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Abstract: Urban floods pose significant socio-economic and environmental challenges, particularly 

in rapidly urbanizing regions. We utilized Night-Time Light (NTL) data as a dynamic proxy for human 

activity and urban density to enhance the assessment of urban flood vulnerability. Unlike traditional 

methods that rely on static datasets or post-disaster surveys, this approach incorporates real-time NTL 

data to better capture the evolving patterns of urban exposure. Focusing on the Kelani River watershed, 

the most flood-prone and densely populated region in Sri Lanka, we integrated nine conditioning 

factors, including slope, precipitation, and soil type, with NTL intensity to generate comprehensive 

vulnerability maps. To ensure the accessibility and practical application of the results, a web 

application was developed using Google Earth Engine (GEE), offering an interactive platform for real-

time visualization of urban flood risks. The findings underlined the transformative potential of NTL 

data in flood vulnerability mapping and demonstrated its applicability as a cost-effective, scalable, and 

open-access decision-support tool adaptable to various urban contexts. 

Keywords: Night-Time Light data; urban flooding; urban resilience; vulnerability assessment; web 

application 

 

1. Introduction 

Urban flooding is the inundation of an urbanized area with water, typically occurring due to high 

precipitation on impervious surfaces [1]. As noted in recent research, urban floods cause severe socio-

economic impacts, resulting in substantial damage to urban infrastructure, property, and the 
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environment. In fact, urban flooding is the most frequent natural disaster, accounting for 44% of total 

disaster events from 2000 to 2019, with 2 billion people globally at risk [2]. 

A key approach in assessing the impacts of natural disasters like urban flooding is vulnerability 

mapping, which is considered more crucial than hazard mapping. As depicted in Figure 1, hazard 

mapping typically focuses on the probability of flood occurrence based on parameters such as 

magnitude and frequency, while vulnerability mapping evaluates the exposure of human assets, such 

as people, infrastructure, housing, and production capacities, to flood risks [3–5]. This distinction is 

emphasized in contemporary studies, such as those by Agonafir et al., [6] who highlighted the 

increasing role of advanced urban flood modeling techniques, including machine learning and 

crowdsourced data to improve flood risk assessments. 

 

Figure 1. Difference between disaster hazard, vulnerability, and risk. 

Given the rapid urbanization and the increasing frequency of climate change-induced extreme 

weather, comprehensive flood research is more critical than ever. Urban areas, with their impervious 

surfaces, are particularly vulnerable to flooding. As people concentrate in flood-prone cities, the impact 

of urban flooding intensifies. Researchers are focusing on data-driven modeling techniques to improve 

flood prediction, response, and mitigation strategies, especially as climate change is expected to 

increase storm intensity and strain urban infrastructure [6]. 

Different qualitative and quantitative approaches were used in previous studies to map out the 

human flood exposure levels to urban flooding. Most qualitative approaches utilized data from 

interviews and questionnaire surveys for socio-economic analyses. High-resolution population data 

and land use data were the most used data sources for quantitative analyses to understand the gravity 

of flood exposure levels [5,7,8]. 

Such contemporary approaches in assessing human exposure to urban floods are for post-flood 

impact assessments. For instance, interviews and questionnaire surveys about the affected 

communities are often carried out a few weeks or months after a flood event. On the other hand, the 

quantitative approach, which considers population density and land use changes, have the limitation 

of sparse data availability on land use changes in developing countries, including Sri Lanka [4,9]. 

Further, the population density represents the residential activities but does not accurately represent 

urbanized hotspots, which are important to examine during an urban flood. Accordingly, such methods’ 
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inability to trace the rapid changes in an urban setting, which is a key determinant in urban flood 

vulnerability assessment, can be identified as the main limitation [7,8]. 

Therefore, we attempt to use Night-time Light Data (NTL) as a novel source of data to expedite 

the vulnerability assessment process. It is an open data source that anyone can access with no cost. 

VIIRS, which is the latest NTL observation satellite, has been identified as an economic and population 

indicator, which specifies the urbanized areas [10,11]. NTL delivers spatially clear observations from 

synthetic lighting through human settlements at night [12]. We, therefore, aim to integrate NTL data 

into vulnerability mapping to provide a more dynamic and real-time assessment of urban flood risks, 

bypassing the constraints of traditional methods. Against this backdrop, the main research questions 

of this study include: (a) How to assess urban flood vulnerability levels using NTL Data? and (b) How 

to develop a user-friendly web application to visualize the urban flood vulnerability levels? 

2. Literature review 

2.1. Urban floods 

Urban flood refers to a temporary inundation of an urbanized area with water that is usually dry [1]. 

This is commonly called a “Localized Flood” or “Drainage Congestion”. This may occur due to the 

overflowing of a waterbody or inundation of an area with stormwater collected with high precipitation 

and low infiltration [13]. The magnitude of urban floods varies with the depth, extent, and duration of 

the flood inundation area. Urban flooding is growing each year, specifically in South Asian 

countries [14]. This is due to several factors, including severe weather changes, overwhelming 

stormwater drainage capacity, land use alterations, and man-made changes to the soil structure due to 

rapid urbanization [15]. 

Urban floods rarely result in loss of lives, while the disturbance to day-to-day urban activities, 

loss of property, damage to infrastructure networks, disruption of economic activities, and spread of 

diseases are highly influential impacts [16], which disturbs the urban livelihood. As cities act as the 

economic engines of a country, urban flood-induced negative impacts could create massive losses 

directly to the city economy and indirectly to the entire nation. Therefore, it is important to assess the 

changing urban flood vulnerability in urban areas to enhance the preparedness of the cities [17]. 

2.2. Urban flood vulnerability mapping 

Urban flood vulnerability refers to a situation in which the people, properties, economy, 

infrastructure, housing, production capacities, and other tangible human assets in flood-prone areas 

being a victim of flooding. On the other hand, the ecological system gets exposed to the negative 

consequences of flood occurrence [18]. The first vulnerability study related to urban flooding was done 

in the USA and Great Britain around the 1970s. Since then, most of the vulnerability studies related to 

urban flooding were conducted with a focus on socioeconomic analyses conducted during the post-

flood situation [7]. 

Urban flood vulnerability is defined by different authors in different ways. For instance, the 

researchers in [19] discussed different aspects of vulnerability, such as social vulnerability, economic 

vulnerability, urban vulnerability, infrastructure vulnerability, and ecological and environmental 

vulnerability. However, urban flood vulnerability mapping aims to determine the spatial distribution 
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of highly concentrated urban activities in flood-risk areas. For that, human exposure to urban floods 

and flood susceptibility levels needs to be identified in a considered watershed. 

Recent advancements in remote sensing and cloud-based geospatial platforms have significantly 

improved flood vulnerability assessments. Studies such as Sy et al. [20] and Shinde et al. [21] 

demonstrated the application of Sentinel-1 SAR imagery within Google Earth Engine (GEE) to assess 

flood inundation extents and quantify urban exposure in real-time. Similarly, Gemitzi et al. [22] and 

Prasertsoong and Puttanapong [23] developed constantly updated flood risk mapping frameworks 

using high-resolution land cover and socio-economic indicators integrated within GEE, emphasizing 

the growing importance of satellite-based automation for flood modeling. 

Urban flood vulnerability also depends on the probability of flood occurrence and the situation 

of the people and other tangible assets exposed to urban floods. This transforms flood hazard into a 

risk that can cause humans to lose their lives and properties. According to the Asian Disaster Risk 

Centre [24], urban floods account for 41% of the total disasters in Asian Countries, and it has been the 

highest influencing disaster, which affects human lives and property. Although flooding is a natural 

part of the hydrological cycle, rapid urbanization and climatic change have caused an increase in the 

risk of flooding, specifically converting urban flooding into a topic that needs to be explored further [25]. 

2.3. Urban flood susceptibility mapping 

Flood susceptibility identifies the flood-vulnerable areas based on the physical conditions, 

topographic features, and other external conditioning factors such as weather, soil types, soil moisture, 

and infiltration capacity, according to the land cover. Therefore, the susceptibility analysis can be used 

as the key step towards the vulnerability assessment of urban flooding [26]. 

To determine urban flood susceptibility and the natural tendency of a flood event to happen, flood 

modeling has been used so far [27]. According to previous studies, there are three types of flood 

modeling. These include: (a) Hydrological methods; (b) Statistical methods; and (c) Knowledge-based 

methods [27,28]. Among them, the Statistical and Knowledge-based methods are the most frequently 

used methods with higher accuracy and data availability. Also, they have the possibility of 

incorporating many variables such as topographic features, climatic changes, and land use changes. 

Traditionally, flood estimation and management have been the domains of hydrologists, water 

resources engineers, and statisticians, and disciplinary approaches abound. Therefore, for this study, 

the flood susceptibility analysis has followed Statistical and knowledge-based methods. 

2.4. Contemporary tools and techniques used to identify human exposure levels to urban floods 

Contemporary approaches used to identify human exposure levels to urban floods can be 

categorized into three approaches. These include the (a) Qualitative approach; (b) Indicator-based 

approach; and (c) Quantitative analytical approach. The first vulnerability analysis was based on a 

decision model that defines how people understand the hazard, a qualitative approach, by Kates     

in 1971 [29]. Then, it was developed into a multi-disciplinary analysis by Birkmann in 2006 [30] by 

including physical, economic, and social aspects. However, these studies were based on a qualitative 

approach, which focuses on people’s perceptions. 

Thereafter, flood vulnerability analysis was directed towards an indicator-based approach, 

developing a Flood Vulnerability Index by Balica et al. in 2012 [31]. During 2018–2020, Synthetic 
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Aperture Radar, Sentinel, 1 and 2 were used in mapping the flood inundation and utilized in deriving 

the vulnerability of flooding with field surveys. Still, they have forgotten the community aspect of 

vulnerability mapping. Blistanova et al. [32] developed the multi-criteria analysis using GIS, which 

includes conditioning factors, and geomorphological features such as slope and soil type. The 

increasing urbanization and changing climatic patterns were also taken into consideration in the Danish 

Integrated Assessment System (DIAS) [19,33]. 

All the aforesaid approaches were used to identify the flood hazard aspect of flood vulnerability, 

but the human exposure to the flood vulnerability aspect was paid less attention in previous     

studies [34,35]. Focusing on urban flooding, human exposure has been a crucial point of concern, as 

the urban flood vulnerability changes rapidly with time with unforeseen urban growth. Therefore, all 

the existing methodologies that successfully determine the hazard of urban flooding have failed to 

determine the level of human exposure to urban flooding, which is the most important parameter of a 

natural hazard. 

Accordingly, researchers encounter several limitations in deriving human exposure levels to a 

hazard. These include (a) Space and time-consuming approaches in data collection and analysis; (b) 

Sparse data availability (especially in countries with less open data); (c) Lack of temporal and frequent 

analyses to trace the rapidly changing urban landscape [7,8,19]; and (d) Lack of an end-user interface 

i.e., website—for the local community to see the changing risk levels for the local community to     

be prepared. 

2.5. Use of NTL data for urban flood vulnerability mapping 

NTL data, which is a satellite observation with the intensity of light at night, can be utilized in 

determining the urban activity distribution of a particular area. According to Skoufias et al. [10], NTL 

data has been identified as an economic and population indicator. It is also a temporal set of data that 

can effectively monitor the rapidly changing urban environment in urban flood-prone areas. 

Accordingly, NTL data is a unique source of data that can determine the location of human activities, 

which is not merely the areas with higher population density and built-up areas, which can be derived 

from primary data collection or satellite images. The contemporary methodologies of identifying urban 

areas have the limitation of not being able to accurately track the human activity locations; nevertheless, 

determining the built-up areas. 

Urban flood vulnerability levels are determined by two aspects: (a) Flood susceptibility and (b) 

Human/assets exposure to floods. Flood susceptibility depends on (a) Topographic features: Slope 

angle, elevation, and aspect ratio [15,26,36]; (b) Weather-related factors: Precipitation [37–39]; (c) 

Land use and land cover: Normalized Difference Vegetation Index (NDVI) [7,40,41]; (d) River 

network density [27,42,43]; and, (e) Lithology: Soil texture and moisture [39,44,45]. 

Although flood susceptibility can be mapped with the aforesaid spatial criteria, mapping 

human/asset exposure levels to floods has become a hard and time-consuming task, especially in 

developing countries, due to sparse data availability. For instance, mostly the social and economic 

damage of the urban flood was studied by calculating the Social Vulnerability Index (SVI), which 

adopts primary data collection methods within the flood-affected community [7]. As these methods 

are time-consuming and case-specific, it is important to explore novel approaches to expedite the urban 

flood vulnerability assessment methods on which this study attempts to be based on. Furthermore, the 

rapid growth of the urban environments in flood-prone areas, which is a key determinant of human 
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exposure to urban flooding, also needs to be addressed while overcoming the limitations of the 

previous studies. 

Accordingly, the NTL data is to be used to address the knowledge gap. Here, we attempt to use 

NTL data to examine the human/asset exposure levels to floods. NTL is a satellite observation method 

used to sense human activities from night lights, and the observation of Visible and Infrared Imaging 

Suite (VIIRS) has been available since 2013. The images include the intensity of the light emitted from 

different sources in the night that indicates the concentration of urban activities. Therefore, VIIRS is 

to be utilized in the study as a solution to sparse data availability in flood vulnerability mapping in 

urban areas. 

2.6. Interactive web applications 

A web application is a representation of the information on a browser interface over the internet. 

This is a convenient method of delivering any type of data and analysis with easy access and through 

a user interface that anyone can handle and understand easily. When it comes to geospatial data analysis 

and representation, a web application can be utilized not only in delivering the results but also in 

analyzing data at the developer’s end and easily used in mapping real-time situations of changing 

phenomena such as urban flooding [46]. Furthermore, aspects like human exposure to disasters are a 

type of data that the general public, urban planners, and decision-making authorities should have 

convenient access to and be accurately available up to date. 

Visualizing the urban flood using a web application, which includes the layers with conditioning 

factors, flood susceptibility and the real-time urban pattern, is crucial in comparing and contrasting the 

changing effect of urban flood in a specific area and human exposure. Change in both parameters can 

be seen in the web application and can be used as an effective tool in monitoring the constant change 

and convenient handling of the user interface. Although there are GIS-based models, HEC-HMS, and 

HEC-RAS models [47–49] to monitor hydrological behavior and climate change, fewer attempts have 

been made in monitoring human exposure to urban flooding using a web application: The dataset and 

its interpretation can be accessed by anyone and for real-time monitoring of the disaster vulnerability. 

3. Data and methodology 

We intend to measure human exposure to urban flooding using NTL Data focused on the Kelani 

River basin. This chapter discusses the methodology, data, tools, and techniques used in the study. In 

the initial stage, the flood susceptibility analysis is done for the Kelani River basin with the aid of past 

flood occurrences and based on 9 conditioning factors. Then, as the main stage of the study, NTL data 

is utilized in identifying urban activity hotspots in Kelani River basin, which is validated with the 

Normalized Urban Area Composite Index (NUACI). Hence, we determine the levels of human 

exposure to urban flooding. 

3.1. Case study area 

Kelani River is a critical case in the occurrence of urban flooding in Sri Lanka in which the 

watershed area is subjected to rapid urban growth and frequent flooding. Kelani River is flooded 

annually in May and for several years in the months of February and November to an average height 
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of 3–4 meters near the gauging stations in Nagalagamweediya and Hanwella. According to the flood 

risk assessment within the Kelani River basin by [50], Hanwella Station is at the highest risk of being 

inundated, where the water level has risen to 19.7 m in 10 years, which is an increase of 89.3%, and 

has been subjected to rapid urban growth over the past few years, as revealed from temporal satellite 

images. Therefore, the Kelani River basin area is an important case study in measuring the level of 

human exposure to urban flooding. The area of study is derived from the Digital Elevation Model, the 

Shuttle Radar Topography Mission (SRTM) data downloaded from the USGS Earth Explorer. The 

extent of the study area is 2298.9 km2, as depicted in Figure 2. 

 

Figure 2. Location of the case study area. 

3.2. Methodological framework 

The study can be conceptualized as in Figure 3. Accordingly, human exposure to urban flooding 

is quantified using flood susceptibility analysis and the identification of urban human activities using 

a novel approach. 
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Figure 3. Methodology of the study. 
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3.3. Urban flood vulnerability assessment 

3.3.1. Level of human exposure by the intensity of NTL 

NTL data is the main source of data used in the study to examine the human exposure levels, 

which records the brightness of the light emitted artificially from the human activity features. Even 

though non-urban activities such as agriculture and burning can produce light emissions that can be 

detected by NTL sensors, urban areas are the primary source of light associated to habitation, land, 

energy consumption, and other development-related activities. This is because urban regions have most 

of these activities take place [51]. The NTL is captured using two satellites: The Défense 

Meteorological Satellite-Program Operational Line Scan System (DMSP-OLS) and Suomi National 

Polar-orbiting Partnership visible IR Imaging Radiometer Suite (NPP-VIIRS). We utilize monthly 

composite VIIRS NTL data spanning from 2013 to 2023, retrieved via the GEE, due to its improved 

spatial resolution and radiometric accuracy compared to DMSP-OLS. A detailed explanation about the 

data sources used is given in Table S1 of the supplementary documents. 

3.3.2. Urban flood susceptibility 

According to Khosravi et al. [52], the magnitude of the flood depends on the duration and the 

intensity of rainfall, while catchment characteristics such as topographic features, land cover, soil 

characteristics, and river network are the factors affecting flood susceptibility. Accordingly, Table 1 

shows the conditioning factors and the attributes considered under each factor for the study. Figure S1 

of the supplementary document provides all the maps prepared for each conditioning factor to conduct 

the spatial analysis. 

Table 1. Conditioning factors and the attributes. 

Conditioning factor Attributes Source of data 

Topographic features Slope 

Elevation 

Curvature 

Derived from DEM, 

SRTM Data from USGS Earth Explorer 

 Topographical Wetness Index (TWI) SRTM Data from USGS Earth Explorer 

Weather related factors Precipitation 

(Average Annual Precipitation) 

Meteorological Department, Sri Lanka 

Hydrological network Stream density 

Distance of a river 

Survey Department, Sri Lanka 

Land cover NDVI Remote Sensing, Landsat 8 data from 

USGS Earth Explorer 

Lithology Soil type National Building Research 

Organization 

According to Table 1, topographic features are consisting with Slope, Elevation, Curvature, and 

Topographical Wetness Index (TWI). Slope is one of the key factors in regional flood analysis in which 
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the slope angle is the main parameter of study, as the steeper slope results in increased runoff [53]. The 

slope angle has been categorized into five major classes as 0–5°, 5°–12°, 12°–18°, 18°–30°, and 30°–70°. 

Elevation is the probability that flood occurrence is lower in high elevations [54]. Accordingly, the 

elevation map has been taken into analysis and classified into five classes: 0–200 m, 200–500 m, 

500–1000 m, 1000–1500 m, and 1500–2500 m. Curvature is also another key indicator in regional 

flood susceptibility analysis, which reflects the shape of the ground surface [38], as stated in Eq 1. 

Therefore, a curvature map is derived from the DEM classified into five classes: −4.6–−0.5, −0.5–−0.1, 

−0.1–0.2, 0.2–0.6, and 0.6–7.5. The Topographical Wetness Index (TWI) is a qualitative representation 

to evaluate the runoff, which is also a geometric parameter of soil moisture [55], as stated in Eq 2. 

As = (flow accumulation + 1) * cell size,       (1) 

TWI = ln (As/tan (β).          (2) 

‘As’ is the cumulative upslope area draining through a point (per unit contour length), and tanβ is 

the slope angle at the point [56]. ArcGIS software was used to produce TWI as classified into 6  

classes: 0–8, 8–10, 10–12, 12–15, and 15–25. 

Weather-related factors include precipitation. Precipitation is the main factor affecting the 

magnitude and duration of the flood. Therefore, in flood susceptibility, annual average rainfall for the 

past five years from 2017 to 2022 has been taken into consideration under five classes: 2000–3500 mm, 

3500–4000 mm, 4000–4500 mm, 4500–5500 mm, and 5500–8500 mm. Stream density is also one of 

the main conditioning factors that contribute to flood occurrence [55]. The density was determined 

using ArcGIS software, which calculates the stream links per unit area, which is classified into five 

classes: 1–0.12, 0.12–0.3, 0.3–0.5, 0.5–0.75, and 0.75–1.3. 

Hydrological network is a key determinant of flooding. Therefore, the distance from a river link 

buffer map was also considered in the analysis and classified into five classes, 0–200 m, 200–500 m, 

500–1000 m, 1000–2500 m, and 2500–5000 m, to assess the effect of its extent of flooding. The land 

cover, which determines the level of infiltration and runoff, is a critical factor in urban flooding [38]. 

NDVI was calculated using Eq 3 given below using the GEE. 

NDVI =
NIR Band+RED Band

NIR Band−RED Band
.        (3) 

Land cover was examined through NDVI. The NDVI map was created using Operational Land 

Imager (OLI) sensor images from the Landsat 8 satellite, which were classified into five       

classes: −0.32–0, 0–0.3, 0.3–0.5, 0.5–0.6, and 0.6–0.8. 

Lithology was the last conditional factor, which considered soil type as the main attribute. Soil 

type also plays a key role in the rate of infiltration, which directly affects the magnitude and extent of 

flooding, and are classified into the following categories as extracted from the National Building 

Research Organization soil type mapping: (a) Erosional remnants steep rock, (b) latosols and regosol 

red and yellow sands, (c) reddish brown latosolic soils, (d) red-Yellow podzolic soils and mountain 

regosol, (e) red-yellow podzolic soils strongly mottled sub-soils, and (f) red-yellow podzolic soils with 

prominent A1 or semi-prominent A1. 

3.3.3. Past flood occurrences: River gauge data from 2000 to 2021 

For past flood occurrences, the extent and the return period are mandatory to analyze future flood 
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susceptibility [57]. Therefore, the source of past flood occurrences in the Kelani River basin is the 

daily readings of the river gauges of Kelani River, Hanwella, and Nagalagam Weediya. The data was 

obtained from the Irrigation Department, Sri Lanka, for the past 21 years from 2000 to 2021. The flood 

was identified with the daily gauge reading according to Table 2. 

Table 2. Flood identification. 

Gauging Station Location Alert level Minor flood Level Major flood level 

Hanwella 6.9079, 80.0630 7.00 ft 8.00 ft 10.00 ft 

Nagalagam Weediya 6.9579, 9.87862 4.00 ft 5.00 ft 7.00 ft 

The average daily water levels from 2000–2021 is depicted in Figure 4. It shows the hourly water 

levels of the Hanwella and Nagalagam Weediya gauging stations during the flood. This gives a clear 

representation of the daily flood duration and magnitude. Detailed hourly readings presented in Figure 4 

are given in Table S2 and S3 in the supplementary document. 

 

Figure 4. Average water level of gauging stations (Hanwella & Nagalagam Weediya). 

Source: Irrigation Department, Sri Lanka. 

After identifying the flood occurrence using historical gauge data, the spatial extent of past flood 

events was delineated using Sentinel-1 SAR GRD: C-band Synthetic Aperture Radar data. SAR 

imagery, with its all-weather, day-and-night acquisition capabilities, enables reliable flood mapping 

regardless of cloud cover or lighting conditions. For this study, Sentinel-1 SAR data from 2016 to 2022 

were retrieved from the GEE platform to identify flood inundation areas corresponding to major flood 

events within the Kelani River basin. Detailed spatial outputs and processing results are provided in 

Figure S1 of the supplementary document. 
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3.4. Overlaying 

3.4.1. NUACI 

According to Liu et al. [58], the NUACI proposes a new approach to depicting urban activities 

compared with several indices (Human Settlement Index, Vegetation Adjusted NTL Urban Index), 

whereas NUACI index given in Eq 4 accounts for the highest accuracy. Therefore, in validating the 

use of NTL Data in measuring human exposure to urban flooding, NAUCI is utilized. 

NUACI= {
0, d > r, d = √(NDWI − a)2 + (EVImax − b)2

(1 − d/r) ∗
OLS−OLSmin

OLSmax−OLSmin
, d < r

,     (4) 

Note: NDWI—Normalized Difference Vegetation Index; [NWDI (Sentinel 2A) = (NIR − MIR) / (NIR + MIR)]; EVI—

Enhanced Vegetation Index; [EVI (Sentinel 2A) = (2.5 * (“NIR Band” – “RED Band”))/(“NIR Band” + (2.4 * “RED Band”) 

+ 1)]; a—Average Value of NDWI; b—Average Value of EVI; r—Radius of the circle region aggregated with urban samples; 

d—Distance to the centre of the circle; OLSmin—Minimum values in the DMSP-OLS image (VIIRS has been used); 

OLSmax—Maximum values in the DMSP-OLS image (VIIRS has been used). 

Accordingly, NUACI ranges between 0–1, which can be utilized in validating the accuracy of 

using VIIRS in extracting the human activities in an urban area to measure the human exposure to 

urban flooding. 

3.4.2. Frequency Ratio Model (FRM) 

The FRM has been used as a bivariate statistical technique that builds up a qualitative relationship 

between the frequency of flood occurrence and different conditioning factors [27]. The Frequency 

Ratio is calculated using Eq 5. 

Frequency Ration =  
Urban Flood Occurrence Ratio

The Ratio in each Class in Conditioning Factors
.   (5) 

Accordingly, the weighted value of the classes used to categorize each parameter is determined 

based on urban flood occurrence in each class. This method depends on the selection of the required 

parameters and their categorization into a number of classes, overlaid with the previous flood 

occurrences at a higher frequency. Finally, the level of susceptibility to flooding in the selected area is 

determined. Further, Eq 6 was used in weighing each class of the selected conditioning factors that 

qualitatively determine the level of flood susceptibility. Calculated frequency ration values and 

prediction ration values are given in Tables S4 and S5 in the supplementary document. 

Frequency Ratio =  

Npix(Fi)

∑ f(Xi)m
i=1

Npix(Xj)

∑ Npix(Xj)n
j=1

.        (6) 

Note: Npix (Fi) = The number of pixels with flood within class i of conditioning factor variable X; Npix (xj) = The number of 

pixels within conditioning factor variable; m = The number of classes in the parameter variable; n = The number of factors 

in the study area. 
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According to Pradhan et al. [28], the conditional probability of an event to occur, when another 

past occurrence has been recorded, is the likelihood of that event happening, as stated in the probability 

theory. Therefore, in calculating the Flood Susceptibility, the conditioning factor layers were 

reclassified according to the weights obtained by the frequency model, and all the factors are summed 

up as in Eq 7, where fr is the reclassified conditioning factor based on the determined Frequency Ratio 

weights. 

Flood Suceptibility =  fr1 + fr2 + fr3 + fr4 + ⋯ + frn.     (7) 

3.5. Spatial validation of NTL data and flood susceptibility mapping 

To ensure the reliability of the spatial analysis techniques employed in this study, a systematic 

validation was conducted for both components of the urban flood vulnerability assessment: (a) Flood 

susceptibility mapping, and (b) identification of urban activity zones using NTL data. In both cases, a 

confusion matrix framework was applied to quantify the accuracy and predictive performance of the 

respective models. 

3.5.1. Validation of flood susceptibility mapping 

The flood susceptibility map generated using the FRM was validated against historical flood event 

records, including river gauge data and flood extents delineated from Sentinel-1 SAR imagery between 

2016 and 2022. This validation involved overlaying known flood occurrence points with model-

predicted high-susceptibility zones. A confusion matrix was then constructed to assess the spatial 

agreement between observed flood areas and predicted flood-prone zones. The matrix categorized 

spatial pixels into: 

• True Positives (TP): Correctly predicted flood-prone areas, 

• False Positives (FP): Areas predicted as flood-prone but not observed as flooded, 

• True Negatives (TN): Correctly predicted non-flood areas, 

• False Negatives (FN): Areas not predicted as flood-prone but observed as flooded. 

3.5.2. Validation of NTL-based urban activity detection 

In addition to flood susceptibility, the accuracy of using NTL data to detect urban activity intensity 

was assessed. This was done by comparing the NTL-derived urban zones with the NUACI, a validated 

benchmark for identifying urban areas, which has an accuracy of 96% according to a study by      

Tong et al. [59]. Accordingly, the confusion matrix can be simplified as shown in Table 3 and Eq 8. 

ccuracy =  
TP+TN

TP+FP+TN+FN
.        (8) 

Table 3. Confusion Matrix. 

 Predicted Negative False Negative (FN) 

Predicted Positive True Positive (TP) False Positive (FP) 

Predicted Negative False Negative (FN) True Negative (TN) 
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3.6. Web application development 

The web application development was done using the GEE with Java programming language on 

the developer end, which enables analyzing and visualizing the geospatial information. The key 

advantage of using GEE in analyzing the data is that the real-time NTL and other satellite image data 

were incorporated into the study, acquiring the required dates for the analysis on the developer’s end 

easily and can be visualized at the user end, as the human exposure to urban flooding rapidly changes 

with urban growth and the flood susceptible areas with changing climate patterns, including man-made 

alterations to the topography of the area. Therefore, we intend to develop a web application that can 

monitor real-time human exposure to urban flooding with changing external factors. Moreover, this 

application can be developed for any other location of study with very few input data layers, such as 

precipitation, soil types, and so on altering the watershed area boundary of the study. 

4. Results and discussion 

4.1. Level of vulnerability 

Figure 5 shows the levels of flood vulnerability for the Kelani watershed area, overlaying the 

flood susceptible areas and the concentration of human activities, which were derived from the 

intensity of NTL data. 

 

Figure 5. Urban flood vulnerability levels. 

4.1.1. Urban areas with very high vulnerability 

Figure 6 reveals three highly flood-vulnerable urban spots. These are the (a) Kaduwela; (b) 

Kelaniya-Peliyagoda; and (c) Kolonnawa-Koswatta corridor. 
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Figure 6. Areas with very high urban flood vulnerability. 

Of the three identified urban flood hotspots, severe flooding has been most prominently reported 

in the Kaduwela area. In this section, we focus on the Kaduwela Municipal Council, a frequently flood-

affected region where the magnitude and extent of flooding have increased, as highlighted in the 

Hydrological Report on the Kelani River Flood in May 2016 by the Irrigation Department of Sri Lanka. 

According to Ranaweera et al. (2017) [60], the built-up areas of Kaduwela area have increased from 8.6% 

to 22.9% of the total land use types from 1975 to 2016, which can be clearly observed in Figures 7 and 8. 

The population increase accounts for +168.9% within that time. 

 

Figure 7. Land use of Kaduwela MC–1975 [60]. 
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Figure 8. Land use of Kaduwela MC–2021. 

Figures 7 and 8 provide a comparative assessment of flood vulnerability in Kaduwela. Figure 9 

illustrates urban flood susceptibility based on environmental and topographic conditioning factors, 

highlighting natural flood-prone areas. In contrast, Figure 10 integrates human exposure by overlaying 

urban activity indicators such as population density and NTL intensity. This comparison reveals that 

while natural flood-prone areas are concentrated in low-lying regions near water bodies, human 

exposure is significantly higher in dense urban settlements, commercial hubs, and industrial zones, 

emphasizing the role of land-use transformation in increasing flood risk. 

 

Figure 9. Urban flood susceptibility levels—Kaduwela. 
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Figure 10. Human exposure to urban flooding—Kaduwela. 

 

Figure 11. Battaramulla—High urban flood vulnerable area. 

Administrative/ 

Service 

Activities 

High Dense 

Commercial 

Activities 



74 

Urban Resilience and Sustainability  Volume 3, Issue 1, 57–85. 

With the construction of the outer-circular expressway in 2014, Kaduwela is a rapidly growing 

urban hotspot in the Colombo-Kandy corridor (Figure 10). Furthermore, the Kaduwela-Malabe area 

has been identified as an Information Technology, High-Tec business development zone with the 

existing economic setting of the area, which attracts thousands of professionals to the city, according 

to the studies done by the Colombo Megapolis Development Plan. 

Moving on to the Kolonnawa-Koswatta corridor (a), this region has experienced significant 

urbanization, contributing to increased vulnerability to flooding. Similarly, the Kolonnawa-Koswatta 

area is a developing economic-service center for Colombo, with the location of administrative activities. 

Figure 11 illustrates the urban flood vulnerability of the Battaramulla area, a highly densified 

corridor with significant commercial, administrative, and service activities. Over time, these 

developments have contributed to an increase in urban flood vulnerability, as seen in the map’s red 

zones. Additionally, the population in the surrounding Kolonnawa-Koswatta area has surged by 172.5% 

from 1975 to 2016, exacerbating the flood risk. With this rapid growth, the already vulnerable area 

faces even more challenges, particularly with frequent flooding events. For example, during the 

October 2022 flood, Kolonnawa recorded the highest number of displaced people, with a total of 3,666 

individuals affected. 

 

Figure 12. Peliyagodawatta—High urban flood vulnerable area. 

Kaduwela 
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Figure 12 shows that the Kelaniya-Peliyagoda area is the third hotspot having high urban flood 

vulnerability, as indicated by our results. The map highlights significant regions with high to very high 

flood vulnerability, particularly in areas such as Peliyagoda, where dense development and low-lying 

land contribute to the increased risk. This heightened vulnerability is reflected in the color-coded zones 

on the map, where the red and orange areas represent the most susceptible locations to urban flooding. 

The population change of the Kelaniya-Peliyagodawatta area is +57.1% from 1975 to 2016, which 

is comparatively lower than the other two (Kaduwela and Kolonnawa-Koswatta Corridors) identified 

as very high flood-vulnerable hotspots, according to the study. This is a clear reflection of the 

increasing urbanization and development within the region, which has elevated the flood risk in this 

area. The population growth in the Kelaniya-Peliyagoda area is a key factor contributing to the 

increased vulnerability. From 1975 to 2016, the population rose by 57.1%. This is comparatively lower 

than the growth rates observed in the Kadawela and Kolonnawa-Koswatta corridors, which are also 

identified as high flood-risk hotspots. However, the population increase in the Kelaniya-Peliyagoda 

area has brought with it a greater human exposure to flood risks. The development in this area is not 

limited to residential growth; new infrastructure projects and expanding economic activities further 

intensify the flood vulnerability. 

As shown in the Figure 12, the higher vulnerability zones are associated with areas of significant 

commercial, residential, and service infrastructure. This suggests that the developments in the 

Peliyagoda-Kelaniya region, which include new commercial centers, housing, and industrial areas, 

have likely contributed to the exacerbation of urban flood risks. Our findings highlight the need for 

targeted urban planning and flood mitigation strategies to address the growing flood vulnerability in 

this corridor. 

4.1.2. Urban areas with high vulnerability 

 

Figure 13. Areas with high urban flood vulnerability. 

Bomiriya 
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Figure 13 highlights the areas with high urban flood vulnerability, shown in orange on the map. 

These areas include the urban cores of Peliyagoda-Kelaniya, Kolonnawa-Koswatta, and Kaduwela, as 

well as the surrounding regions such as Madiwala, Pelawatta, Sedwatta, Biyagama, Ranala, Bomiriya, 

and Hanwella. According to the study, these locations are highly vulnerable to urban flooding. 

Focusing on the Hanwella area, which is another significant hotspot for urban flooding, the 

population increased from 1975 to 2016 by 25.1%. This growth rate is comparatively lower than the 

more heavily affected areas like Peliyagoda-Kelaniya and Kolonnawa-Koswatta. However, the results 

suggest that the increased human density in these areas has intensified the vulnerability to flooding. 

This finding emphasizes the importance of understanding the relationship between population growth 

and flood vulnerability, highlighting that the level of human exposure to urban flooding is closely 

linked to the scale of urban development and population density, which significantly impacts flood 

risk. 

4.1.3. Urban areas with moderate vulnerability 

Figure 14 indicates the areas with moderate flood vulnerability in yellow. The moderate urban 

flood vulnerability includes the flood susceptible areas and the intensity of night light that represents 

the concentration of urban activities. The moderate flood vulnerable areas include the high and 

moderate flood susceptible areas with a moderate concentration of urban activities, according to the 

intensity of NTL. This mostly includes the adjacent area to high urban flood vulnerable areas. 

 

Figure 14. Areas with moderate urban flood vulnerability. 

4.1.4. Urban areas with low and very low flood vulnerability 

Figure 15 presents the urban areas in the Kelani Watershed Basin that exhibit low and very low 

flood vulnerability. These areas, marked in light green and dark green on the map, are characterized 
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by minimal flood risk, which can be attributed to factors such as elevated terrain, lower urbanization, 

and minimal human activity. 

 

Figure 15. Areas with low and very low urban flood vulnerability. 

4.1.5. Influence of urban activity concentration on flood vulnerability 

In contrast to the areas with low and very low flood vulnerability, the concentration of urban 

activities plays a crucial role in determining the flood susceptibility of certain regions. Areas with 

higher urban activity concentrations, as indicated by NTL data, tend to exhibit higher vulnerability to 

urban flooding. The more densely populated and developed areas, which are typically characterized 

by extensive infrastructure and urbanization, contribute to increased flood risk due to factors such as 

reduced natural drainage capacity, impervious surfaces, and the presence of critical infrastructure that 

can exacerbate the impact of flooding. 

Both areas marked in the maps (Figures 16 and 17) are diagnosed with higher flood susceptibility. 

However, the area marked in red shows a higher vulnerability to urban flooding, while the area marked 

in blue shows a lower vulnerability to urban flooding. This discrepancy can be attributed to the 

concentration of urban activities. The intensity of NTL data reveals that the blue-marked area, where 

no human activities are recorded, has a lower flood vulnerability. In contrast, the red-marked area, with 

a higher concentration of urban activities, shows higher flood vulnerability. Despite both areas being 

highly susceptible to urban flooding, the higher urbanization in the red-marked area contributes to its 

increased vulnerability. 

The maps in Figures 16 and 17 illustrate this relationship, with Figure 16 focusing on flood 

susceptibility and Figure 17 showing human exposure to flooding in regions with varying levels of 

urban activity. 
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Figure 16. Flood susceptibility—Hanwella area. 

 

Figure 17. Human exposure to urban flooding—Hanwella area. 

4.1.6. Advantages of using NTL in vulnerability assessments 

NTL, which has been the novel source of data used in this study, is vital as an indicator of urban 

activities in quantifying the urban flood vulnerability. A key advantage of NTL is the availability of 

real-time data monthly. When compared with the other urban area identifying calculations such as 

NDVI, NDBI, and EVI, the data has to be acquired for a specific date considering the availability of 

Landsat or Sentinel images, the sparse data availability, and disturbances with cloud cover affecting 

the accuracy of those contemporary methods to extract the urban built-up data. As specified, those 

indices are for extracting ‘urban built-up’, not specifically the ‘urban activities’, which directs us to 
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the next key advantage of NTL, which has been an effective measure to determine the urban activities. 

The other main advantage is NTL’s convenience in further analysis, as the intensity level of the NTL 

data is considered, and no calculations are required as in the discussed indices to determine the urban 

activities. Therefore, NTL can be used, conveniently, effectively, accurately as a measure to determine 

the distribution of urban activities of a specific area. 

4.2. Development of a web application 

The web application was developed using Java programming language and GEE, enabling real-

time urban flood vulnerability assessments based on NTL data. The developed web application can be 

found in: https://researchnuwanidata.users.earthengine.app/view/floodvulnerability. 

The web application incorporates data layers related to flood susceptibility, which include the 

nine conditioning factors, including Slope, Elevation, Curvature, Topographical Wetness Index (TWI), 

Precipitation, Stream Density, Distance of a River, NDVI, and Soil Type. These data layers were 

retrieved from remote sensing sources and integrated into the platform as extensively discussed in the 

methodology section. The past flood occurrences for the Kelani River basin, determined using 

historical data from the Irrigation Department of Sri Lanka, were also included to assess flood 

susceptibility across the study area. 

The key advantage of using the GEE for this application is the ability to access and analyze large 

datasets, such as NTL and conditioning factors, seamlessly. Real-time data updates are easily 

incorporated, enabling continuous monitoring and analysis of flood vulnerability. The web application 

can be customized by users, enabling them to select specific data layers for analysis. The user interface 

is designed to be simple and user-friendly, with an interactive map that provides various tools such as 

zoom, legend, map marker, and shape tools for a more detailed examination of the area. 

In the application, the flood susceptibility of the Kelani River basin is visualized alongside the 

NTL data, which represents human activity intensity. The integration of NTL data, which captures the 

concentration of urban activities at night, enables an accurate assessment of human exposure to flood 

risks. The analysis was validated using the NUACI, providing a clear indication of the intensity and 

distribution of urban activities. 

Users can easily interact with the platform by switching between different map layers to visualize 

and compare the flood susceptibility and human exposure to flooding. Additionally, the application 

includes both satellite maps and open street maps, which can be toggled for better visualization and 

analysis. These features make the platform an invaluable tool for urban planners, policymakers, and 

disaster risk managers, offering a comprehensive view of urban flood vulnerabilities in the study area. 

Furthermore, the web application is designed to be adaptable to other regions. By simply altering 

the boundary of the study area and adjusting the data layers, the platform can be used to assess flood 

vulnerability in different watersheds, considering the specific characteristics and past flood 

occurrences of each region. This flexibility makes the web application a powerful tool for decision-

making and real-time monitoring of urban flood risks. 

In conclusion, this web application serves as an effective decision-making tool for urban planning, 

enabling stakeholders to monitor and mitigate the risks associated with urban flooding. The ability to 

update NTL data in real-time and overlay it with other flood susceptibility factors ensures that the 

application provides up-to-date, actionable insights for managing flood risks and planning for future 

urban development. 

https://researchnuwanidata.users.earthengine.app/view/floodvulnerability
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4.3. Spatial validation results 

4.3.1. Flood susceptibility model accuracy 

The flood susceptibility map was validated using spatial overlays with confirmed flood 

occurrences from 2016–2022, derived from SAR-based flood extents and gauge station records. The 

confusion matrix analysis produced an overall accuracy of 82%, indicating a strong agreement between 

predicted and observed flood-prone areas. 

4.3.2. NTL classification accuracy 

The NTL-derived urban activity map was validated using NUACI as a reference. This comparison, 

also based on a confusion matrix, produced an accuracy of 76%, reinforcing the utility of NTL data 

for exposure mapping, despite limitations in detecting smaller, low-light urban settlements. 

4.4. Limitations 

While this study introduces a novel approach to urban flood vulnerability mapping using NTL 

data, several limitations must be acknowledged. First, the classification accuracy of NTL-derived 

urban activity zones, although validated using NUACI with 76% accuracy, can be further improved by 

integrating higher-resolution socio-economic or mobile sensing data. Second, the spatial resolution of 

VIIRS NTL data may limit the detection of micro-scale urban dynamics, particularly in heterogeneous 

urban environments. Third, the web application depends on monthly composite NTL datasets, which 

may not fully capture daily variations in urban activity or emergency events. Additionally, although a 

confusion matrix-based validation was applied to assess both flood susceptibility and urban exposure 

models, field-based ground truth validation was not conducted. We acknowledge the importance of 

empirical verification and recommend incorporating ground-reported flood data and participatory 

validation in future studies to enhance predictive robustness. Finally, incorporating real-time 

hydrological data and forecast models could improve the temporal responsiveness of flood risk 

assessment. In the future, researchers should also focus on enhancing the web interface to support real-

time alerts and participatory data inputs for decision-making. 

5. Conclusions 

We propose a methodology for quantifying human exposure to urban flooding using NTL data. 

Urban flood vulnerability is evaluated through two aspects: (a) Flood susceptibility, which assesses the 

likelihood of flood occurrence, and (b) exposure, represented by the concentration of human activities, 

which is measured using NTL intensity. The Kelani River watershed was used as a case study, where 

higher NTL intensity correlated with areas of intense urban activity, indicating greater human exposure 

to flood risks. 

Flood susceptibility was quantified using nine conditioning factors, including slope, elevation, 

curvature, topographic wetness index, average annual precipitation, land cover, stream network density, 

distance to streams, and soil types. These factors were integrated with past flood occurrences using the 

FRM, which successfully identified flood-prone areas. Researchers have validated the FRM model’s 
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effectiveness, with an accuracy of over 90% in flood hazard mapping. In this study, the FRM approach 

accurately quantified flood susceptibility in the Kelani River watershed. 

NTL data, which is often used to map urbanized areas, was employed to assess human exposure 

to flooding. The results indicate that areas with higher NTL intensity correspond to higher flood 

susceptibility, with urbanized areas showing increased vulnerability. Conversely, areas with lower NTL 

intensity, such as wetlands and marshes, exhibit lower human exposure, despite their higher flood 

susceptibility, highlighting the importance of incorporating both susceptibility and exposure into flood 

vulnerability assessments. The use of the NUACI for classifying urban activity concentration showed 

high accuracy (96%) in previous studies. In this study, the classification of NTL data achieves 76% 

accuracy, and researchers should focus on improving this classification precision for more accurate 

flood vulnerability mapping. 

The developed web application provides a user-friendly platform for real-time flood vulnerability 

assessment and urban planning. The application enables users to select and visualize various data layers, 

such as flood susceptibility and human exposure, with real-time updates. Its adaptability makes it a 

useful tool for other regions, supporting flood risk monitoring and decision-making. The flexibility to 

update the data sources and visualize urban flood vulnerability ensures its ongoing relevance for urban 

planners, disaster managers, and policymakers. This study contributes a cost-effective, time-efficient, 

and open-source methodology that addresses many limitations found in previous research. The 

approach combines NTL data with flood susceptibility factors to provide a comprehensive 

understanding of urban flood vulnerability. Moving forward, enhancing the precision of NTL 

classification and incorporating real-time data into flood exposure warning systems could further 

improve flood risk management. This methodology can be expanded to other regions for monitoring 

urban flood vulnerability and guiding urban planning and risk reduction strategies in flood-prone areas. 
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