to the difference
between 2040s and 2060s, suggesting that the consequence of climate change is a resulting
accelerated increase in extreme rainfall intensity in the near future.
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Figure 11. Time series of observed and simulated stormwater flows of the heavy rainfall event
occurred on 19 May 2021.

Table 5. Rainfall intensities for USDS design regarding return periods for different base years. The
storm intensities of 2020 were obtained from the Climate Center of Hunan Province.

Return Period
(Years)

Storm Intensity (mm/24 h)

2020s 2040s 2060s

50 236.2 252.4 260.4
100 263.0 275.2 285.0

We composed the 24 h, 5 min interval rainfall time series using the storm intensity of
50- and 100-year return periods to drive the urban flood model to evaluate the flood risk.
The areal proportion of flooding in the LWG watershed under 50-year and 100-year return
period rainfall events, projected for the years 2020s, 2040s, and 2060s, under the context of
climate change, as classified by different ponding depth ranges, is shown in Table 6.

Table 6. Statistics of the flooding areal proportion in the LWG area responding to 50- and 100-year
return periods projected in the 2020s, 2040s, and 2060s.

Ponding
Depth (mm)

2020s 2040s 2060s

50-Year 100-Year 50-Year 100-Year 50-Year 100-Year

2–150 4.84% 6.11% 5.56% 6.86% 5.96% 7.43%
150–300 0.53% 0.67% 0.63% 0.77% 0.66% 0.85%
300–500 5.29% 6.63% 6.10% 7.41% 6.47% 8.02%

>500 0.99% 1.38% 1.20% 1.52% 1.35% 1.62%

For each target decade, i.e., 2020s, 2040s, and 2060s, as the return period increases
from 50 years to 100 years, the areal proportion of flooding in almost all ponding depth
ranges shows an increasing trend. For example, in 2020, the proportion of the area with
ponding depth > 500 mm is 0.99% for the 50-year return period and 1.38% for the 100-year



Appl. Sci. 2025, 15, 11577 19 of 27

return period. This indicates that more extreme rainfall events (longer return periods) lead
to a greater extent of flooding across various depth levels.

For both 50-year and 100-year return period events, from 2020 to 2040 and then to 2060,
the areal proportion of flooding in each ponding depth range generally increases. Taking
the 100-year return period and ponding depth > 500 mm as an example, the proportion
rises from 1.38% in 2020 to 1.52% in 2040 and further to 1.62% in 2060. This suggests
that under climate change, the flooding situation in the LWG area is projected to worsen
over time, with a larger area being affected by flooding of different depths in the future
compared to the present.

Across all years and return periods, the areal proportion of flooding is relatively large
in the 300–500 mm ponding depth range. For instance, in 2020, under the 50-year return
period, this range accounts for 5.29% of the area, which is higher than the proportions in
other depth ranges (except for the <150 mm range in some cases). This indicates that for
the LWG area, flooding with ponding depths between 300 and 500 mm is a significant
component of the overall flooding pattern under these return period events.

Generally, most flooding risk areas are located in regions with a lower elevation.
Figures 12 and 13 depict the spatial distribution of flood risk areas in the LWG region
under 50-year and 100-year return period rainfall events, with flood risk categorized by
ponding depth as 2–150 mm, 151–300 mm, 301–500 mm, and larger than 500 mm. Under
a 50-year return rainfall, flooded areas are relatively limited, with most regions having
ponding depths in the 2–150 mm range in 2020. Only scattered small areas show higher
depths. Compared to 2020, the extent of flooded areas increases in 2040, as there is a
noticeable expansion in regions with ponding depths of 151–300 mm and 301–500 mm,
and a slight increase in areas with depth > 500 mm. Flooded areas continue to expand
in 2060. The coverage of higher ponding depth regions is more extensive than in 2040,
indicating a worsening flood situation. Under the 100-year return rainfall period, flooded
areas are larger than those under the 50-year return period in 2020. More regions exhibit
ponding depths of 151–300 mm, 301–500 mm, and >500 mm, though the overall extent is
still less than in the future. The flooded area expands further compared to 2020 under the
100-year return period. Higher ponding depth regions are more widespread, with a notable
increase in the area with depth > 500 mm. Flooded areas reach the largest extent among all
scenarios. The distribution of regions with ponding depths of 151–300 mm, 301–500 mm,
and >500 mm is the most extensive, showing a significant increase in flood risk over time.
Based on Changsha’s 2024 unit-area GDP of 900 million CNY/km2 and population density
of 12,000 people/km2, it is projected that areas with >500 mm ponding depth will incur
approximately 256 million CNY in losses and expose 3400 people to risks by the 2060s.

Overall, for both return periods, flood risk in the study area is projected to increase
from 2020 to 2060, with larger areas affected and greater proportions of regions expe-
riencing higher ponding depths in the future. Moreover, the construction land has ex-
panded at an annual rate of 3.2% since 2010, with peri-urban green spaces and agricultural
lands declining by 15–20% under the “Changsha Metropolitan Area Development Plan
(2021–2035)”. Such land-use transitions would amplify surface runoff volumes and flood
peak magnitudes beyond the model’s current projections, particularly in low-lying southern
regions of the LWG watershed where historical waterlogging is concentrated. To address
this, adaptation strategies must integrate land-use planning with flood risk management,
complementing the upgrading of drainage infrastructure, e.g., expanding pipe sizes in
critical corridors.
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Figure 12. Spatial distribution of 50-year return period flood risk areas under different inundation
depths projected across (a) 2020, (b) 2040, and (c) 2060.
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Figure 13. Spatial distribution of 10-year return period flood risk areas under different inundation
depths projected across (a) 2020, (b) 2040, and (c) 2060.



Appl. Sci. 2025, 15, 11577 22 of 27

5. Discussion
This study established an integrated framework to assess the resilience of urban

stormwater drainage systems in CSC under future extreme climate scenarios. Our results
project a significant increase in extreme rainfall intensities and consequent flood risk,
particularly for long-return-period events.

5.1. Non-Stationarity of Extreme Rainfall and the Inadequacy of Traditional IDF Curves

The primary finding of this study is the profound non-stationarity projected for
extreme precipitation in CSC under RCP 8.5, a high-emission scenario. Our analysis
reveals a significant temporal evolution in rainfall extremes, with 24 h rainfall intensities
for long-return-period events rising sharply from the 2020s to the 2060s, exemplified
by a 32% increase for the 200-year return period. This intensification is consistent with
global observations and climate model projections, which consistently indicate a trend
of increasing frequency and intensity of extreme rainfall due to climate change [58]. For
instance, an analysis of historical data in Washington State found that a 50-year return
period storm increased in intensity by 37% over 25 years, effectively becoming an 8.4-year
event [59]. Similarly, He et al. [60] projected that 100-year floods could become 5-year or
10-year events in regions like the Yellow River basins if the global temperature rises by 4 ◦C.

A critical nuance of our analysis is the differential sensitivity of rainfall events based on
their rarity. We found that short-return-period events, i.e., 2–10 years, show minimal change,
while long-return-period events (≥20 years) are intensified significantly. This pattern
suggests that the thermodynamic drivers of extreme convection, which are highly sensitive
to atmospheric warming and increased moisture-holding capacity, disproportionately
influence rare, high-intensity storms compared to more frequent, lower-intensity events
often associated with larger-scale synoptic patterns.

This demonstrates that non-stationarity directly undermines the core assumption of
traditional USDS design, which relies on stationary IDF curves derived from historical data.
Our results provide spatially and temporally explicit validation for broader warnings that
stationary curves risk substantially underestimating future rainfall loads. For example,
Zhou et al. [61] projected that design intensities across China may need to be increased
by 20–80% to account for climate change, a range that encompasses our findings for CSC.
Similar trends of IDF curve inadequacy are being reported worldwide [18,62,63]. Therefore,
our work provides compelling evidence for the urgent need to develop and officially adopt
non-stationary IDF curves to ensure the future resilience of urban drainage infrastructure.

5.2. From Intensified Rainfall to Escalating Urban Flood Risk and Design Implications

The primary consequence of the projected rainfall non-stationarity is a direct and
quantifiable increase in inland flood risk. Our hydraulic modeling for the LWG watershed
establishes a clear causal chain, translating the increased rainfall intensities into worsening
flood outcomes. The model projects a marked expansion of flood-prone areas and an
increase in ponding depths from the 2020s to 2060s for both 50-year and 100-year return
period events. For the 100-year event, the area characterized by the most impactful ponding
depths, i.e., 300–500 mm, is projected to expand by 21%, while the most severe flood zones
(ponding depth > 500 mm) grow from 1.38% to 1.62% of the watershed area.

This direct cascade from climate forcing to hydrological impact underscores the pri-
mary threat that intensified precipitation poses to existing urban drainage systems. The
results quantitatively confirm that systems designed based on historical climate data will
be progressively overwhelmed by future extremes. Our findings are consistent with other
studies that have linked climate change to increased flood hazards in Chinese cities. For
example, Zou et al. [21] estimated substantial economic losses from a 100-year flood in
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Beijing under a high-emission scenario, while Liu et al. [23] reported a probabilistic increase
in urban flooding risk of over 50% on average for China under future climate scenarios. Our
study adds a critical temporal and mesoscale dimension to this body of work, projecting
the evolution of risk at the watershed level for specific future decades, i.e., 2040s vs. 2060s,
and for a comprehensive range of return periods.

These findings collectively underscore the critical inadequacy of stationary IDF-based
USDS design and point to the urgent need for adaptive strategies to keep pace with climate
change. To enhance urban flood resilience, there is an imperative to proactively upgrade
USDS design standards for critical areas, such as densely populated neighborhoods, key
infrastructure corridors, and low-lying zones, to at least a 10-year return period. Also,
this upgrade must be grounded in climate-adjusted projections, ensuring the system can
withstand the intensified precipitation events identified in this study rather than relying on
outdated historical climate data.

Beyond gray infrastructure upgrades, a deeper integration of SUDS, which include
green roofs, permeable pavements, and bioretention basins, into Changsha’s sponge city
development is essential. SUDS can complement traditional drainage infrastructure by
reducing surface runoff, enhancing infiltration, and mitigating the peak flow of stormwater,
thereby alleviating pressure on the upgraded USDS. This combination of updated gray
infrastructure standards and nature-based SUDS solutions creates a more robust, multi-
layered defense against the escalating flood risks highlighted in our analysis, as it addresses
both immediate drainage capacity gaps and long-term climate adaptability.

Importantly, these research outcomes and proposed strategies extend beyond local
urban infrastructure optimization; they also contribute meaningfully to the United Nations
Sustainable Development Goals (UN SDGs). Specifically, by improving the scientific under-
standing of climate-induced urban flood risks and providing evidence-based guidance for
resilient drainage system design, the research directly aligns with SDG 11 (Sustainable Cities
and Communities), which prioritizes making cities and human settlements safe, resilient,
and sustainable. The proposed USDS upgrades and SUDS integration directly support
this goal by reducing flood hazards and enhancing livability in Changsha. Additionally,
the study’s focus on climate-adjusted design standards and adaptive strategies responds
to SDG 13 (Climate Action), which calls for urgent action to combat climate change and
its impacts. By linking local drainage system improvements to global climate resilience
agendas, the research elevates the practical and normative value of its findings, turning
technical solutions into contributions to broader sustainable development objectives.

5.3. Limitations and Uncertainties

While this study presents a comprehensive framework for assessing future flood risk,
several limitations and associated uncertainties must be acknowledged. These consider-
ations are crucial for the correct interpretation of our results and highlight pathways for
future research.

The climate projections underpinning this analysis rely on a single GCM, the MRI-
CGCM3, under a high-emission scenario (RCP8.5). Although the MRI-CGCM3 has demon-
strated strong performance in simulating subtropical climate patterns and was optimally
configured for this region, this approach does not capture the full range of uncertainty
inherent in climate modeling. The findings thus represent a plausible, high-impact future
trajectory rather than a probabilistic forecast. Future work would benefit from employ-
ing a multi-model ensemble of GCMs from CMIP6 under various Shared Socioeconomic
Pathways (SSPs) to quantify the uncertainty range and improve the robustness of the
precipitation projections.
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Uncertainties are introduced through the dynamical downscaling process and bias
correction. While the WRF model was optimized for extreme rainfall simulation in CSC,
and quantile mapping effectively reduced systematic bias, regional climate models are
sensitive to physical parameterizations and internal variability. The bias-correction method,
calibrated on historical data, assumes that the correction function remains valid under
future climate conditions, an assumption that may not hold perfectly as climate extremes
evolve. These methodological choices, while standard and justified, contribute to the
overall uncertainty of the projected rainfall intensities.

The urban flood model, though carefully calibrated and validated, incorporates sim-
plifying assumptions. The model parameters for infiltration and surface roughness were
derived from current land-use conditions and held constant for future scenarios. This ap-
proach does not account for potential future changes in urban morphology, soil compaction,
or the long-term performance degradation of green infrastructure. Furthermore, the model
assumes that the drainage network is fully operational and does not consider the risk of
system component failures, e.g., pipe blockages, which can significantly exacerbate flooding
during extreme events. Future research could integrate land-use change projections and
reliability analysis of drainage components to provide a more dynamic and comprehensive
risk assessment.

6. Conclusions
This study developed an integrated assessment framework to evaluate the resilience

of USDS to climate change in CSC. By combining dynamic climate downscaling, non-
stationary frequency analysis, and high-resolution hydraulic modeling, this study provides
a comprehensive quantification of future flood risks.

Firstly, we reveal a significant intensification of extreme rainfall, particularly for long-
return-period events, with climate projections under the RCP8.5 scenario. A 32% increase
in the 24 h rainfall depth for the 200-year return period is projected from the 2040s to the
2060s. A critical finding is the differential sensitivity, where short-return-period events
show minimal change, while long-return-period events are substantially amplified. This
demonstrates that the assumption of stationarity in rainfall extremes is no longer valid.

Secondly, the intensification of rainfall directly translates into worsened flood out-
comes. Hydraulic modeling for the LWG watershed shows a marked expansion of flood-
prone areas from the 2020s to the 2060s. For the 100-year return period event, the area with
ponding depths greater than 500 mm is projected to increase by 17%, and the dominant
300–500 mm ponding zone expands by 21%. This quantifiably confirms that USDS, de-
signed based on historical climate data, will be progressively overwhelmed.

Thirdly, the projected increases in rainfall intensity and resulting flood risk underscore
the critical inadequacy of traditional USDS design reliant on stationary IDF curves. Our
findings are consistent with and provide localized evidence for broader warnings that
such curves underestimate future design rainfall, potentially by 20–80% in China, thereby
jeopardizing urban flood safety.

To enhance urban resilience, this study recommends the urgent update of USDS de-
sign standards for critical areas to at least a 10-year return period, using climate-adjusted,
non-stationary IDF curves. Priority should be given to regions where flood risk intensifies
most sharply, specifically the southern low-lying zones of the LWG watershed and east-
ern high-urbanization districts of CS. High-priority zones, where projected expansion of
ponding depth > 500 mm or high socioeconomic value, e.g., commercial centers and dense
residential clusters, require immediate pipe upsizing (targeting diameter 300–600 mm pipes
currently designed for 1–2-year return periods) and integration of SUDS. Medium-priority
zones include regions with projected expansion of 300–500 mm ponding and moderate
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socioeconomic value, e.g., western suburban residential areas. For these zones, phased
pipe upgrades and cost-effective SUDS (e.g., permeable pavement) are sufficient. Mean-
while, SUDS should be embedded in Changsha’s sponge city planning to target specific
runoff hotspots.

While this study is based on a single climate model and static urban parameters,
the proposed framework is scalable. Future work should employ multi-model climate
ensembles and integrate dynamic land-use projections to further reduce uncertainties and
provide more robust, long-term risk assessments for urban water management.

The integrated assessment framework proposed in this study, including coupling
dynamic climate downscaling, non-stationary extreme value analysis, and high-resolution
1D-2D hydraulic modeling, exhibits notable flexibility due to its modular design and
parameter-adjustable components. This flexibility enables seamless adaptation to diverse
geographical, climatic, and urban contexts, making it a valuable tool for urban flood risk
assessment beyond the case study watershed.
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