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ABSTRACT 17 

Urban pluvial flooding is a complex process shaped by rainfall intensity, drainage system 18 

capacity, and urban infrastructure. While previous studies have mapped flood extents, the 19 

spatiotemporal evolution of drainage saturation and overflow propagation remain insufficiently 20 

explored. This study introduces the Percentage of Node in Flood Assessment (PNFA), 21 

integrating the Flood Expansion Rate (FER) to measure flood spread within drainage networks. 22 

Using the EPA Storm Water Management Model (SWMM), three historical storms (2008, 23 

2019, 2020) and seven returned period scenarios were simulated in Do Lo, Hanoi, Vietnam. 24 

Results reveal that despite variations in rainfall intensity, spatiotemporal flood patterns remain 25 

stable, suggesting predictable flood propagation pathways. FER values range from 0.17 (slow) 26 

to 0.902 (rapid), indicating that system response is highly sensitive to storm intensity. Key 27 

flood-prone areas consistently experience early drainage saturation, pinpointing critical 28 

intervention points. Flood propagation speed and saturation timing are crucial for early warning 29 

systems and emergency response strategies. 30 

This study enhances urban flood risk assessment by incorporating spatiotemporal flood hazard 31 

mapping, which considers the sequence and timing of flood events. These insights are crucial 32 

for flood mitigation, urban planning, and drainage system resilience, highlighting the 33 

importance of time-sensitive flood risk models amid rising extreme weather events. 34 

KEYWORDS 35 

spatiotemporal flood, flood hazard map, urban flood, urban drainage system, pluvial flood, 36 

PNFA. 37 
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GRAPHIC ABSTRACT 38 

 39 

HIGHLIGHTS 40 

● Percentage of Node in Flood Assessment (PNFA) includes temporal and spatiotemporal 41 

analysis. 42 

● 5 spatiotemporal flood quartiles represent flood evolution during the flooding time. 43 

● Flood Expansion Rate (FER) is a measurement assessing the spatiotemporal flood 44 

agility. 45 

● Flood evolution diagram shows the actual flood expansion agility spatiotemporally. 46 

● Spatiotemporal flood hazard map gives new insight to flood management.   47 
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INTRODUCTION 48 

Pluvial flood generally receives less attention from both citizens and researchers because of its 49 

small scale and low-cost damages. Pluvial flood is characterized as scattered in distribution, 50 

sudden onset, spatial and temporal unpredictability, and short duration. A holistic 51 

understanding of this flood type is required but still remains as a challenge for scientists 52 

(Schanze, 2018). At first glance, damages caused by pluvial flood events appear to be less 53 

severe comparing to fluvial flood events. However, pluvial floods annually occur more 54 

frequently on an annual basis (Acosta-Coll et al., 2018). Furthermore, under the influence of 55 

climate change, the number of pluvial floods, which are triggered by intensive rainfall, is 56 

increasing (Kundzewicz and Pińskwar, 2022). Despite causing lower-cost damages per event, 57 

the high frequency of pluvial floods results in annual damage comparable to that of occasional 58 

fluvial flood, especially in megacities (Tanaka, Kiyohara and Tachikawa, 2020).  59 

In addition, urban floods also threaten the public health by its water quality. Combined drainage 60 

systems are employed in most cities worldwide due to their cost-effectiveness. However, these 61 

systems are also a source of contamination during flooding. When the drainage systems 62 

become overloaded, a mixture of rainwater and domestic wastewater overflows through 63 

manholes, resulting in localized flooding around the affected areas. This over-spilled mixture 64 

potentially increases the risk to public health when the dwellers are exposed to it (Nguyen et 65 

al., 2017; Huynh et al., 2019; Olsson, 2019; Beg et al., 2020). As a result, 60% of the global 66 

population living in cities faces health risks from flooding. Furthermore, as rapid urbanization 67 

continues, flood-prone areas expand, placing an increasing number of citizens in danger 68 

(Güneralp, Güneralp and Liu, 2015). Hence, the contribution of domestic wastewater to urban 69 

pluvial flood could not be overlooked. A profound understanding of pluvial floods in the 70 

context of urban areas is necessary to alleviate the pluvial flood damage and mitigate the flood 71 

risk. 72 
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In spite of extensive research, the intricate nature of the drainage system network still poses 73 

challenges for scientists to understand the urban pluvial floods spatially and temporally 74 

(Francipane et al., 2021). The spatial distribution of rainfall, even on a small scale, plays a 75 

crucial role in the evolution of floods due to the complex precipitation patterns (Prokić, Savić 76 

and Pavić, 2019). Moreover, the pathway and intensity of urban floods are subjected to change, 77 

influenced by the heterogeneous characteristics of drainage systems and the dynamic 78 

distribution of storms (Leandro, Schumann and Pfister, 2016). It is essential to consider the 79 

trade-offs between drainage system capacity and spatiotemporal rainfall intensity to understand 80 

the dynamics of flood hazards in urban environments in term of the hydrological and hydraulic 81 

aspects.  82 

This study aims to introduce a novel method for analysing urban pluvial flooding from a 83 

spatiotemporal perspective. The dynamics of flood events were examined, with a focus on their 84 

spatial and temporal distribution. The methodology was applied to an urban area, Do Lo, 85 

located in Yen Nghia Precinct, Ha Dong District, Hanoi, Vietnam, as a representative case 86 

study. The objectives are to: (i) examine the spatiotemporal heterogeneity of urban flood 87 

hazards under extreme rainfall events and (ii) identify key factors influencing flood dynamics 88 

in specific regions. The study aims to provide insights into flood location and intensity, leading 89 

to a spatiotemporal flood hazard map that classifies hazards by both space and time. 90 

Additionally, it proposes a simple method for comparing flood extremes. Integrating time into 91 

flood risk assessment can enhance preparedness, particularly in optimizing resource allocation 92 

for evacuation planning. 93 

This research focused on the hydrological aspect of flood hazards including modelling, 94 

analysing flood speeds, and generating spatiotemporal hazard maps. The paper is structured 95 

into 7 sections: (1) Introduction, providing an overview of spatiotemporal flood analysis 96 

research; (2) Background, presenting the research gaps in flood assessment; (3) Study Area, 97 
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detailing the hydrological characteristics of the case study; (3) Materials and Methods outlining 98 

the Data sources, Research method and PNFA method; (4) Results, presenting modelling 99 

results and PNFA analytical findings; (5) Discussion; and (6) Conclusion. 100 

BACKGROUND 101 

Conceptual physically based models are widely employed to simulate and characterize floods 102 

in urban areas (Getirana et al., 2023; Lameche et al., 2023; Hauser et al., 2024; Sañudo et al., 103 

2024). These models, which specially focus on flood hazards, involve two key concepts: firstly, 104 

the determination of the saturation point in specific locations within the network's manholes; 105 

and secondly, the representation of the flow dynamics of water volume and its connection to 106 

the existing runoff on the streets. The integration of 1D and 2D hydrodynamic models allows 107 

a comprehensive understanding of urban floods (Leandro et al., 2009; Seyoum et al., 2012). 108 

However, the focus of flood management in urban systems primarily revolves around drainage 109 

systems, as they are the key infrastructure objects designed and maintained by humans. Many 110 

studies utilized the EPA Storm Water Management Model (SWMM) to estimate the location 111 

and intensity of inundation by identifying saturation points in manholes (Piadeh, Behzadian 112 

and Alani, 2022). The captured flood hydrodynamics in those previous studies could provide 113 

insights into the capacity and behaviours of the overall network. Although it offers direct 114 

information on flood event locations and timing, these complex networks require additional 115 

analysis steps to fully understand the flood evolution and flood patterns. 116 

Therefore, understanding the drainage saturation and flood starting point is the beginning of an 117 

analysis, as demonstrated in several studies (Mishra, Sethi and Siddique, 2020; Afsari et al., 118 

2022; Levin and Phinn, 2022; Zhou et al., 2022; Wijaya et al., 2023). This information allows 119 

us to understand the areas at flood risk and also how to effectively map the flood risk in a city. 120 

However, the concept of flood risk has often been restricted to static representations. Many 121 
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studies often overlook the dynamic nature of floods in terms of hazard analysis (Arrighi, 122 

Oumeraci and Castelli, 2017; Dong et al., 2022; Li et al., 2023). The sequential pattern of 123 

saturation across various urban areas and the involved water volume can be vary significantly. 124 

This information is crucial for assessing the danger level posed to citizens. Recognizing the 125 

hazard concept, which involves analysing the water force capable of carrying individuals or 126 

vehicles, is pivotal. This perspective highlights the potential devastating impact of even a 127 

simple flood due to its kinetic energy (Zhu et al., 2023). 128 

Furthermore, a sufficient time for reaction to flood will reduce damage costs. In case of flash 129 

flood, where the flood caused in rapid onset under the intense rainfall, speedy responses 130 

showed the serious practical consequences (Archer and Fowler, 2018). Early flood warning 131 

system has been being a useful system for flood preparedness in the transition area from 132 

structural to non-structural flood measurement. Real-time forecasting helps decision makers 133 

foreseen the disaster situations and be proactive in making emergency response plans (Henonin 134 

et al., 2013; Mahiddin, Umar and Rajan, 2023). Time is crucial element in effective flood 135 

warning messages (Kuller, Schoenholzer and Lienert, 2021; Fernández-Nóvoa, González-Cao 136 

and García-Feal, 2024). Consequently, considering not only the spatial distribution but also the 137 

temporal distribution in flood risk assessment are necessary to fulfil the flood risk information 138 

for flood management tools (e.g. flood hazard maps) (Wang et al., 2022; Corzo Perez et al., 139 

2024). Therefore, it is crucial to study the dynamics of flood initiation, the time it takes for 140 

floods to reach critical points, and the overall spatiotemporal saturation patterns in the drainage 141 

network. 142 

Nevertheless, research on flood dynamics is rare and often lack integration of all 143 

aforementioned aspects. It required comprehensive flood risk frameworks. Recently, time scale 144 

was considered in flood analysis. The term “spatiotemporal” is commonly used in long-term 145 

and large-scale flood analysis, where the temporal scale typically refers to a yearly timeframe. 146 
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For example, flood events during period 1985-2019 were classified globally based on the flood 147 

affected area (Liu, Shi and Fang, 2022). Under continental view, flood extent trends in Europe 148 

were explored in last 70 years (Fang et al., 2024). In national scale, the long-term 149 

spatiotemporal pattern of flood exposure in US through 2 decades from 2001 to 2019 was 150 

investigated (Abedin et al., 2024). The effect of changing land use and land cover to flood 151 

behaviour were assessed by flood exposure throughout three decades (1992-2022) in Bangkok 152 

Metropolitan Region (Darnkachatarn and Kajitani, 2024). 153 

Recently, some researchers have examined spatiotemporal patterns at the event scale rather 154 

than the yearly timeframe. The spatiotemporal dynamics of rainfall distribution also affected 155 

the flood response in surface and subsurface (e.g. drainage systems) (Zhou et al., 2021). The 156 

spatial and temporal variations in rainfall distribution influenced the location of pressurized 157 

flow, leading to geyser-like streams on the street (Vasconcelos et al., 2024). Spatiotemporal 158 

flood hazard was initially analysed using a combination of traditional modeling and machine 159 

learning. Although flood evolution was presented in hourly flooding time steps, the temporal 160 

flood distribution was presented in a sequence of spatial flood maps (Lee et al., 2020). In the 161 

built environment, a time-depending model was introduced for flood risk assessment 162 

incorporating user characteristics. Flood risk was assessed and calculated for each categorized 163 

group based on individuals' vertical position within the building and their home presence 164 

duration. Flood evacuation routes, as a result, were designed based on spatiotemporal flood 165 

risk analysis (Bernardini et al., 2024). As the underground spaces of buildings are vulnerable 166 

to flood, time is an important factor affecting flood risk and escape routes beside flood 167 

prevention measurement (Shin et al., 2021). 168 

Meanwhile, data driven models – a flood forecast approach using machine learning and deep 169 

learning techniques also considered the time scale. Flourished in data era, data-driven models 170 

have become more robust to predict the flood. Machine learning techniques are used to leverage 171 
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flood forecast. In order to predict coastal urban pluvial flooding, a machine learning model was 172 

used to generate the missing drainage data (i.e. point of water logging depth) to enhance the 173 

calibration process for traditional models (Qin et al., 2024). Artificial neural networks (ANN) 174 

were introduced to predict spatial flood maps. In addition to predicting water depth, temporal 175 

flood evolution was considered separately as a sequence of spatial flood maps (Berkhahn and 176 

Neuweiler, 2024; Zhou et al., 2025). Shallow-water-equation-inspired graph neural network 177 

(e.g. Delft3D-FM) was introduced to predict dike breach flooding. This model successfully 178 

predicted the spatial flood distribution over time. However, that research focused on flood 179 

forecasting capabilities but has not yet developed a flood risk assessment – which is needed for 180 

end-users (Bentivoglio et al., 2023). Several other studies have combined machine learning 181 

and physical-based model results to improve flood prediction. For example, a graph neural 182 

network was combined with MIKE+ model results to predict pluvial urban flooding (Burrichter 183 

et al., 2023). A convolution neural network combined with HEC-RAS model results were used 184 

to predict the spatiotemporal fluvial flood in an urban area (Schmid and Leandro, 2024). Urban 185 

flood inundation maps were generated using a fused model that combined Principal Component 186 

Analysis (PCA), Self-Organizing Map (SOM) and Non-linear Autoregressive with Exogenous 187 

Input(NARX) (Chang, Liou and Chang, 2022). Recent data driven models have mainly focused 188 

on representing flood maps. While time scales were considered in sequences of spatial flood 189 

maps, however they have not been effectively utilized in developing flood hazard maps. 190 

Therefore, the integration of the temporal scale into flood assessment, along with the 191 

development of appropriate methodologies, is becoming increasingly essential. 192 

STUDY AREA  193 

The study area, Do Lo, is located in the southwest of Yen Nghia Ward, Ha Dong District, the 194 

fringe of Ha Noi City, Viet Nam (Figure 1a). This urban area was transformed from two old 195 
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villages, as decided by The Government(Vietnam Government, 2006, 2008). There were 196 

10,373 residents living in this 61.5 ha area in 2019 (Yen Nghia Comune People’s comittee, 197 

2019). Do Lo, Yen Nghia is a dense urbanized area with a population density of approximately 198 

16,900 persons/km2. 199 

The case study has a tropical and monsoonal climate with 4 distinct seasons (i.e. spring, 200 

summer, autumn, and winter). Average temperature is +23°C, ranging from+5oC to +38°C. 201 

Rainy season (from May to October) coincides with Asian monsoon (Ho et al., 2011). 202 

Do Lo is positioned in The Red River Delta, therefore, this place has flat topography with an 203 

average elevation of 5.00m. Although located in between 2 rivers (i.e. Day River and Nhue 204 

River), this area is protected from fluvial flood thanks to dike systems along these two rivers. 205 

La Khe canal connects these two rivers by Yen Nghia gate (West side) and Van Phuc Gate 206 

(East side). Yen Nghia pumping station, located at Yen Nghia gate, pumps water from the La 207 

Khe canal to the Day River. Co Ban Chanel plays an important role in conveying the rainwater 208 

and wastewater from research area to La Khe Canal. Rainwater and domestic wastewater are 209 

collected by a combined sewer system (CSS) throughout the research area before discharged 210 

into Co Ban canal via Southern and Western outfalls (Figure 1b). The water level in Co Ban 211 

canal is under control and regulated at 5.12 m (assuming stable). 212 

  213 
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Figure 1. Location of the case study Do Lo – Yen Nghia Precinct – Ha Dong District – Ha Noi – Viet Nam (a); Case study hydrological connection 214 

(b); Digital elevation Model (DEM), subcatchments, and drainage system (c); and landcover (d) (updated from previous research (Do Minh et al., 215 

2023)). 216 

(a) 

(c) (d) 

(b) 
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The main road Asian Highway 13 (AH13) passthroughs the case study area (Figure 1c). During 217 

the rush hour, this main road has approximated 6,000 vehicles per hour travel through. 218 

However, pluvial floods are detected frequently constraint the traffic flux in this road, 219 

according to Ha Noi Sewage and Drainage system Company (HSDC) report. 220 

Situated on the outskirt of Ha Noi city, Do Lo District has witnessed rapid urbanization 221 

driven by the city expansion. Nonetheless, the area has received limited financial support, 222 

particularly for infrastructure development, since it is often left out in urban planning project 223 

(Luo et al., 2018). As a result, the existing drainage system has struggled to keep pace with the 224 

urbanization speed. Additionally, projections indicate an anticipated increase in extreme 225 

rainfall events because of climate change. Companies who have responsibilities for flood risk 226 

management (e.g. Hanoi Drainage and Sewage system Company) are struggling to manage 227 

flood risks in this area due to the rapid occurrence of pluvial flooding and limited human 228 

resources. 229 

MATERIALS AND METHODS 230 

Data sources 231 

Data used in this research were collected from several sources. To construct the framework of 232 

the drainage system model, data on the Digital Elevation Map (DEM) drainage system and land 233 

cover were collected from Ha Noi Urban Planning Institute (HUPI), Ha Noi Sewage and 234 

Drainage system Company (HSDC), and open-source Google Earth Pro, respectively. To 235 

generate the rainfall scenarios, rainfall distributions were mainly obtained from HSDC. An 236 

historical rainfall event and 47-year daily rainfall dataset from 1974 to 2020 were acquired 237 

from Viet Nam National Centre for Hydro-meteorological Forecasting (NCHMF). To evaluate 238 

fluctuations in domestic wastewater discharge, daily water supply data from January 2021 for 239 
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the research a was obtained from the Ha Dong Water Supply Company (HADOWA). 240 

Additionally, flood extents during the rainfall events were archieved through flood data 241 

collection campaigns which were specially organized in collaboration with citizens of the 242 

research area. 243 

Research method 244 

In general, this study employed a systematic approach which is shown in Figure 2. This 245 

approach comprises the following phases: (1) drainage network model build-up, (2) model 246 

calibration and validation, (3) scenario estimation, (4) model simulation and (5) spatiotemporal 247 

analysis. Firstly, the drainage network model was built based on the hydraulic data which were 248 

acquired from local stakeholders including DEM, drainage system, landcover, subcatchments, 249 

and dry weather condition (i.e. domestic wastewater). The data for model calibration and 250 

validation (i.e. flood extent, water levels in drainage system, and the rainfall intensity) were 251 

obtained from the field through flood data collection campaigns organized in 2019 and 2020. 252 

The scenario estimation process utilized the statistical analysis of returned period from 47-year 253 

rainfall dataset (1976 – 2020) and 3 observed storm 2008, 2019, and 2020. Flood simulations 254 

were executed using SWMM. Each flood simulation outcome was analysed and interpreted 255 

using spatiotemporal analysis formulas. Flood patterns, flood dynamics, as well as flood 256 

expansion rate were analysed to determine the velocity of flood propagation. To specifically 257 

assess the spatiotemporal changes of a flood, this study introduced the Flood Expansion Rate 258 

(FER). The following parts describe in detail the step followed. 259 
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Figure 2. Research scheme 260 

Step 1: Hydrology-hydraulic model build-up 261 

Model Setup 262 

To analyse effectively the diverse urban flood responses to storm events in the case study, a 263 

comprehensive drainage network model was developed. DEM, the drainage system 264 

information, the land use, landcover, the boundary conditions, and the dry weather flow data 265 

were pre-processed and integrated into the model (Figure 1). 266 

Utilizing the 1D SWMM, the study focused on the underground drainage system as a primary 267 

determinant of urban flood locations. The model configuration included subcatchments and 268 

key nodes. Subcatchments were defined based on existing maps, with land cover data 269 

delineating pervious and impervious surfaces. Key nodes were represented for subcatchment 270 

outlets and conduit junctions. Each node in the model was assumed with a 40 m² ponding area 271 

above. Boundary conditions – the water levels in the outfall - were set with the Co Ban channel 272 
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marking in the eastern district boundary. This outfall water level was stably assigned a 273 

reference elevation of 5.12 m. 274 

Urban catchment delineation 275 

114 subcatchments were defined in this research area based on DEM, the drainage system and 276 

street pathways. DEM, sourced from the HUPI, with a resolution of 20m, played a crucial role 277 

in the model setup. VN2000 - the Viet Nam national coordinate system was used in this DEM. 278 

In order synchronize with another input data, VN2000 was transferred to WGS84 (Pham Thi 279 

et al., 2019). Together with DEM, street paths and drainage system were used to delineate 280 

subcatchments and inform the hydraulic modelling, providing essential topographical insights 281 

for accurate flood simulation (Figure 1c). 282 

Land cover 283 

Land cover comprised by 3 types of the land: (1) Blue space consisted of pond and surface 284 

water cover; (2) Green space was made up by tree and plant cover; and (3) Urban space covered 285 

the concrete surface. Do Lo is highly urbanized area with very high percentage of concrete 286 

cover (87.34%) and low percentages of green and blue spaces (10.94% and 1.72% 287 

consecutively). Figure 1d showed the landcover map which was compiled manually from 288 

LANDSAT images on Google Earth Pro. 289 

Estimation of Domestic Wastewater Discharge 290 

Understanding the critical contribution of domestic wastewater, dry weather flow (DWF) was 291 

taken into account in the model. Since this area is highly urbanized, therefore, 80% of water 292 

supply amount was assumed turning to domestic wastewater. The daily water supply 293 

consumption was assumed at 300 litres per capita, based on The Vietnam national standard for 294 

water supply TCXDVN 33: 2006 Water supply – Distribution system and facilities Design 295 

Standard (Ministry of Construction of Viet Nam, 2006). Water consumption is fluctuated 296 

during the day following the household demands. This fluctuation was built based on the water 297 
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consumption data collected in January 2021, according to the expert’s recommendation from 298 

HADOWA – Ha Dong water supply company. Consequently, daily wastewater discharge 299 

mirrored the water consumption pattern, providing hourly coefficients for more accurate 300 

modelling. So, the amount of domestic wastewater and its daily fluctuation can be defined for 301 

an individual. Meanwhile, only urban space contributed the domestic wastewater into the 302 

drainage system since human lived in urban space. Green and blue space were assumed 303 

providing no polluted discharge into the drainage system. DWF was calculated by daily 304 

domestic wastewater discharge per capita multiplying with urban population density and urban 305 

area for each subcatchment. 306 

Step 2: Model calibration and validation 307 

In order to simulate the flood situation, five specific 24-hour rainfall distributions from 308 

precipitation events were selected (i.e. Event A, B, C, D, E) (Table 1). Three of them (i.e. event 309 

A, B, C) were integrated into the model build-up and calibration process. The others (i.e. event 310 

D and E), meanwhile, were used for validation. Among those five rainfall distributions, four 311 

of them including event A, B, D, E were obtained from HSDC on 15th October 2020, 29th 312 

August 2019,5th July 2022 and 11th August 2022. These data were collected by the sensors 313 

mounted nearby research area with one-minute interval. The historical event C was investigated 314 

since it caused significant loss in human lives and economics in Hanoi in 2008 (Luo et al., 315 

2018). The heaviest rainfall day during this torrential rainfall (i.e. 31st October 2008) was 316 

selected with one-hour interval. This historical data was collected from NCHMF. 317 

Table 1. Five actual precipitation events in 2008, 2019, 2020 and 2022. 318 

Rainfal

l event 

Date of 

collected 

Total 

rainfall 
Usage Resources 

Resolution 

intervals 

Equal 

returned 
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amount 

(mm) 

period 

(years) 

A 15.10.2020 84.8 Input HSDC 1-Minute 1.25 

B 29.8.2019 176.6 Input HSDC 1-Minute 5 

C 31.10.2008 565.9 Input NCHMF 1-Hour 300 

D 5.7.2022 117 Validation HSDC 1-Minute 2 

E 11.8.2022 219.7 Validation HSDC 1-Minute 10 

Besides the rainfall hyetograph data, flood extent are essential data for calibrating and 319 

validating process. Flood data collection campaigns were organized during event A, D and E 320 

in order to collect the flood extent data. This data was collected by both researcher teams and 321 

also the citizens who live and work in the flood area. 322 

Calibration and validation processes were executed to ensure that model reflected the reality 323 

accurately. Calibration process involved theoretical and empirical approaches, incorporating 324 

with expert insights. Key calibration parameters included Manning's roughness coefficients for 325 

surfaces and pipes, and infiltration rates. This process, based on trial-and-error for limited 326 

cases, was aligned with previous research and local expert recommendations. Hydraulic 327 

roughness and pipe flow coefficients were assumed based on well-established studies. 328 

To validate the model, flood scenarios resulting from events D and E were simulated. The 329 

model results were compared with flood extent data collected by aforementioned flood data 330 

collection campaigns. 331 

Step 3: Rainfall scenario estimation 332 

Rainfall scenarios were used to predict future flooding. To develop these scenarios, a rainfall 333 

frequency analysis technique was deployed using the annual maximum method to estimate 334 

future scenarios. A 47-year dataset of daily rainfall amounts (1974–2020) was obtained from 335 
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the NCHMF for this analysis. The rainfall frequency analysis, detailed in Figure 3a, involved 336 

5 steps: (1) selecting annual maximum data, (2) estimating the probability of exceedance, (3) 337 

fitting a distribution to dataset, (4) determining the 24-hour rainfall amount and (5) 338 

extrapolating the rainfall distribution patterns to rainfall scenarios. Weibull method was used 339 

to estimate the probability of exceedance. The log Pearson III distribution were used to fit the 340 

dataset according to recommendation of United State Water Resources Council (U.S. Advisory 341 

committee on water data, 1982; England et al., 2019). In order to perform the Monte Carlo 342 

simulation, 7 returned period were chosen to extrapolate scenarios. The returned periods 343 

chosen are 1.25-year, 2-year, 2.5-year, 5-year, 10-year, 20-year, and 50-year. Event A, B and 344 

C were selected to derive three rainfall patterns (i.e. Pattern A, B, and C) based on its specific 345 

rainfall distribution. 346 

 347 

 

(* Using the Weibull method; ** Using the logarithmic Pearson III distribution) 

(a) 
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(b) 

Figure 3. Detailed methodologies of (a) rainfall frequency analysis and (b) PNFA 348 

Step 4: Model simulation 349 

24 rainfall scenarios were used to simulate the flood scenarios for this case study. Among these 350 

scenarios, 21 synthetic rainfall scenarios constructed by 3 rainfall patterns and 7 returned 351 

periods. The other 3 rainfall scenarios were the actual rainfall events – Event A, B, and C. The 352 

Monte Carlo simulations were designed using daily rainfall amounts. The total rainfall volume 353 

was adjusted while the rainfall hyetograph shape was maintained, based on observed events. 354 

This approach ensured long-term statistical reliability; however, we recognized that the use of 355 

daily data may under-represent short-duration peak rainfall intensities, which are critical in 356 

certain extreme events. 357 

Flood simulations were run by SWMM, manipulated and extracted by tailor made python script 358 

using SWMM_api package (Pichler, 2022). Although the rainfall data were collected in 24-359 

hour span, the flood simulation covered 72-hour span, including 24-hour before the rainfall 360 

event, 24-hour of rainfall event, and 24-hour after the rainfall event. The extended span ensured 361 
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to stabilize the domestic wastewater setting in the drainage system and also captured fully the 362 

flood after the rainfall (if available). 363 

Step 5: Spatiotemporal analysis using Percentage of Node in Flood Assessment (PNFA) 364 

Flood analysis was conducted based on the modelling results obtained in Step 4. While 365 

conventional flood analysis primarily considers the spatial distribution of flood hazards, this 366 

study incorporated the temporal dynamics of flood hazards. Flood-related data were extracted 367 

at discrete time steps and processed using the Percentage of Node in Flood Assessment (PNFA) 368 

method. This approach evaluated flood risk based on predefined thresholds of node inundation. 369 

The expected outcomes of this analysis included the Flood Expansion Rate(s), Temporal flood 370 

expansion patterns, and a Spatiotemporal flood hazard map. 371 

Percentage of Node in Flood Assessment (PNFA) 372 

The Percentage of Node in Flood Assessment (PNFA) is a novel assessment approach for 373 

analysing urban flood dynamics over both space and time. PNFA concerns not only the spatial 374 

flood hazard but also the temporal flood hazard. 375 

To incorporate the temporal scale into flood analysis, flooding time steps were thoroughly 376 

examined in each scenario, before being aggregated to get a comprehensive analysis of the 377 

spatiotemporal flood evolution. The spatiotemporal flood evolution was presented in 3 forms: 378 

diagram expression (Temporal flood Expansion), numerical expression (Flood Expansion rate 379 

- FER), and map expression (Spatiotemporal flood hazard maps). The spatiotemporal flood 380 

quartiles were defined to assist the temporal flood analysis. Figure 3b showed spatiotemporal 381 

flood analysis step by step: (1) Flood result processing in a single scenario, (2) Temporal 382 

classifying in multiple scenarios, and (3) Spatiotemporal clustering in multiple scenarios. 383 
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Spatiotemporal flood quartile definition 384 

To clarify the flood evolution spatiotemporally, flooded nodes were classified into 4 quartiles 385 

based on the flood sequence in time (Figure 4). 386 

 387 

Figure 4. Illustration of flood evolution process during the flooding time 388 

These spatiotemporal quartiles were introduced in order to classify the magnitude of flood risk 389 

based on the time scale. These spatiotemporal quartiles included four main quartiles (i.e. Q1, 390 

Q2, Q3, Q4) and one extra quartile Q0 for non-flood manhole. 391 

• Q1 (Initial flood wave): Represented the first quartile (0 – 25%) nodes in flood, 392 

encompassing the first 42 flooded nodes. This quartile captured the initial impact of 393 

flood. 394 

• Q2 (Early flood propagation): Constituted the second quartile (25-50%) nodes in flood, 395 

including flooded nodes from 43rd to 84th. These nodes flooded subsequently to the initial 396 

wave, marking the early stages of flood propagation. 397 
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• Q3 (Mid-stage flood spread): Encompassed the third quartile (50-75%) nodes in flood, 398 

from flooded nodes from 85th to 126th. This group indicated nodes that flooded during 399 

the mid-stage of the event. 400 

• Q4 (Late-stage flood expansion): Included the final quartile (75-100%) nodes in flood, 401 

indicating the percentage of nodes that were the last ones experiencing the flood. 402 

• Q0 (Non-flooded nodes): This category was reserved for nodes that did not experience 403 

flood during the event which were outside of the quartile classification. 404 

Due to variations in scenario conditions, the distribution of nodes across these classifications 405 

could be differed. In some scenarios, there were no node falling into Q3 or Q4 categories. 406 

Those events might have more concentrated floods or just being less intensive flood events. 407 

Conversely, some other scenarios, with broader flood impacts, have nodes distributed across 408 

all four quartiles. Across the scenarios, several nodes, that remained unaffected by flooding, 409 

were consistently classified as Q0, providing a clear distinction between flooded and non-410 

flooded regions within the model simulations. The flood with less than 25% of node in flood 411 

were not considered as critical condition. 412 

This quartiles definition was initial but essential step for spatiotemporal analysis, which gave 413 

thresholds to determine the flood propagation speed in later phrase. 414 

Spatiotemporal analysis 415 

The spatiotemporal analysis focused on both the temporal and spatial distributions of floods by 416 

3 consecutive stages including: result processing, temporal classifying, and spatiotemporal 417 

clustering. 418 

Firstly, result processing was applied for each scenario simulation to understand the flood 419 

situation through each time step. Flooding data was extracted from the simulation results. The 420 

number of flooding nodes in each time step was tracked down. When the number of flooded 421 
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nodes reached certain quartile thresholds, the time periods were recorded. Those incremental 422 

time series represent the flood evolution during the flooding time. 423 

Secondly, temporal classifying focused only on the temporal scale of floods, assessing the 424 

agility and rapidity of the flood extension. Flood evolution time series of various scenarios 425 

were charted to illustrate the flood expansion speed. This expansion speed was also calculated 426 

numerically by FER. 427 

Lastly, spatiotemporal clustering provided a deeper analysis of the previous stage by 428 

considering both the temporal and spatial distribution of floods across all scenarios. Individual 429 

spatiotemporal flood distributions were clustered and visualized geographically using prior 430 

classifications and key node locations. The aggregated spatiotemporal flood distribution was 431 

constructed by overlaying all individual distributions, providing a comprehensive view of 432 

spatiotemporal flood hazards. This analysis identified two key types: the most critical 433 

spatiotemporal flood hazard, and the highest potential spatiotemporal hazard. 434 

Flood expansion rate (FER) 435 

In order to compare numerically the flood agility and rapidity during the temporal 436 

classification, FER was introduced in formula (1). 437 

FERij = tan αij =  
∆PNFij
∆FEIij

=
𝑃𝑃𝑃𝑃𝑃𝑃𝑗𝑗 − 𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖
𝐹𝐹𝐹𝐹𝐹𝐹𝑗𝑗 − 𝐹𝐹𝐹𝐹𝐹𝐹𝑖𝑖

 (1) 

Where i, and j are threshold of Percentage of Node in Flood reach at the certain quartile (e.g. 438 

25%, 50%). 439 

𝐹𝐹𝐹𝐹𝐹𝐹𝑖𝑖𝑖𝑖 is the flood expansion rate (FER) from threshold i to threshold j. 440 

𝐹𝐹𝐹𝐹𝐹𝐹𝑖𝑖𝑖𝑖 is Flood Evolution Interval from threshold i to threshold j. 441 

𝛼𝛼𝑖𝑖𝑖𝑖 is the angle (rad) between flood evolution slope during flood evolution 𝐹𝐹𝐹𝐹𝐹𝐹𝑖𝑖𝑖𝑖 and time axis. 442 

𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖 is Percentage of Node in Flood from threshold i to threshold j. 443 
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In this research, we considered threshold i at zero minute when the induced rain started. 444 

Percentage of Node in Flood at moment j PNF𝑗𝑗 is calculated by the formula (2) below. 445 

PNF𝑗𝑗 =   
𝑁𝑁𝑁𝑁𝑁𝑁𝑗𝑗
𝑇𝑇𝑇𝑇

𝑥𝑥100  (2) 

Where NNF is the Number of Nodes in Flood at threshold j. 446 

TN is the Total number of Nodes in drainage system in the considered assessment. 447 

RESULTS 448 

Modelling results 449 

Drainage network model build-up 450 

Model was built-up based on the urban subcatchments, land cover, domestic wastewater 451 

estimation. There are 114 subcatchments were divided based on the drainage system and DEM 452 

map. The results indicate that the case study area is predominantly covered by concrete, 453 

accounting for 87.34% of the total surface. Only 10.94% of the area is covered by vegetation, 454 

while water surfaces occupy 1.72%. The total domestic wastewater used in this research was 455 

2,489.52 m³ per day, distributed across 114 subcatchments. The discharge fluctuations 456 

throughout the day followed the domestic wastewater discharge pattern, which closely 457 

mirrored the water supply demand data collected from HADOWA between January 4 and 458 

January 31, 2021. This period was recommended by experts as it closely resembled the 459 

observed period. 460 

Model calibration and validation 461 

During the flood data collection campaigns, residents of AH13 were asked to report flood 462 

extents during events A, D, and E. Flood extent data were gathered by both local citizens and 463 
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workers living and working in the study area. The reported flood extents for events A, D, and 464 

E closely matched the model results, indicating that the developed model effectively replicated 465 

the hydraulic system and flood conditions in the area (Figure 5). 466 

 467 
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 468 

 

 

 

 

Figure 5. Flood extent in model and in the field during event D (a1, a2) and event E (b1, b2) 

469 

(a1) 

(a2) 

(b1) 

(b2) 
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(e) 

(a) (b) 

  

(c) (d)  

Figure 6. Actual rainfall distributions in event A (15.10.2020) (a), event B (29.8.2019) (b), event C (31.10.2008) (c), event D (05.07.2022) (d), and 470 

event E (11.8.2022) (e) 471 
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Rainfall patterns and rainfall scenarios. 472 

6 showed the 5 actual rainfall hyetographs used in the research. Event A, B, and C were used 473 

to build and calibrate the model while event D and E were used to validate the model. Event 474 

A, B and C were used to create the temporal distribution pattern of the rainfall namely pattern 475 

A, B and C, consecutively. Those patterns were used as the baseline to extrapolate to different 476 

returned period rainfall scenarios later. 477 

Rainfall frequency analysis was executed. 7 chosen returned period scenarios and their daily 478 

rainfall amount are shown in Table 2 below. Rainfall patterns (i.e. pattern A, B, and C) were 479 

extrapolated throughout 7 return period scenarios. the temporal distribution of the rainfall 480 

patterns remained unchanged, the intensity of these patterns was modified into 21 scenarios 481 

with 1-minute and 1-hour intervals. 482 

Table 2. Daily rainfall amounts are equivalent of the chosen returned periods. 483 

Returned period 

(year) 

Daily rainfall amount (mm) 

1.25 86.91 

2.0 117.69 

2.5 133.88 

5 188.32 

10 246.91 

20 308.69 

50 394.52 
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Model simulation 484 

A total of 21 previously mentioned rainfall scenarios, along with 3 actual rainfall events, were 485 

used as input rainfall to simulate the calibrated model, resulting in 24 scenarios in total. For 486 

each scenario, the time sequence of flooding at each node was extracted using custom Python 487 

code based on the SWMM_api library. These results were then pre-processed for subsequent 488 

spatiotemporal flood analysis. 489 

Spatiotemporal flood analysis using PNFA 490 

Result processing for single scenario 491 

A flood assessment period was set in each simulation. The beginning of this period was the 492 

moment that rainfall started. The assessment period concluded either at the time of the last 493 

recorded rainfall or when the final flood of the entire region subsided. Flood results from the 494 

simulation were extracted into a timeline table recording data every minute for every key 495 

manhole in the system. 496 

The flood situation of event A was examined thoroughly by 3 represented nodes N31-17-1, 497 

N10-17-1 and N11-46 as a detailed illustration. Those node’s locations were shown in Figure 498 

1c. In this flood event, some node got flood in early stage of the rain such as Node N31-17-1 499 

(Figure 7b). Node N31-17-1 experienced the lag time/lapse time between the initial rainfall 500 

and initial flood so-called Lag Interval (LI) at 191 minutes. As can be seen in Figure 7b, this 501 

node also encountered longer flood duration during the assessment period. The surface area on 502 

top of this node also was the most vulnerable area with flooding in this area. Simultaneously, 503 

some other nodes like N10-17-1 experienced the flood later, and also had a shorter duration of 504 

flood (Figure 7c). The LI of node N10-17-1 was 370 minutes. The surface area on top of this 505 

node was less vulnerable to flood comparing with node N31-17-1. Meanwhile, several nodes, 506 



30 

 

for example N11-46, had no flood during the assessment period. This node did not have the LI 507 

(Figure 7d). 508 

To gain a broader perspective on the flood evolution during the flooding time, the Number of 509 

Nodes in Flood (NNF) was recorded every time step. Figure 7e showed the dynamics of NNF 510 

during the flooding time. The Flood Evolution Intervals (FEIs) that flood area reached the 511 

certain thresholds based on percentage of node in flood (PNF) were defined. As 512 

abovementioned, those thresholds include Q1 25% (~42/167 nodes in flood), Q2 50% (84/167 513 

nodes in flood), Q3 75% (126/167 nodes in flood), Q4 over 75% (over 126/167 nodes in flood), 514 

and Q0 – non-flood quartile (non-flood nodes). In case of event A, the maximum NNF were 515 

101 nodes ~ 60.5% PNFs, which was smaller than 75% (Q4). Therefore, in this case, only Q1, 516 

Q2, Q3 and Q0 thresholds were considered. There was no node belonging to Q4 threshold 517 

(above 75% node in flood). The LI in whole area are 191 minutes (Figure 7e). 518 
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Figure 7. Flood simulation result extractions from event A: Rainfall distribution (a); 

Flooding dynamics in node N11-1 (b), N10-17-1 (c), node N11-46 (d); and the number 

of nodes in flood (e). 

As flood quartile definition, FEI25% was the duration when flood area reached 25% PNF ~ NNF 519 

= 42 nodes in flood. In fact, depending on the rainfall intensity and flood situation, the NNF 520 

was not always accurate at 42 nodes. As a consequence, to capture real situation, the very first 521 

moment when the PNF was over 25% would be selected to be the first threshold (FEI25%), PNF 522 

was also re-calculated to fit with updated selection. So, in case of the event A, the selected PNF 523 

and FEI were showed in Table 3. The similar process was applied for another 23 scenarios. 524 

Table 3. NNF, PNF and FEI of flood simulation in event A 525 

NNF (nodes) PNF FEI (min) 
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47 28.14 % 349 

84 50 % 367 

101 60.5 % (max value) 374 

Temporal classification for multiple scenarios 526 

To analyze the temporal flood evolution, a temporal flood expansion diagram was built. Each 527 

line in the graph reflects the process that the flood rose from zero to maximum number of nodes 528 

in flood through the timeline. There were 3 important temporal flood factors needed to 529 

consider: Percentage of Node in Flood (PNF), Flood Evolution Interval (FEI) and Lag Interval 530 

(LI). Those factors were defined in previous process. 531 

Figure 8a depicts the flood evolution of three actual rainfall events: A, B, and C. Event A was 532 

the least severe in terms of temporal scale, with the lowest maximum PNF (64%), the longest 533 

maximum FEI (376 minutes), and the longest LI (107 minutes). Event C was the most severe, 534 

with the highest maximum PNF (89%), the shortest maximum FEI (95 minutes), and the 535 

shortest LI (2 minutes). Event B was a moderate event, with an average PNF (72%), FEI (282 536 

minutes), and LI (5 minutes). These flood reactions reflect the intensity and amount of rainfall 537 

for each event. Since the three rainfall events (A, B, and C) had different returned periods 538 

(1.25-year, 5-year, and 300-year, respectively), it was difficult to pinpoint the differences 539 

between the three rainfall patterns. 540 

Figure 8b, c, and d show three comparisons of different rainfall patterns across different 541 

scenarios. From these diagrams, it is evident that more intense rainfall results in a higher PNF. 542 

However, rainfall intensity seemed to have a lesser effect on the FEI in pattern C (70–149 543 

minutes), but not in patterns A (373–376 minutes) and B (282–284 minutes). 544 

The results show that pattern A, with low returned periods (1.25-year, 2-year), exhibits a long 545 

LI (~100 minutes), which corresponds to a decrease in rainfall intensity. This extended LI is 546 
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due to the intermittent rainfall at the start of the assessment period. However, when the rainfall 547 

intensity increased, the flooding caused by pattern A occurred almost immediately after the 548 

rain began. The limited capacity of the drainage system is believed to be the primary cause of 549 

this phenomenon. 550 

 

(a) 
 

(b) 

 

(c) 

 

(d) 

Figure 8. Temporal flood expansion: Comparison of three actual events A, B, C (a); with 

each flood pattern representing different scenarios Event A (b), Event B (c), and Event C 

(d). 

To numericaly quantify the flood extent spreading speed, FER was calculated as shown in 551 

Table 4. Pattern A caused the largest flood areas; however, FERs of pattern A were the lowest 552 



34 

 

number comparing with the others. Time for flood preparation/evacuation in pattern A was 553 

longer than the other patterns (i.e. patterns B, C). 554 

Table 4. Flood expansion rate (FER) of 3 rainfall distribution patterns in different scenarios. 555 

Scenario Scenario number Event A Event B Event C 

Actual event 0 0.170 0.257 0.939 

1.25-y RP* 1 0.173 0.178 0.445 

2-y RP 2 0.193 0.217 0.607 

2.5-y RP 3 0.199 0.236 0.653 

5-y RP 4 0.210 0.261 0.775 

10-y RP 5 0.218 0.278 0.902 

20-y RP 6 0.233 0.287 0.865 

50-y RP 7 0.241 0.310 0.778 

*y RP: year Returned Period 556 

Spatiotemporal clustering (individual scenario visualization) 557 

Flood quartiles combined with location showed the spatiotemporal distribution of the flood. In 558 

Figure 9a, flooding node locations during event A were shown for different time scales. During 559 

these events, the initial areas experiencing flood were divided into three centres, concentrated 560 

mostly in the main road AH13 and adjacent regions. Subsequently, the flood gradually 561 

extended to the surrounding section of the road and then spread towards the northern part of 562 

the area. Notably, the regions near the Northern and Southern outfalls remained unaffected by 563 

floods across the various scenarios. Based on the spatiotemporal flood node locations, a 564 

spatiotemporal flood hazard map was generated using the Inverse Distance Weight (IDW) 565 

interpolation method (Figure 9b). This flood hazard map provides an initial overview of how 566 

the flood evolved spatially and temporally during the actual rainfall event A. Flood regions 567 
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were categorized following temporal flood quartiles (i.e. Q1, Q2, Q3, Q4, and Q0). This 568 

spatiotemporal flood distribution gives a different view on flood evolution and flood prevention 569 

priority. This complemented the spatial flood distribution which was built up based on the total 570 

flood discharge in each node (Figure 9c). Comparing with spatial distribution, the vulnerable 571 

areas were enlarged around the main street AH13. Flood areas were concentrated in 3 areas 572 

across the study area. Continuously, the other 23 single flood hazard maps were generated for 573 

other 23 rainfall scenarios, create a data set of flood hazard maps (Figure 10a, and b). 574 

   

(a) (b) (c) 

Figure 9. Historical event A: (a) Spatiotemporal flood node locations, (b) Spatiotemporal 

flood distribution, and (c) Spatial flood distribution. 

Figure 10a illustrates the temporal evolution of the flood-affected area under the temporal 575 

scale. The results indicate that rainfall intensity significantly influences the rate of flooding. 576 

Specifically, Pattern A resulted in the slowest flood progression, with flooding occurring 577 

between 195 and 376 minutes. In contrast, Pattern C induced a flash flood within a much shorter 578 

timeframe, ranging from 8 to 107 minutes. Pattern B produced an intermediate flooding 579 

response, with flood onset occurring between 30 and 284 minutes. Furthermore, when 580 
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comparing the three rainfall patterns under the same returned period scenario, it is evident that 581 

mild rainfall (Pattern A) led to a slower flood spread over a larger area compared to torrential 582 

rainfall (Pattern C). These findings highlight that the temporal distribution of rainfall, or the 583 

shape of the rainfall hyetograph, plays a crucial role in determining flood timing on the ground. 584 

However, although the induced rainfall varies in pattern and intensity, the flood evolutions 585 

exhibit a similar pattern across all 24 scenarios under the quartile scale (Figure 10b). Regions 586 

nearby the outfalls, have never experienced flooding. There are some flooding nodes which 587 

swing between 2 quartile ranks (e.g. from Q2 to Q3 and vice versa). Those flexible-in-rank 588 

nodes created the slightly differences between various scenarios. Nevertheless, in brief, flood 589 

in the research area evolved in certain pattern. This means that the spatiotemporal flood 590 

analysis is stable and reliable to use in flood risk assessment.   591 
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 592 
(a) 593 
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 594 

(b) 595 

Figure 10. Spatiotemporal flood hazards in 24 scenarios of 3 rainfall patterns (i.e. A, B, C) with 8 scenarios (i.e. 1,25-year, 2-year, 2,5-year, 5-year, 596 

10-year, 20-year, 50-year returned period, and actual rainfall distribution) with time scale (a) and with quantile scales (b) (y RP: year Returned 597 

Period).  598 
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For more details, although the main spatiotemporal flood pattern remained unchanged, there 599 

were still slight differences in flood distributions caused by different rainfalls. In terms of flood 600 

area, rainfall pattern A had the largest affected area compared to the other patterns within the 601 

same returned period scenarios whereas rainfall pattern C with the same returned period 602 

scenario, caused flooding in the smallest area. The flood simulation results from rainfall pattern 603 

C were contrary to expectations based on the historical rainstorm data. For example, within the 604 

1.25-year returned period, pattern C caused flooding in a total of 52 nodes, approximately 31% 605 

of the observed nodes in the research area. Meanwhile, pattern B and pattern A caused flooding 606 

in 84 nodes (~50.3%) and 108 nodes (~64.7%), respectively. More details are shown in Table 607 

5. This trend was consistent across other scenarios (Figure 10b). Rainfall intensity is believed 608 

to be the primary factor driving this phenomenon. In fact, rainfall pattern A had a milder 609 

intensity compared to rainfall pattern C. In conclusion, the same amount of rainfall over a 610 

shorter period resulted in a more concentrated flood area than when it occurred over a longer 611 

period. Consequently, the spatiotemporal flood hazard maps also reflect these slight 612 

differences. 613 

Table 5. Maximum number of nodes in flood caused by 3 rainfall patterns and 7 scenarios 614 

Scenarios 
Pattern A Pattern B Pattern C 

N (nodes) % N (nodes) % N (nodes) % 

1.25y RP* 108 64.67 % 84 50.3 % 52 31.13 % 

2y RP 121 72.46 % 102 61.08 % 75 44.91 % 

2.5y RP 124 74.25 % 111 66.47 % 84 50.3 % 

5y RP 131 78.44 % 123 73.65 % 110 65.87 % 

10y RP 136 81.44 % 131 78.44 % 122 73.05 % 

20y RP 146 87.43 % 135 80.84 % 130 77.84 % 
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50y RP 150 89.82 % 147 88.02 % 139 83.23 % 

* y RP: year Returned Period 615 

Aggregated spatiotemporal flood distribution 616 

In the previous step, flood distributions were examined throughout 24 different scenarios. 617 

Similar spatiotemporal flood patterns were found across various scenarios. The spatiotemporal 618 

flood hazard evolution remained stable throughout the different scenarios. In addition, the 619 

flood-affected areas among the 3 rain patterns differed slightly, despite being simulated under 620 

the same returned period. Therefore, in order to get a holistic view on the flood evolution, flood 621 

distributions during 24 scenarios were overlaid and aggregated to created a spatiotemporal 622 

flood hazard map. 623 

Figure 11a shows the most critical spatiotemporal hazard and its associated probabilities. 624 

Flooding at each node can vary across different categories of spatiotemporal distribution. The 625 

most critical situation corresponds to the fastest flood category, which is the most likely to 626 

occur across all 24 scenarios. The probability of this critical situation is also depicted on the 627 

map.  628 

Similarly, the high-potential spatiotemporal flood hazard is presented in Figure 11b. Its 629 

probability is also shown in this map. These two maps highlight the vulnerable locations in 630 

research area where experienced flood spatially and temporally, as well as the potential flood 631 

evolutions. These maps can be valuable for stakeholders, such as drainage system companies, 632 

in maintaining the drainage infrastructure and optimizing the allocation of human resources 633 

during flooding events. They can help address the issue of human resource shortages during 634 

such times. On the other hand, these two maps can serve as an initial foundation for 635 

implementing nature-based solutions, as they identify temporally sensitive areas. 636 
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(a) (b) 

Figure 11. Aggregated spatiotemporal flood hazard: (a) The most critical spatiotemporal flood hazard, and (b) The most probable spatiotemporal 

flood hazard 

637 
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DISCUSSION 638 

Temporal Analysis 639 

Temporal flood analysis is the initial step to characterize the flood hazard in the area. The FER 640 

serves as an initial and straightforward coefficient for gauging flood propagation speed or 641 

agility, offering a numerical basis for comparing flood dynamics across varying time scales. 642 

During one rainfall event, the flood risk to pedestrians is different over time during the rainfall 643 

event (Corzo Perez et al., 2024). The FER, which represents flood severity, was used to 644 

quantify the magnitude of the flood over time during the rainfall event. Additionally, FER 645 

serves as a global indicator that allows for the comparison of flood speeds across various 646 

events, regardless of rainfall duration. The higher the FER, the faster and more dangerous the 647 

flood, irrespective of the rainfall interval. FER reflects the speed at which the flood spreads 648 

spatially, an important factor to consider in flood assessments, particularly in flash flood 649 

evaluations. 650 

Generally, in flood hazard assessments the flood speed is not included. Flood interventions, 651 

especially Nature-based Solutions (NbS) focus on slowing down the surface runoff (Esraz-Ul-652 

Zannat, Dedekorkut-Howes and Morgan, 2024). Responding to flash floods requires not only 653 

proper preparedness before the event but also a rapid response during the flood incidents 654 

(Archer and Fowler, 2018). Time is a critical factor in managing flash floods, especially when 655 

human resources are limited. Therefore, it is essential to have a measurable tool to assess flood 656 

agility and the effectiveness of flood prevention measures. In this context, FER fulfils this 657 

requirement. In addition, while FER assesses the speed of flood spreading, the Lag Interval 658 

(LI) plays a crucial role in mitigating the flood's impact. As shown in the experiments, the 659 

longer the lag time (LI), the lower the FER. In other words, a longer lag time helps reducing 660 
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the speed at which the flood expands in urban areas. By extending the LI, residents and 661 

organizations in flood-prone regions would gain valuable time for preparation and evacuation. 662 

Therefore, this temporal buffer is key to enhancing community resilience against flooding 663 

events. Lengthening the LI could be an important strategy for mitigating flood impacts. It is 664 

recommended to assess the influence of LI on flood reactions in urban areas to design more 665 

effective flood interventions and reduce overall flood impact. 666 

Spatiotemporal Analysis 667 

Beside the temporal analysis, the spatiotemporal analysis provided a new perspectivee on the 668 

spatial distribution of floods, integrating temporal dynamics into the assessment framework. 669 

By accounting for flood sequences, the analytical approach followed here enabled to identify 670 

areas prone to flooding over time, thus reshaped the priorities in flood management particularly 671 

in the context of the rapid onset of extreme events. The selection and design of flood 672 

interventions needs to take into account the temporary exposure of both the citizens (e.g. traffic 673 

travellers) as well as the permanent residents in flood-prone areas. Spatiotemporal flood 674 

evolution gives a holistic overview of the flood progress in both space and time during the 675 

flooding time. This insight is vital to allocate human resources efficiently. In particular, this 676 

information is very important both for stakeholders and citizens who live in a flood-prone area 677 

for the development of an evacuation plan (Lee et al., 2020). It will enable stakeholders such 678 

as a drainage system company to allocate human resources during the rainfall event in order to 679 

improve the effectiveness of maintenance plans. 680 

Spatiotemporal flood distribution pattern analysis 681 

Spatiotemporal flood distribution pattern analysis, compared to the use of solemnly static 682 

topographic maps, reveals that initial flood-affected locations may not necessarily coincide 683 



44 

 

with areas of lowest elevation. Drainage efficiency decreases the flood risk of an area. This 684 

observation underscores the influence of the drainage system capacity on the flooding 685 

dynamics. It also reveals that high-intensity rainfall over a short period, or torrential rain, 686 

caused flooding in more concentrated areas. This highlights the sensitive regions vulnerable to 687 

flash floods in urban areas. 688 

In addition, flood mitigation remedies must consider the cost-benefit balance. The size and 689 

location of interventions (i.e. swales, detention, retention) involve a spatial trade-off in urban 690 

planning design (Bush and Doyon, 2019). By incorporating a time scale, the spatiotemporal 691 

flood distribution increases the efficiency of the potential flood interventions. 692 

This study showed that flooding caused by the historical rainstorm (pattern C) did not result in 693 

a high flood risk in low-intensity scenarios (i.e., 1.25-year, 2-year, 2.5-year, 5-year, and 10-694 

year returned periods). The rainfall distribution interval (1 hour) appears to be the main factor 695 

behind this phenomenon. While pattern C has a 1-hour interval between rainfall events, patterns 696 

A and B have a 1-minute interval. 697 

Limitations 698 

Nevertheless, this study still has revealed some limitations. Firstly, this research relied on daily 699 

rainfall data for generating extreme rainfall events in the Monte Carlo simulations. While this 700 

ensures statistical reliability over a long period, it may smooth out short-duration, high-701 

intensity peaks typically observed during monsoon events. As a result, the fixed hyetograph 702 

shape, while useful for general event simulation, might underestimate sub-daily peak 703 

intensities. This should be considered when interpreting the results, particularly for 704 

applications like urban flood modelling, where short-duration rainfall extremes can have 705 

significant impacts. Secondly, spatiotemporal flood distribution used IDW interpolation 706 

method which only based on the distance relation between the 1D spatiotemporal flood results. 707 
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This method has not yet taken into account the influence of DEM into the flood propagation. 708 

It is a trade-off between the speed and the accuracy of the modelling process. It is recommended 709 

to further research on 2D model which includes the DEM influence to the flood simulation. 710 

Furthermore, it is crucial to acknowledge that this study doesn't cover the entire spectrum of 711 

flood risk management. Factors such as socio-economic vulnerability and infrastructural 712 

resilience, which are equally vital components, should also be included to ensure a 713 

comprehensive flood risk assessment. 714 

 Future works 715 

Although this work introduces a new approach for analysing floods that reshapes flood 716 

assessments, there is still room for further exploration. Firstly, the 2 new indicators (i.e. FER, 717 

LI) require further study to better understand their influence on urban flood response. Engaging 718 

these two indicators into the design of Nature-based solutions could boost the efficiency of 719 

these measurements. Secondly, applying the spatiotemporal analysis into a 2D model could 720 

enhance the quality of flood prediction. However, there may be a trade-off between modelling 721 

speed and accuracy when comparing the spatiotemporal 1D model and the spatiotemporal 2D 722 

model that needs to be considered. Monitoring urban flood data (e.g., floodwater quantity and 723 

quality) remains challenging due to limited human resources and the unpredictable distribution 724 

of rainfall. Therefore, the application of new technologies, such as machine learning and AI, 725 

could help reduce both the time and cost associated with flood research. Engaging citizens in 726 

data collection through crowdsourcing offers a potential solution to human resource shortages. 727 

This win-win approach benefits both citizens and researchers, providing a promising 728 

opportunity for effective data monitoring. 729 
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CONCLUSION 730 

This study used an innovative methodological approach to delineate and analyse urban flood 731 

events by analyzing the direct correlation between rainfall patterns and the rate of drainage 732 

system saturation. By employing simplified models, we have captured the intricate spatial and 733 

temporal dynamics of urban flooding, underscoring the need to incorporate temporal 734 

sequencing and the timing of flood occurrences into comprehensive flood risk management. 735 

 This study has employed temporal analysis as a key component of flood response strategies. 736 

Through temporal and spatiotemporal assessments, we have highlighted the importance of 737 

prompt intervention in urban areas prone to flooding. The resulting temporal evolution 738 

diagrams and spatiotemporal flood distribution maps serve as essential tools, providing 739 

stakeholders with actionable insights and illustrating variations in flood expansion speeds 740 

across different scenarios. The introduction of the Flood Expansion Rate FER as a measurable 741 

indicator further refined our ability to evaluate and respond to flood risks with greater agility. 742 

The research proved that the spatiotemporal flood evolution pattern remains largely stable 743 

across different scenarios, confirming the reliability and importance of spatiotemporal analysis 744 

in the risk assessment process. Besides, the empirical findings revealed that the flooding 745 

patterns in the study area were not solely dictated by terrain elevations, indicating the presence 746 

of other significant factors influencing on flood behaviour. It is particularly noteworthy that 747 

the northern part of the drainage system shows a high level of flood prevention efficiency, 748 

attributed to its robust design conditions. While an analysis of the direct impact of specific 749 

flood events was beyond the scope of this study, the insights gained providing a clear indication 750 

of areas in need of enhanced drainage solutions and pinpointed locations with a recurring 751 

incidence of flooding. These findings are crucial for directing targeted infrastructure 752 

improvements and informing flood mitigation strategies. 753 
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Overall, the research contributed to a deeper understanding of flood dynamics and offers a 754 

foundation for future studies to build upon, particularly those aimed at quantifying the impacts 755 

of flooding events and refining urban flood management practices. 756 
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