Sustainable Cities and Society 135 (2025) 107018

Contents lists available at ScienceDirect

Sustainable Cities and Society

e 4

ELSEVIER

journal homepage: www.elsevier.com/locate/scs

The influence of urban morphological changes on pluvial flooding during
urban expansion

Yue Zhu® ©, Paolo Burlando”, Ye Zhang©, Dengkai Chi*, Jing Wang®, Yeshan Qiu®®,
Matteo Bonatesta ”, Wenyue Zou 4 Christian Geif "', Puay Yok Tan?, Simone Fatichi”

& Future Cities Laboratory, Singapore-ETH Centre, Singapore

Y Institute of Environmental Engineering, ETH Zurich, Switzerland

€ School of Architecture, Tsinghua University, China

4 Institute of Earth Surface Dynamics, University of Lausanne, Switzerland

€ German Remote Sensing Data Center (DFD), German Aerospace Center (DLR), Germany

f Department of Geography, University of Bonn, Germany

8 Department of Architecture, National University of Singapore, Singapore

1 Department of Civil and Environmental Engineering, National University of Singapore, Singapore

ARTICLE INFO ABSTRACT

Keywords:

Urban morphology
Urban expansion
Pluvial flood
Flood resilience

Urban expansion alters landscape structure and hydrological processes, heightening pluvial flood risks in cities
worldwide. This study integrates multi-temporal urban expansion data with the CAFlood cellular automata
model to simulate rainfall events with multiple return periods (i.e., 1-in-10, 1-in-100, and 1-in-200 year return
periods) across three different urban environments: Shenzhen (China), suburban Houston (United States), and
Lausanne (Switzerland). To quantify how evolving urban morphology drives flood volume, we computed key
landscape metrics describing impervious extent (percentage of impervious surface), green space shape
complexity (Area-weighted Mean Shape Index), green space aggregation (Aggregation Index), and impervious
edge complexity (Landscape Shape Index). Their effects on changes in flood volume were analysed with
Generalised Additive Models stratified by levels of pre-expansion impervious cover. The results show that
decreasing green space aggregation and impervious edge complexity are consistently significant indicators of
increased flood volumes, particularly in areas with low pre-expansion impervious cover (<50 %). However, the
influence of these two key morphological indicators decline as impervious coverage increases, with total
imperviousness gradually becoming the dominant factor. Sensitivity experiments with synthetic urban fabrics
confirm that maintaining compact, well-connected green spaces can limit the increase in flood volume even with
when impervious surfaces expand equally. By explicitly linking the morphological changes in urban form to
pluvial flood response across diverse climates and urbanisation context, this study moves beyond static ap-
proaches and provides actionable insights for planning flood-resilient urban growth.

1. Introduction permeable land with impervious surfaces that impede infiltration

(Rosenberger et al., 2021) and often encroach on hazard-prone zones

1.1. Urban expansion and rising pluvial flood risks

Urban flooding is a growing global challenge driven by climate
change and rapid urbanisation (Jian et al., 2020; Rentschler et al.,
2023). Climate change is altering precipitation patterns, leading to an
increase in the frequency and intensity of extreme rainfall events
(Fowler et al., 2021; Moustakis et al., 2021; Tradowsky et al., 2023).
Concurrently, cities expand into natural and rural areas, replacing

(Rentschler et al., 2023), and modify natural drainage systems (Tran
et al., 2024). These processes have substantially increased pluvial flood
frequency and magnitude worldwide (Muis et al., 2015), underscoring
the importance of producing effective and generalisable strategies for
flood-resilient urban development.

Urban green spaces are widely recognised as an effective nature-
based solution for mitigating pluvial flooding by enhancing infiltra-
tion, evapotranspiration, and thus reducing runoff (Li et al., 2020; Su
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et al., 2024). These benefits have prompted strong advocacy for inte-
grating green infrastructure into urban drainage strategies (Baida et al.,
2024; Huang et al., 2020a). More recently, rather than only focusing on
the influence of the spatial extent of impervious or pervious surfaces on
flooding, efforts have begun to examine how the spatial configuration of
green spaces and built-up areas influences flood dynamics (Kim & Park,
2016; Mabrouk et al., 2024; Zhu et al., 2024). Studies show that higher
fragmentation and greater shape complexity disrupt green-space conti-
nuity, shorten flow paths, and accelerate surface runoff, increasing peak
discharge and flood risk (Li, et al., 2023). The connectedness of green
spaces also affects flooding by forming multi-scale ecological corridors
and infiltration pathways that store rainwater, slow overland flow, and
directly influence the size of inundation areas during flood events (Dai &
Tan, 2024). Likewise, high edge density of impervious surfaces can
fragment and degrade natural drainage networks, causing faster and
more concentrated runoff that elevates flood hotspot density (Lin et al.,
2023). Building footprints with complex or irregular edges further
amplify flood hazards by obstructing and redirecting runoff, constrain-
ing drainage paths, and creating backwater effects that elevate local
flood volume (Zhu et al., 2024). These findings demonstrate that, even
with the same total amount of impervious and pervious areas, the spatial
morphology of urban landscapes, such as fragmentation of green space
and edge density of impervious surfaces, can affect pluvial flooding (Lin
et al., 2023; Zhang et al., 2015).

1.2. The changes in urban morphology and pluvial flooding during
urbanisation

However, most existing studies linking urban morphology and
pluvial flooding rely on static representations of urban patches,
capturing landscape configuration and flood conditions at a single
instance in time (Balaian et al., 2024; Lin et al., 2023). This approach
can not reflect the inherently dynamic nature of urban expansion, which
involves spatio-temporally heterogeneous changes in land surface and
the built environment (Fenta et al., 2017). Consequently, studies relying
on static representations of urban patches often overlook how the
transformation of urban morphology influences the changes in flooding
during the process of urbanisation.

Only a limited number of studies have attempted to examine how
temporal changes in urban morphology influence floods (Idowu & Zhou,
2023; Mabrouk et al., 2024). Notably, urban growth encompasses not
only outward expansion but also densification and redevelopment
within existing boundaries, resulting in complex, evolving morpholog-
ical patterns over time (Broitman & Koomen, 2015; Chakraborty et al.,
2022). However, previous studies investigating the influence of tem-
poral urban morphology changes on flooding tend to rely on the
simplified typologies of urban growth. For instance, Idowu & Zhou
(2023) conducted a correlation analysis employing three broad urban
expansion typologies (i.e., infill, leapfrog, or edge expansion), reporting
that leapfrog and edge expansion were more associated with high flood
risk, whereas infilling shows only a weak association. In contrast,
Mabrouk et al. (2024) applied long-term flood-risk mapping based on
satellite imagery and GIS analysis, finding that unplanned infill devel-
opment showed the strongest correlation with flood-vulnerable zones.
These seemingly misaligned findings may stem from the broad cate-
gories of expansion typologies used in both studies. Given that broad
typologies often encompass a wide range of morphological variations,
resulting in high internal heterogeneity, categorising urban expansion
patterns into a few main types may overlook finer-scale characteristics
(Dibble et al., 2019), such as changes in shape complexity and edge
configuration. These variations can be further amplified by local
context, geographic setting, and planning regimes (Li, et al., 2021;
Wang, et al., 2024). As a result, such broad categories of expansion ty-
pologies may oversimplify spatial heterogeneity of urban expansion and
may lead to inconsistent interpretations about the dynamic interaction
between urban form and flooding.
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Urbanisation is also a cumulative process that progressively replaces
natural land covers, fragments green spaces, and disrupts their spatial
connectivity (Li et al., 2019; Wang et al., 2022). This reduces both local
ecological functions and landscape-scale capacities for surface runoff
regulation (Mitchell & Devisscher, 2022; Xu et al., 2020). In addition,
previous studies have shown that the ecological performance of green
spaces under urbanisation may exhibit threshold effects, where
ecological functions decline sharply once a critical limit is crossed
(Alberti & Marzluff, 2004; Ran et al., 2023; Xu et al., 2016). However,
there is a lack of thorough investigation into whether similar threshold
effects apply to their hydrological functions, particularly in surface
runoff regulation. As such, a significant research gap persists in under-
standing how morphological changes in urban landscapes at different
stages of urbanisation influence runoff production and flood risk.

1.3. Research questions and significance

Considering these research gaps, this study investigates how changes
in urban morphology influence pluvial flooding, moving beyond previ-
ous literature that relied mainly on single-timepoint or broad urban-
expansion typologies. Specifically, it focuses on three key questions:
(i) Which morphological characteristics of urban landscape (i.e., green
spaces and impervious surfaces) most influence changes in pluvial
flooding during urbanisation? (ii) Do the effects of these morphological
changes vary across different levels of impervious surface coverage? (iii)
What are the implications for planning flood-resilient urban expansions?
To address these questions, we integrate multi-temporal urban expan-
sion data with the CAFlood cellular automata model to simulate a series
of comparable flood scenarios under multiple return-period events (1-in-
10, 1-in-100, and 1-in-200 year return periods), ensuring consistent
evaluation of flood responses in a variable-controlled manner. We then
apply Generalised Additive Models (GAMs) to quantify relationships
between evolving landscape metrics and flood volume, allowing detec-
tion of nonlinear responses and threshold effects. This combined
framework provides a dynamic, indicator-specific, and cross-context
assessment of how urban morphology influences potential pluvial
flooding. By quantifying how changes in urban form configuration
associate with flood dynamics, the study advances understanding
beyond static or typology-based analyses and offers actionable guidance
for flood-resilient urban planning.

2. Materials and methods
2.1. Study areas and datasets

Three study areas were selected for analysis: (i) Shenzhen, (ii) a
suburban area of Houston, and (iii) Lausanne (Fig. 1). These areas were
chosen based on the availability of urban expansion datasets and high-
resolution DEM data required for pluvial flood simulation, as well as
their distinct climatic and terrain conditions, thus aiming to provide a
sufficiently broad perspective to allow some general conclusions.
Shenzhen, located in the Pearl River Delta of southern China, has a
subtropical monsoon climate characterised by hot and humid summers,
as well as frequent intense rainstorms and occasional typhoons (Tian
et al., 2022). The suburban area of Houston lies in the Gulf Coast region
of the United States, with a humid subtropical climate, low elevation,
and high exposure to extreme precipitation from tropical storms and
sporadic hurricanes (Zhu et al., 2021a). Lausanne, situated on the
northern shore of Lake Geneva in Switzerland, has a hilly terrain and a
temperate climate with relatively moderate rainfall intensities
(Vavassori et al., 2023). Comparing these three distinctive urban areas
allows an assessment of whether the identified relationships between
urban morphology and pluvial flooding hold across contrasting climatic,
topographic, and planning contexts. This strengthens the robustness of
the analysis and can potentially provide generalisable insights for
translating research outcomes into urban flood management and
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Fig. 1. The datasets of urban expansion in three study areas: (a) the urban expansion of Shenzhen from 1995 to 2020, (b) the expansion of Lausanne from 1987 to

2015, and (c) the expansion in a suburban area in Houston from 1985 to 2015.

land-use planning strategies.

The urban expansion data were collected from multiple sources. The
data of Shenzhen was extracted from remote sensing imagery (i.e.
Landsat series) with a 5-year interval from 1995 to 2020, with a 10m
spatial resolution, using deep-learning-based methods for data
augmentation (Zhu et al., 2021b) and multitemporal land cover classi-
fication (Zhu et al., 2021c). The urban expansion data of Houston was
derived from the dataset of World Settlement Footprint (WSF) 2015
(Marconcini et al., 2020), and is available from 1985 to 2015 with a
10-year interval and a 30m spatial resolution. The urban expansion data
of Lausanne was collected from the Atlas of Urban Expansion (Angel
et al., 2012), which is an open-source database of satellite imagery. The
data is available for three years, 1987, 2011, and 2015, with a 30m
spatial resolution. All the three urban expansion datasets were resam-
pled from 30m spatial resolution to 8m resolution using Nearest
Neighbour in ArcGIS to match the spatial resolution of flood simulation.
Considering that the start and end years differ among these datasets, the
analysis focuses on morphological change between subsequent time
steps within each city and the corresponding flood response, rather than
analysing trends on reconstructed time-series that would require iden-
tical temporal intervals. The slightly different time intervals across the
three case studies also increase the diversity of real-world urbanisation
scenarios represented and strengthen the evaluation of whether the re-
lationships between morphological change and flood response hold
under different urban expansion contexts. All urban-form indicators
were normalised to enable direct comparison of change magnitudes
across the three cities and their different time spans.

2.2. Pluvial flood simulation

The main objective of this study is to quantify how changes in urban
landscape morphology influence potential pluvial flood volume, and
therefore, the modelling framework was designed to focus on overland
flow processes in a controlled and comparable manner across cities. Data
of pluvial flood maps were generated using CAFlood (Guidolin et al.,
2016), which is a cellular automata model that has been widely
employed in studies of urban floods (Huang et al., 2020b; Pallathadka
et al., 2022; Rasool et al., 2025; Zhu et al., 2024). The CAFlood model
was selected for this study because it provides a highly efficient, phys-
ically consistent cellular automata framework well suited for large-scale
or data-limited urban applications (Guidolin et al., 2016). Unlike con-
ventional hydrodynamic models that require detailed knowledge of the
drainage system, CAFlood enables consistent, scenario-based

comparisons of flood response under controlled rainfall and land-use
conditions. Other widely used urban drainage models such as SWMM
(Gironas et al., 2010) and MIKE URBAN (DHI, 2013) are primarily
designed for detailed sewer and pipe-network hydraulics, thus requiring
extensive sewage system data (rarely available) and often do not
consider spatial configuration of vegetation, making them less suitable
for isolating landscape-morphology effects on overland flow and for
large-scale scenario testing. Other advanced urban flood models as
tRIBS-OFM offer more rigorous process representation (J. Kim et al.,
2012), but at the expense of very large computational times.

CAFlood has been validated in previous research through bench-
marking against the industry-standard methods, presenting a strong
agreement for simulation in both natural terrain and urban areas
(Guidolin et al., 2016; Wang et al., 2018). It should be noted that
because CAFlood does not account for underground drainage networks,
this is treated implicitly by modifying the infiltration rate of impervious
surface, which leads to a simplified representation of the complex in-
teractions between underground and surface flows. Nevertheless,
CAFlood provides an optimal combination of spatially heterogeneous
infiltration representation and computational scalability, as proven in
the relevant literature.

One of the key inputs for flood simulation is DEM data. The DEM data
of Shenzhen is collected from TanDEM-X with 12-meter spatial resolu-
tion (Zink et al., 2017), the DEM data of Houston is from the 3D
Elevation Program (3DEP) with 10m spatial resolution (United States
Geological Survey, 2021), and the DEM data of Lausanne is from Swis-
SsALTI3D with 2m spatial resolution (Wiederkehr & Mori, 2013). For
pluvial flood simulations, the DEM data for all three study areas were
resampled to an 8m spatial resolution to avoid introducing discrepancies
in the simulation approach.

For each available urban land cover map across the three study areas,
three rainfall events of varying intensity were simulated, representing
30-minute rainfall with return periods of 1-in-10-year, 1-in-100-year,
and 1-in-200-year, respectively, with the corresponding rainfall in-
tensities listed in Table 1. The rainfall intensity values were derived from
the Intensity-Duration-Frequency (IDF) curves specific to each study
area, collected from official sources released by national or regional
agencies, including the Geotechnical Engineering Office of Hong Kong
SAR (GEO, 2023), the US National Weather Service (2025), and the
Federal Office of Meteorology and Climatology in Switzerland
(MeteoSwiss, 2022). As included in Appendix A, the three IDF curves
reveal distinct climatic features. The flood simulation for Shenzhen
adopted the IDF curves from the adjacent city of Hong Kong, as the two
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Table 1

Simulation setup for pluvial flooding in the three study areas. Each area is
simulated under three different rainfall scenarios (i.e., 1-in-10-year, 1-in-100-
year, and 1-in-200-year return periods), using spatially heterogeneous infiltra-
tion rates corresponding to the impervious cover extent of each year.

Shenzhen, Houston, US Lausanne,
China Switzerland
Rainfall 1-in-10-year 150 mm/h 60 mm/h 27 mm/h
intensity 1-in-100- 200 mm/h 88 mm/h 42 mm/h
(30min year
duration) 1-in-200- 220 mm/h 98 mm/h 52 mm/h
year
Infiltration Impervious 30 mm/h 16 mm/h 23 mm/h
rate surface (30% (30% (100%
drainage drainage drainage
efficiency) efficiency) efficiency)
Pervious 50 mm/h 50 mm/h 50 mm/h
surface

cities share very similar rainfall patterns and are often considered part of
the Greater Bay Area, a region characterised by generally similar cli-
matic conditions in many previous studies (Qiang et al., 2020; Tan et al.,
2023). Overall, the three IDF curves capture substantial variability in
rainfall intensity across climatic regions, thereby enhancing the gen-
eralisability of the findings on potential pluvial flood occurrence.
Additionally, the slope tolerance (a minimum slope threshold applied to
avoid the zero-slope instability) was set to 0.1 % for all simulations,
following the configuration previously validated as optimal for urban
pluvial flood simulation (Guidolin et al., 2016).

A binary infiltration mask was generated for each land cover map:
urban areas were classified as impervious surfaces, while vegetation and
water bodies were treated as pervious surfaces. This setup allows each
flood simulation to capture the influence of urban morphological
changes at different stages of expansion in a simplified but effective way.
The infiltration rate for pervious surfaces was set at 50mm/h, corre-
sponding to the typical infiltration capacity of moist loam soil with
dense vegetation as suggested in the SWMM manual (Rossman, 2015).
Although heterogeneous underground drainage networks can influence
how surface runoff is removed, incorporating them, even when data is
available, would complicate the study of urban-form effects because
drainage capacity vary within each city, and it would introduce
city-specific confounding effects that reduce the comparability of
cross-city analyses. Instead, CAFlood allows to mimic the efficiency of
the urban drainage network, by applying a spatially homogeneous
infiltration rate on impervious surfaces to represent the overall effect of
the drainage system. The infiltration rates for impervious surfaces were
defined to represent drainage capacity, with full capacity corresponding
to the ability to fully rainfall intensity of a 5-year return period event,
which is commonly regarded as the design target for urban drainage
systems in city centres (Butler et al., 2018). To ensure that the effective
infiltration of impervious surfaces remains below that of pervious sur-
faces, impervious surfaces were assigned a drainage efficiency of 30 %
for Shenzhen (30 mm/h) and Houston (16 mm/h), and 100 % for Lau-
sanne (23 mm/h).

In total, 36 rainfall events with varying urban landscape morphology
were simulated. After generating pluvial floodwater depth maps, the
pluvial floodwater volume within each grid cell was calculated based on
the floodwater depth D; and inundation area A; at each location, using
the following formula: Vi = Y (Aj x Dj). The change in flood
volume between two time steps, t; and tp, was then computed as:
Aflood volume = V2

1
total — VEotal'

2.3. Morphological indicators of urban landscape changes

To characterise the morphological changes of green spaces and
impervious surfaces during urbanisation, we employed landscape
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metrics for each time instance of the land cover maps for all the study
areas. The landscape metrics adopted in this study include Percentage of
Landscape (PLAND), Landscape Shape Index (LSI), Area-weighted Mean
Shape Index (AWMSI), and Aggregation Index (AI). Based on these in-
dicators, we derived several measures to capture morphological changes
in urban green spaces and impervious surfaces between consecutive
time steps. Specifically, “AAWMSI green space” reflects changes in the
average shape complexity of green areas, “AAI green space” represents
the variation in the aggregation of green space, and “ALSI impervious
surfaces” indicates changes in the edge complexity of impervious sur-
faces between two spatial maps at specific different points in time.
Additionally, “APLAND impervious ratio” was computed to capture
changes in total impervious surface coverage over time. The definitions
and formulas for each morphological indicator are provided in Table 2.
It should be noted that variations in building height and density were
not included, as they are not dominant drivers of floodwater distribu-
tion, and consistent time-series data of building height were also un-
available. The possible indirect influence of building morphology on
rainfall distribution by modifying surface roughness and wind patterns
is a complex secondary effect (Torello-Sentelles et al., 2025; Yang et al.,
2024) and goes beyond the scope of this study. The analysis therefore
focused on surface urban form under spatially homogeneous rainfall.

2.4. Methods for correlation analysis

To facilitate the correlation analysis, the dependent variables (i.e.,
urban morphological indicators) and independent variables (i.e., po-
tential pluvial flooding metrics) were sampled at neighbourhood scale
using grids. To assess the robustness of the correlation findings to spatial
resolution, a sensitivity test was conducted using sampling grids of
different size (i.e., 400 m, 800 m, 1200 m) based on Spearman corre-
lations. The results suggest that the directional relationships between
the predictor variables and the target variable remain consistent across
grids, and larger grid sizes (e.g., 1000 m and 1200 m) tend to yield
stronger correlations. Therefore, the 1km grid was finally preferred as it
achieves the optimal balance between correlation strength and sufficient
number of grid cells compared with other tested grid sizes. The full
sensitivity to grid size resolution is reported in Figure B1 (Appendix B).
Using the 1 km grids, for each city, urban morphological indicators were
computed for each sampling unit, and total flood volume for different
return periods were also calculated for each grid cell (Figure B2, Ap-
pendix B).

To mitigate multi-colinearlity in correaltion analysis, highly corre-
lated indicators were subsequently removed using Spearman correla-
tion, Variance Inflation Factor (VIF), and tolerance checks. Specifically,
we first conducted a Spearman correlation analysis to ensure that no
pairs of indicators exhibited high pairwise correlation, all correlation
coefficients were below 0.75 across the three study areas (Figure B1,
Appendix B). Subsequently, we performed VIF and tolerance checks to
assess multicollinearity, confirming that all indicators had VIF values
below 3 and tolerance values above 0.4 (Table B1, Appendix B).

GAMs were deployed to model the relationship between changes in
urban landscape morphology and changes in pluvial flooding. GAMs are
widely used in correlation analysis due to their ability to capture com-
plex, nonlinear relationships between predictors and the response var-
iable (Gomez-Rubio, 2018), which has been increasingly adopted in
urban data analysis (Mitchell & Devisscher, 2022; Ravindra et al., 2019).
Before training each GAM, the data was normalised using a scaling
method that preserves zero values and normalises using the interquartile
range (IQR) without centring the data. The scaling method is as follows:
X= g 1R= &-Q
where Q; and Qg3 are the first and third quartiles of the indicator value.
This scaling method was selected to fit the task of modelling changes in
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Table 2
Definitions and equations of morphological indicators of urban landscape
changes.

Indicators Definition Equation
Percentage of  The
landscape percentage of PLANDimperious =
(PLAND) the total Area of impervious surface
impervious landscape <Total area of the sampling unit) x 100
surfaces occupied by
impervious
surface.
Landscape LSI measures LSTimpervious =
Shape how complex 0.25 x Total edge length of impervious srufaces

Index (LSI)
impervious
surfaces

or irregular the
shapes of land
patches are.
For instance,
simple shapes
have low LSI,
whereas twisty
and stretched-
out edges tend

/Total area of the sampling unit

to have high
LSIL
Area-weighed =~ AWMSI n P, A
green green
Mean measures the AWMSlgreen = ZH DT vl
=1 \2,/7A, Avotal
Shape average shape . . green o .
Index complexity of where Py, is perimeter of green patch, Agren is
(AWMSI) land patches, 1ts area
green space  but assigns
more

importance to
larger patches.
For instance, if
the large
patches are
highly
irregular and
twisted in
shape, AWMSI
is high.
Aggregation Aggregation
Index (AD) index of green
green space  space
describes how
aggregated or
clumped green
patches are.
For instance,
Al is high
when patches
are clustered
and form
larger areas,
and low when

max ggreen
where ggreenis the number of like adjacencies
between pixels of green patches, max ggreen is the
maximum number of like adjacencies between
pixels of green patches, based on the single-
count method.

Alyeen = (gg’¢> x 100

they are
dispersed and
fragmented.
A LS The difference A LSIimPEWiUUS = LSI(!rzvmewious - LSI;‘npervious
i;:g:z‘;isous ?ril];;ivious where LSI?}"I?MOUS is the vatlue of L.’.SI impervious
surfaces surfaces at time ty, and LSI o0, iS the value of
between LSI impervious surfaces at time t,.
consecutive
time steps of
land cover
maps.
A Al green The difference A Algeen = Al — Al
space of aggregation where AI.,, is the value of Al green space at
Index green time t;, and AIZ,, is the value of Al green space
space bet-ween at time t,
consecutive )
time steps of
land cover
maps.
A AWMSI The difference A AWMSIgreen = AWMSIgn,m — AWMSI;,M
green space  of AWMSI where AWMSIE, . is the value of AWMSI green

green
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Table 2 (continued)

Indicators Definition Equation

green space is the value of
between
consecutive
time steps of
land cover
maps.
APLAND The ratio of the
impervious percentage of
ratio impervious
surface
between
consecutive

space at time t;, and AWMSIZ,,,

AWMSI green space at time ty,

TAPLAND impervious =
(PLAND‘Z — PLAND! )

impervious impervious

PLAND!

impervious

time steps of
land cover
maps.

urban morphological indicators and flood volume, as it retains both
negative and positive values, which are essential for interpreting
directional changes over time. By scaling with the IQR without centring,
it handles skewed data and reduces the influence of outliers, which can
improve both the interpretability and robustness of GAM estimates.

For each rainfall return period and study area, separate GAMs were
trained using both the full dataset and four stratified subsets defined by
the percentage of pre-expansion urban coverage: (a) less than 25 %; (b)
between 25 % and 50 %; (c) between 50 % and 75 %; and (d) greater
than 75 %. The percentage of pre-expansion urban coverage reflects the
extent to which land within each sampling unit had already been con-
verted from natural to impervious surfaces before subsequent urban
expansion. In the process of training each GAM, the dataset was split
into training and testing sets, with a split ratio of 80 % training and 20 %
testing. Model fitting was performed on the training set, specifically, we
employed a 5-fold cross-validation strategy to fine-tune model param-
eters, including the number of splines, smoothing parameters, and
maximum iteration settings. After identifying the best GAM parameter
for each flooding event, we assessed model performance and robustness
on the testing dataset, using the metrics of R? and adjusted R2.

To facilitate the interpretation of the marginal impact of indicators in
GAMs, Partial Dependence Plots (PDP) were generated to show the
average effect of each indicator on the predicted outcome, holding other
indicators constant (Goldstein et al., 2013), which can highlight the
importance of the indicators of urban morphological changes in relation
to flood volume changes. Moreover, PDP plots were computed with 95 %
confidence intervals to quantify and visualise model uncertainty.

After identifying key morphological indicators, a sensitivity analysis
with synthetic urban fabrics was conducted within the flood simulation
environment to compare the impact of modified morphological char-
acteristics of the urban landscape on changes in pluvial flooding in
varying urban expansion scenarios. This synthetic experiment employed
a 1 km? urban area in Shenzhen with a rainfall event of a 1-in-100-year
return period as the baseline pre-expansion scenario. Building on this
baseline, we constructed a series of comparable urban expansion sce-
narios that share the same total increase in impervious surface but differ
in morphological characteristics along a gradient of key indicator
values. These scenarios represent the transition from low-density to
medium-density development typical of rapidly urbanising areas. By
using this controlled set of scenarios, the experiment disentangled the
influence of urban form from total impervious coverage on pluvial flood
response.

3. Results

3.1. Temporal trends of urban expansion and pluvial flood in the three
urban areas

Before analysing correlations, we performed a statistical analysis of



Y. Zhu et al.

urban landscape morphological indicators for each available year and
the simulated extent of potential pluvial flooding (Fig. 2), to inspect the
similarities and differences in the overall temporal trends across the
three study areas.

In Shenzhen (Fig. 2a), the mean “PLAND impervious surfaces”
increased substantially from 1995 to 2020, indicating rapid urban
expansion, particularly before 2005. During the same period, mean
values of “AWMSI green space” and “LSI impervious surfaces” also rose
before 2005, but then plateaued or even slightly decreased afterwards.
In contrast, the mean “Al green space” declined consistently, reflecting
increasing fragmentation and reduced spatial connectivity of green
infrastructure. These morphological changes corresponded to a marked
rise in the simulated total flood volume across all rainfall return periods.

In Lausanne (Fig. 2b), most landscape morphological metrics
(PLAND, LSI, and AWMSI) showed steady increases over time, while “Al
green space” slightly decreased over the three analysed periods.
Although total urban flood volume increased substantially, flood volume
per unit impervious area remained relatively stable across all return
periods.

For the suburban area in Houston (Fig. 2c), “PLAND impervious
surface” increased sharply since 1995, accompanied by significant de-
clines in “Al green space”. However, changes in “AWMSI green space”
were less pronounced than in Lausanne, and “LSI impervious surfaces”
even declined after remaining relatively stable prior to 2005. In terms of
flooding, total flood volume rose sharply, but flood volume per unit
impervious area slightly decreased, showing a distinct trend compared
to the other two cities.

Overall, some similar patterns across the three cities can be observed,
including an increase in total impervious surfaces accompanied by
reduced green-space aggregation and higher total flood volume, yet
nuanced variations emerge. Specifically, in Shenzhen, rapid expansion
under a humid subtropical monsoon climate and low-lying coastal
terrain likely contribute to the steep increase in flood volume. In Lau-
sanne, steady urban growth on sloping terrain with relatively minor loss

(a) Shenzhen, China

Changes in urban landscape morphology 1e7

Total flood volume
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of green-space aggregation, together with lower rainfall intensity and
long-standing green-space planning, may explain the more moderate
increase in total flood volume. In Houston, flat areas with a humid
subtropical climate prone to heavy storms and a substantial loss of
green-space aggregation likely drive the sharp rise in total flood volume.
These statistics also highlight that both urban landscape morphology
and flood volume exhibit diverse temporal patterns during the process of
urban expansion. Notably, flood volume per unit of impervious area
fluctuated over time and did not show a clear or proportional relation-
ship with either the increase in total flood volume or the expansion of
urban extent. This remarks the dominant role of “PLAND impervious
surface” but also suggests the importance of further exploring how the
dynamics of urban landscape patterns influence pluvial flooding during
urban expansion.

3.2. Overadll relationship between changes in urban morphology and
pluwvial flooding

The PDPs from the GAMs trained on data samples representing all
levels of pre-expansion urban coverage are illustrated in Fig. 3. Across
all three study areas, a consistent and statistically significant negative
relationship is observed between changes in green space aggregation (i.
e., AAI green space) and the changes in pluvial flood volume under most
rainfall scenarios across varying return periods. Similarly, the edge
complexity of impervious surfaces (i.e., ALSI impervious surfaces) also
presents a negative relationship with Aflood volume. In contrast,
changes in green space shape complexity (i.e., AAWMSI green space)
exhibit positive associations with Aflood volume. Although “APLAND
impervious ratio” shows statistical significance (p < 0.001) with Aflood
volume across all the study areas with all the rainfall return period
events, their wide 95 % confidence interval (CI) indicates great uncer-
tainty in the estimated relationship or effect, when trained with all the
data samples.
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Fig. 2. Statistical summary of temporal changes in urban landscape morphology and pluvial flooding during urban expansion across the three study areas: (a)
Shenzhen, China; (b) Lausanne, Switzerland; and (c) a suburban area in Houston, US. In each subfigure, the box plot on the left illustrates changes in the distribution
of landscape morphological indicators over time; the line chart in the middle shows the total flood volume across the entire urban area for each year; and the right

line chart presents the flood volume per unit impervious area.
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Fig. 3. Partial dependence plots showing the marginal effects of changes in urban landscape morphological indicators on pluvial flood volume, simulated using three
return periods for rainfall extremes, across the three study areas: (a) Shenzhen, China; (b) a suburban area in Houston, US; and (c) Lausanne, Switzerland. The plots in

each subfigure were generated using all data samples within each study area. *** indicates p < 0.001; ** indicates p < 0.01; * indicates p < 0.05; - indicates p < 0.1;

ns denotes a non-significant result (p > 0.1).

3.3. Relationship between changes in urban morphology and pluvial
flooding at different urbanisation stages

To gain an in-depth understanding of the intricate relationships be-
tween the dynamics of urban landscape and pluvial flooding, we con-
ducted an analysis using four stratified subsets based on pre-expansion
urban coverage (i.e., <25 %, 25-50 %, 50-75 %, >75 %), which serves
as a proxy for indicating the stage of urbanisation. It can be observed
that the association between changes in urban morphological indicators
and Aflood volume varies in magnitude across different levels of pre-
expansion urban coverage in all three study areas (Figs. 4, 5, and 6).

Considering the results of low pre-expansion urban coverage (<25
%) in Shenzhen (Fig. 4a), “AAI green space” and “ALSI impervious
surfaces” consistently emerged as relatively important indicators influ-
encing Aflood volume across the three study areas. For instance, an
increase in the normalised “AAI green space” from -1.0 to -0.5 is pro-
jected to decrease Aflood volume (1-in-100 year) from -0.59 to -1.37
relative to the average predicted Aflood volume, corresponding to a
reduction in Aflood volume from -1391 m® to -3250 m® (A1853 m®).
“ALSI impervious surfaces” presents a relatively weaker negative rela-
tionship with Aflood volume, an increase from -1.0 to -0.5 is projected to
decrease Aflood volume (1-in-100 year) from 0.66 to 0.59, corre-
sponding to a reduction from 1574 m? to 1405 m? (A169 m3). At this

stage, “APLAND impervious ratio” has minimal influence on Aflood
volume. As pre-expansion urban coverage increases to 25-50 %
(Fig. 4b), “AAI green space” remains significant but shows reduced ef-
fect sizes, an increase from -1.0 to -0.5 is projected to decrease Aflood
volume (1-in-100 year) from -0.04 to -0.25, corresponding to a reduc-
tion in increased flood volume from -93 m® to -590 m* (A497 m3),
indicating a decreased flood-regulating capacity. Meanwhile, the influ-
ence of “APLAND impervious ratio” begins to increase. With 50-75 %
pre-expansion coverage (Fig. 4c), “AAI green space” continues to show
negative correlations with flood volume, though both the strength and
statistical significance of these associations further decline, the same
increase from -1.0 to -0.5 is projected to decrease Aflood volume (1-in-
100 year) from 0.02 to -0.08, corresponding to a reduction in decreased
Aflood volume from 52 m® to -197 m® (A249 m3), and the Aflood vol-
ume for >75 % pre-expansion coverage is projected to decrease from
-0.11 to -0.12, which is from -259 to -281 m® (A22 m®). At very high
levels of urbanisation (>75 %) (Fig. 4d), the influence of all three
morphological indicators of urban landscape becomes negligible, with
confidence intervals approaching zero. In contrast, the “APLAND
impervious ratio” emerges as the dominant factor associated with
Aflood volume.

Similar association patterns can also be observed in the results for
Houston (Fig. 5) and Lausanne (Fig. 6). The association between changes
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Partial dependence
A flood volume (normalised by IQR)
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Fig. 4. Partial dependence plots showing the marginal effects of changes in urban landscape morphological indicators on pluvial flood volume, simulated using three
return periods for rainfall extremes, and data from the study areas in Shenzhen, China. Each subfigure presents plots generated from a subset of data samples grouped
by the percentage of pre-expansion impervious surface coverage: (a) less than 25%; (b) between 25% and 50%; (c) between 50% and 75%; and (d) greater than 75%.
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Fig. 5. Partial dependence plots showing the marginal effects of changes in urban landscape morphological indicators on pluvial flood volume, simulated using three
return periods for rainfall extremes, and data from the study areas in Houston, US. Each subfigure presents plots generated from a subset of data samples grouped by
the percentage of pre-expansion impervious surface coverage: (a) less than 25%); (b) between 25% and 50%; (c) between 50% and 75%; and (d) greater than 75%. ***
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Fig. 6. Partial dependence plots showing the marginal effects of changes in urban landscape morphological indicators on pluvial flood volume, simulated using three
return periods for rainfall extremes, and data from the study areas in Lausanne, Switzerland. Each subfigure presents plots generated from a subset of data samples
grouped by the percentage of pre-expansion impervious surface coverage: (a) less than 25%; (b) between 25% and 50%; (c) between 50% and 75%; and (d) greater

than 75%.

in urban landscape morphology and Aflood volume is strongest at low
levels of pre-expansion urban coverage and becomes negligible as ur-
banisation intensifies. In both Houston and Lausanne, the magnitudes of
“AAI green space” and “ALSI impervious surfaces” also lose significance
beyond 75 % pre-expansion urban coverage. Specifically, in Houston, an
increase in the normalised “AAI green space” from -1.0 to -0.5 is pro-
jected to decrease the 1-in-100-year Aflood volume from -0.72 to -1.30
(A2299 m?) for low pre-expansion urban coverage (<25 %), from -0.09
to -0.24 (A619 m®) for coverage between 25 and 50 %, from 0.13 to
-0.02 (A587 m®) for coverage between 50 and 75 %, and only from 0.03
to -0.01 (A152 m®) for areas with pre-expansion urban coverage
exceeding 75 %. Additionally, while “AAWMSI green space” appears
positively associated with Aflood volume in the full dataset, it does not
exhibit a consistent directional association across the four stratified
subsets under all rainfall scenarios and across all three cities.

A summary of the performance assessment of the GAM models is
presented in Table 3, including models trained with the full dataset as
well as those trained on stratified subsets. In all three cities, R? and

Table 3

“** indicates p < 0.001; ** indicates p < 0.01; * indicates p < 0.05; - indicates p < 0.1; ns denotes a non-significant result (p > 0.1).

adjusted R values are consistently higher in the stratified models,
indicating improved explanatory power when accounting for baseline
urbanisation levels. This enhanced performance highlights the impor-
tance of stratifying by pre-expansion impervious coverage when
modelling the hydrological impacts of urban morphological change, and
further supports the presence of threshold effects whereby the influence
of morphological indicators varies across different stages of
urbanisation.

Additionally, we conducted two sensitivity tests to examine whether
the results are sensitive to variations in (i) infiltration rates of imper-
vious surfaces and (ii) rainfall intensity, using Houston and Shenzhen as
representative cases. The tested infiltration rates span four drainage
efficiency scenarios for Houston: 0 %, 30 %, 50 %, and 70 %, corre-
sponding to infiltration rates of 0, 16, 26, and 36 mm/h, respectively
(Figure C1, Appendix C). The results show that both the relative
importance of morphological change indicators and the threshold effects
remain consistent across these scenarios, indicating that the main con-
clusions are robust to the assumed drainage efficiency. For the second

Performance of the GAM models across all study areas and rainfall scenarios, evaluated using all data samples as well as subsets grouped by pre-expansion urban
coverage (i.e., less than 25%, 25-50%, 50-75%, and over 75%). Model performance is assessed on the test set using R? (first row) and adjusted R? (second row).

Shenzhen, China Houston, US Lausanne, Switzerland
all <0.25 0.25- 0.5- > 0.75 all < 0.25 0.25- 0.5- > 0.75 all < 0.25 0.25- 0.5- > 0.75
0.5 0.75 0.5 0.75 0.5 0.75
1-in-10 R? 0.37 0.78 0.91 0.85 0.87 0.80 0.91 0.93 0.95 0.89 0.39 0.65 0.63 0.57 0.44
year adj. 0.37 0.78 0.91 0.84 0.87 0.80 0.91 0.93 0.94 0.88 0.35 0.55 0.43 0.21 0.29
R?
1-in- R? 0.34 0.75 0.87 0.78 0.81 0.70 0.86 0.89 0.84 0.70 0.56 0.72 0.91 0.91 0.86
100 adj. 0.34 0.74 0.87 0.77 0.81 0.70 0.85 0.89 0.82 0.67 0.53 0.65 0.87 0.84 0.82
year R?
1-in- R? 0.35 0.74 0.86 0.80 0.80 0.67 0.84 0.89 0.79 0.67 0.54 0.65 0.93 0.84 0.77
200 adj. 0.35 0.73 0.86 0.79 0.79 0.67 0.83 0.88 0.77 0.63 0.50 0.55 0.89 0.71 0.71
year R?
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sensitivity test with perturbations on rainfall intensity, using Shenzhen
as the study area and the 1-in-100-year, 30 min rainfall event as the
baseline, we perturbed rainfall intensity by +20 %. As shown in
Figure C2 (Appendix C), the partial dependence patterns and the overall
model performance remain consistent and stable across the -20 % (169
mm/h), baseline (200 mm/h), and +20 % (240 mm/h) rainfall sce-
narios, indicating that the conclusions are not sensitive to moderate
variations in storm intensity.

3.4. Sensitivity test with synthetic urban expansion scenarios

Since the statistical analysis identified “AAI green space” and “ALSI
impervious surfaces” as key indicators of changes in flood volume, as
shown in the stratified analysis across the three study areas (Figs. 4-6),
we further focused on them by examining their effects using synthetic
urban expansion scenarios (Fig. 7). The initial urban patch had a pre-
expansion urban coverage of 26 %, with the corresponding simulated
flood volume as 63835 m® for a 30 min rainfall duration with a 1-in-100-
year return period. Using this as a baseline, we generated eight urban
expansion scenarios, each resulting in approximately a 20 % increase in
impervious surface area (i.e., reaching 46 % total urban coverage), but
differing in landscape morphology. These scenarios were specifically
designed to vary the aggregation and edge complexity of landscape
patterns, with the goal of reflecting the effects of changing “AAI green
space” and “ALSI impervious surfaces” on flood volume. These scenarios
systematically varied two key indicators by manually adjusting the

Sustainable Cities and Society 135 (2025) 107018

urban expansion patterns, while keeping the total expansion area con-
stant to enable disentangling the influence of landscape configuration
from that of total impervious area, which is a dominant control. Con-
nectivity was not explicitly enforced, as green-space connectivity rep-
resents a composite property of urban form that cannot be fully isolated
or represented by a single quantitative indicator.

The eight scenarios correspond to typical urban growth modes,
including compact corridor development (i.e., scenarios 1 and 2),
compact outward expansion (i.e., scenarios 5 and 6), and irregular edge
expansion (i.e., scenarios 3, 4, 7, and 8). These different types of sce-
narios not only reflect the variations in AAI and ALSI but also capture a
realistic spectrum of potential urban expansion pathways. In this
manner, the synthetic test enables a quantitative comparison of how
multiple morphological metrics interact in shaping flood response. By
generating expansion scenarios with varying “AAI green space” values
that represent different urban growth typologies, we necessarily induced
variations in “ALSI impervious surfaces” and other form indicators,
which were also quantified. Changes in these indicators and associated
Aflood volume can be compared to reveal how similar changes in one
metric may lead to distinct hydrological responses under different co-
varying morphological conditions.

As shown in the scatter plot in Fig. 7, “AAI green space” and “ALSI
impervious surfaces” tend to be negatively correlated across the eight
scenarios. This is likely because newly expanded urban areas often
fragment existing green spaces, reducing their aggregation (AAI) while
simultaneously increasing the edge complexity of impervious areas
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Fig. 7. Sensitivity analysis of how variations in key urban morphological indicators affect simulated flood volumes using eight synthetic urban expansion scenarios.
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(ALSI). The lower bar chart in Fig. 7 presents the corresponding Aflood
volume for each scenario. It is evident that scenarios that maintain green
space compactness, tend to result in relatively lower increases in flood
volumes. For instance, scenarios 5 and 6 feature small changes in “AAI
green space” (around -0.2), the 20 % increase in impervious surface in
these two scenarios results in Aflood volumes of approximately +1850
m?. In contrast, scenario 3, with a much larger reduction in “AAI green
space” (around -1.5), representing more fragmented and irregular green
space, yields a Aflood volume of about +2500 m?, which is around 35 %
higher than scenario 5.

The negative association between “ALSI impervious surfaces” and
Aflood volume can be observed when comparing scenarios 3 and 7,
which have very similar values of “AAI green space”, but scenario 3 has
a lower value of “ALSI impervious surfaces” and exhibits higher Aflood
volume than scenario 7. This suggests that when green spaces face a
similar level of fragmentation, increased edge complexity of impervious
surfaces may help mitigate flood volume increases.

Notably, the effects of “AAI green space” on Aflood volume are not
strictly linear. For instance, although scenario 8 exhibits the largest
reduction in “AAI green space” (around -2.4), the corresponding Aflood
volume is around +2200 m?®, which is about 12 % lower than that of
scenario 3, whereas scenario 3 features a smaller reduction in “AAI
green space”. This may be due to the higher “ALSI impervious surfaces”
values in scenario 8 partially offset its negative impact of reduced green
space aggregation. This observation may suggest that, while “AAI green
space” and “ALSI impervious surfaces” are each negatively associated
with Aflood volume, improvements in one metric may come at the
expense of the other.

4. Discussion
4.1. Threshold effects of green space morphology

Among all the tested morphological indicators of urban landscape
changes, “AAI green space” appears to be a strong and consistent in-
fluence on change in flood volume in stratified analysis across all three
cities, underscoring the critical role of green space connectivity and
aggregation in flood regulation, which aligns with existing studies (Dai
& Tan, 2024; Kim & Park, 2016; Zhang et al., 2024). This relationship
likely arises because aggregated and well-connected green spaces
enhance infiltration and surface water retention disrupting the con-
centration of runoff, thereby reducing flood volume. In contrast, frag-
mented or isolated green patches do not disrupt hydrological continuity
and lead to faster surface flow accumulation.

However, the effects of “AAI green space” on Aflood volume vary
across different levels of pre-expansion urban coverage. The stratified
analysis reveals that the influence of green space morphology on pluvial
flooding is most pronounced in areas with low to moderate urban
coverage (e.g., <50 %), whereas the effects become negligible when
urbanisation intensifies (e.g., >75 %) across all three rainfall return
periods. As reported in the result analysis, in Shenzhen, a 0.5-unit in-
crease (from -1.0 to -0.5) in “AAI green space” is projected to reduce the
1-in-100-year Aflood volume by 1853, 497, 249, and 22 m?® for pre-
expansion urban coverage levels of <25 %, 25-50 %, 50-75 %, and
>75 %, respectively. The corresponding projected reductions in Hous-
ton are 2299, 619, 587, and 152 m?, respectively. Moreover, similar to
“AAI green space”, the negative correlation between “ALSI impervious
surfaces” and Aflood volume also diminished as urbanisation intensifies
(i.e., >75 %).

These results highlight the limitation in existing literature that relies
on broad classifications of urban expansion (e.g., infill, leapfrog, edge
expansion) to study flood dynamics. The misaligned findings reported
by recent studies, some identifying leapfrog and edge expansion as more
flood-prone, while others link infill development to greater flood
exposure (Idowu & Zhou, 2023; Mabrouk et al., 2024), may arise from
the fact that such broad typologies mask important heterogeneities in
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landscape morphological characteristics and baseline pre-expansion
urban coverage.

These patterns also suggest a threshold effect, where the flood
mitigation benefits of an optimal green space morphology substantially
decline, this is the case when urban coverage exceeds a critical level (e.
g., 50-75 %). Such variations and the threshold effect may be attributed
to the different spatial flexibility available for maintaining and config-
uring green spaces under varying degrees of impervious coverage. In
areas with low urban coverage, there is sufficient spatial flexibility to
maintain aggregated green spaces (i.e., higher “AAI green space”),
which are associated with reduced increases in flood volume. This
highlights the importance of preserving compact and well-connected
green spaces from the early stages of urban expansion, where their
benefits of pluvial flooding mitigation are most effective. In contrast, in
highly urbanised areas, green spaces are already scarce and fragmented.
Subsequent urbanisation often takes the form of infill development (Sun
et al., 2013), which further disrupts green space connectivity and limits
its function as a green space network. As a result, pluvial flooding in
such areas tends to be primarily governed by topography and the extent
of impervious surfaces. The stratified analysis provides complementary
insights by showing that when pre-expansion urban coverage is similar
and the aggregation level is controlled, greater edge complexity of
impervious surface may also limit flood volume increases.

Notably, the thresholds identified here should not be interpreted as a
universal break points. Rather, they represent emergent patterns
observed through stratified analysis, in which indicator performance
changes across different levels of urban impervious coverage. The
magnitude of these performances and the exact threshold are likely to
vary with flood intensity and cities, and may also be affected by city-
specific climate, geomorphological and socio-cultural contexts. For
instance, local climate determines rainfall intensity, while socio-cultural
factors can shape variations in urban form characteristics, which in turn
may affect flow paths and infiltration efficiency. These context-specific
factors jointly modulate when critical thresholds can be reached, mak-
ing exact thresholds dependent on the properties of each city, which
highlights the importance of context-specific planning to support long-
term flood resilience.

These results also bring practical implications for urban planning.
During the process of urban expansion, a cap on impervious surface
coverage should be considered to maximise the effectiveness of green
infrastructure in mitigating flood risks. The effective implementation of
an impervious surface cap can be facilitated through cross-departmental
collaboration and appropriate incentive programmes. The results of this
study highlight how important is the coordination among the various
municipal agencies responsible for urban planning in order to achieve an
effective impact of green space management. Institutionalised planning
frameworks and tax incentives or subsidies to developers could, for
instance, foster the aggregation of green spaces. Moreover, in highly
urbanised areas, planning should prioritise reducing or replacing
impervious surfaces with pervious ones and strategically forming or
connecting green spaces to help restore flow disruption and enhance
infiltration capacity, such as retrofitting paved surfaces (e.g., parking
lots, low-traffic roads) with permeable materials, decreasing total
impervious surface to maximise the benefits of positive urban form (e.g.,
aggregated green space).

4.2. Interplay between green space morphology indicators

While both “AAI green space” and “ALSI impervious surfaces” are
associated with Aflood volume, the sensitivity tests with synthetic sce-
narios demonstrate that the influence of these morphological indicators
on flood volume is not strictly linear. For instance, less fragmented green
space may not always result in reduced flood volume (e.g., scenarios 3
and 8). This can be attributed to the fact that changes in landscape
morphology rarely affect a single indicator in isolation. Instead,
improving one morphological indicator often comes at the expense of
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another. For instance, increasing the edges of impervious surface, aim-
ing for a smaller Aflood volume, may result in increased green space
fragmentation (i.e., lower “AAI green space”), which can partially offset
the impact of increased edge complexity, and may lead to a larger Aflood
volume.

Such an interplay also suggests that implementing green infrastruc-
ture for flood mitigation is not a straightforward task that can be ach-
ieved by simply maximising individual morphological characteristics.
This highlights the risk of deriving planning recommendations directly
from correlation analyses and assuming a linear relationship between
individual green space metrics and flood risk. Such assumptions can be
misleading and could suggest that altering a specific green space char-
acteristic will result in a proportional reduction in flooding. Instead,
these relationships in real-world scenarios are more nuanced, context-
dependent, and nonlinear.

Thus, urban planning for flood mitigation should move beyond
simple metrics or one-size-fits-all generalisations and test any specific
intervention in the local context of urban fabric, possibly using high-
resolution hydrological and hydraulic models. However, even in
absence of a detailed and local analysis, a more integrated approach,
such as preserving the aggregation of green space while allowing for
manageable increases in edge complexity, is likely to create some flood
reduction benefit. Recognising and navigating these trade-offs would be
essential for designing green areas that remain effective across different
stages of urbanisation.

4.3. Limitations and future work

While this study provides a robust comparative analysis across three
diverse urban contexts using three different return periods for rainfall
extremes, several simplifications and limitations should be acknowl-
edged. First, not all the factors that influence surface runoff and flood
behaviour in real-world scenarios were included in the flood simula-
tions, certain factors were intentionally simplified to investigate the
flood response of large-scale urban morphological changes under a
controlled and comparable framework. In particular, the simulations
were primarily based on the spatial patterns of surface imperviousness
and homogenous rainfall over the domain. It means we did not account
for various urban features, including city roughness, which may influ-
ence rainfall patterns (Torello-Sentelles et al., 2025; Yang et al., 2024).
Surface imperviousness was simplified into two classes, impervious and
pervious surfaces, this may overlook fine-scale differences in infiltration
capacity across different soils and land covers, such as gravel areas or
vegetated pavements, but allows a variable-controlled comparison
across three distinct urban areas. Also, the heterogeneity of the under-
ground drainage infrastructure was not explicitly considered. Instead,
drainage capacity was approximated through a reference infiltration
rate of impervious areas, which is assumed to represent the drainage
capacity of a standardly designed sewage system. While this approach
enables a controlled and comparable setup across cities, it simplifies
local effects and surface-subsurface interactions in flood simulations.
Moreover, rainfall intensity was assumed spatially homogeneously in all
flood simulations, this may underestimate the influence of spatially
heterogeneous rainfall patterns on flood dynamics (Peleg et al., 2017).
Besides, all rainfall scenarios in this study were set up with a 30-minute
rainfall duration, which provides consistency for cross-city comparison
and a realistic setup for short, high-intensity pluvial flood events, but it
does not correspond to the time of concentration of any specific
sub-catchment in the domain. Additionally, under prolonged rainfall
conditions, the water storage capability of green spaces may decline as
soils gradually reach saturation, potentially reducing their flood miti-
gation effect.

This study adopts flood volume as the metric to examine the effect of
urban morphological changes on pluvial flooding. While flood volume
captures the overall performance of flood depth and inundation area, it
lacks direct fine-grained information on floodwater depth at specific
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locations. In addition, although synthetic scenarios can control the ef-
fects of certain influencing variables (e.g., the proportion of pre-
expansion, the amount of increased urban coverage), they are unlikely
to exhaustively capture all possible morphological configurations of
urban landscape in real-world urban transformations, for instance, fine-
grained interactions between different land use or vegetation types
observed in actual cities are largely underrepresented in synthetic
analyses.

It should also be noted that, since this study focuses on relative flood
responses to urban form changes under controlled design rainfall sce-
narios rather than on reproducing specific historical flood events. Ob-
servations of water depth and flood extent of real events over cities are
rarely available and are often quite discontinuous in space and time
making any validation very challenging (Ivanov et al., 2021). Further-
more, real-world pluvial events across cities will occur with different
rainfall intensities and return periods of the event, and different
drainage conditions, even when data are available, calibrating for those
events could introduce event-specific biases and undermine the goal of
establishing a consistent comparative framework, which is the ultimate
goal of this study. Nevertheless, a sensitivity analysis was conducted by
varying rainfall intensity and infiltration rates representing drainage
efficiency to mimic real-world conditions. The results indicate that
reasonable variations in these key factors do not affect the overall
consistency of the results (Appendix C).

Additionally, certain city-specific factors, such as average elevation
and total urban area, may affect the absolute magnitude of correlation
between changes in urban form indicators and flood response. Although
our analysis focused on temporal changes within each city, where the
DEM was constant and pre-expansion impervious coverage was
addressed through stratified analysis, these contextual differences may
still influence the magnitude of the correlations observed. Therefore, our
results provide indications of relative feature importance and directional
effects rather than direct absolute comparisons between cities. In addi-
tion, flood-mitigation infrastructures associated with socio-economic
conditions, investments and management capacity vary across cities
and were not included in the analysis. This limitation may overlook how
variations in governance, maintenance, and planning policies affect the
effectiveness of green infrastructure and the overall city flood response.

While this study covers three urban areas with diverse terrain fea-
tures and climatic conditions, which enhances the generalizability of the
findings, we acknowledge that the conclusions may not be fully appli-
cable to cities with markedly different urban forms or climate condi-
tions. Future studies could therefore further test generalisability by
examining a broader range of cities experiencing varied intensities of
urbanisation as well as greater geographic and climatic diversity. A
further area of future research would also concern the investigation
about whether the observed relationships remain consistent under
projected rainfall scenarios that account for altered spatial and temporal
rainfall patterns, as well as potential climate change effects and changes
in the long-term water storage capacity of green spaces under prolonged
rainfall durations or after prolonged dry periods. Such explorations may
help inform strategies to ensure the continued effectiveness of green
infrastructure as climate conditions evolve and extreme weather pat-
terns change. Future research could also incorporate vertical urban form
(e.g., buildings) to examine its potential indirect effects on pluvial
flooding when time-series data on vertical urban form changes become
available. Finally, future research could further corroborate the
robustness of this framework and the results of this study by testing the
simulations for specific city context where multiple flood data are
available, including citizen-science reports, gauge-based water-level
observations, and remotely sensed inundation maps for a range of events
encompassing scenarios consistent with those analysed in this study.
With the increasing importance of urban greening, the continuing
development of high-frequency remote sensing technologies and the
growing use of citizen-science approaches, such validation may become
increasingly feasible in the future.
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5. Conclusion

This study examined how changes in urban landscape morphology
influence pluvial flooding in the process of urban expansion, using
multi-temporal data from Shenzhen (1995-2020), Lausanne (1987-
2015), and suburban Houston (1985-2015). By employing GAMs to link
temporal changes in urban landscape morphology with flood volume
variations simulated under 1-in-10-, 1-in-100-, and 1-in-200-year rain-
fall events, the study identified key morphological indicators that in-
fluence the magnitude of increased flood volume during urban
expansion.

Among the analysed indicators of urban form changes, the changes in
aggregation of green space (AAI) and edge complexity of impervious
surfaces (ALSI) emerged as important indicators associated with the
changes in flood volume. Across the three cities, “AAI green space” and
“ALSI impervious surfaces” exhibited a statistically significant negative
relationship with flood volume (p < 0.01 in most cases). This effect was
further quantified in sensitivity experiments with synthetic scenarios, in
which compact and aggregated green space configurations produced
flood volume increases of ~1850 m® under a 20 % expansion of
impervious area, whereas fragmented configurations led to increases of
~2500 m® despite the same total impervious gain.

Another key finding is the presence of a threshold effect based on
pre-expansion urban coverage. The influence of green space morphology
on pluvial flooding is more pronounced in areas with low to moderate
pre-expansion urban coverage (e.g., <50 %), and diminishes beyond a
certain urbanisation threshold (e.g., >75 %), where imperviousness
becomes a more dominant factor influencing pluvial flooding. In support
of this, the stratified GAM models achieved consistently higher explan-
atory power (R? often >0.75 compared to <0.40 in the full-sample
models), underscoring the importance of stratifying by baseline urban-
isation levels and confirming that the influence of morphological in-
dicators varies across different stages of urbanisation.

The overall consistent patterns across the three study areas demon-
strates some degree of generalisability of this threshold effect, but the
specific threshold values may vary in distinctive urban context. These
results underscore the importance of preserving compact, aggregated
green spaces from the early stages of urban growth to mitigate pluvial
floods and thus can guide planning of future urban expansions.
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