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Abstract 13 

Urban flood vulnerability monitoring requires a large amount of socioeconomic and environmental data collected at regular time 14 
intervals. However, collecting such a large volume of data poses a significant constraint in assessing changes in flood vulnerability. 15 
This study proposed a novel method to monitor spatiotemporal changes in urban flood vulnerability from satellite nighttime light 16 
(NTL) data. Peninsular Malaysia was chosen as the research region as floods are the most devastating and recurrent phenomena in 17 
the region. The study developed a flood vulnerability index (FVI) based on socioeconomic and environmental data from a single 18 
year. This FVI was then linked to NTL data using an Adaptive neuro-fuzzy inference system (ANFIS) machine learning algorithm. 19 
The model was calibrated and validated with administrative unit scale data and subsequently used to predict FVI at a spatial 20 
resolution of 10 km for 2000‒2018 using NTL data. Finally, changes in estimated FVI at different grid points were evaluated using 21 
the Mann-Kendall trend method to determine changes in flood vulnerability over time and space. Results showed a nonlinear 22 
relationship between NTL and flood vulnerability factors such as population density, Gini coefficient, and percentage of foreign 23 
nationals. The ANFIS technique performed well in estimating FVI from NTL data with a normalized root-mean-square error of 24 
0.68 and Kling-Gupta Efficiency of 0.73. The FVI revealed a high vulnerability in the urbanized western coastal region (FVI ~ 0.5 25 
to 0.54), which matches well with major contributing regions to flood losses in Peninsular Malaysia. Trend assessment showed a 26 
significant increase in flood vulnerability in the study area from 2000 to 2018. The spatial distribution of the trend indicated an 27 
increase in FVI in the urbanized coastal plains, particularly in rapidly developing western and southern urban regions. The results 28 
indicate the potential of the technique in urban flood vulnerability assessment using freely available satellite NTL data. 29 
© 2017 Elsevier Inc. All rights reserved. 30 
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1. Introduction 32 

Floods are the most costly and common natural disasters, affecting nearly 250 million people and causing more 33 
than $40 billion in damage worldwide yearly (OECD, 2016). About a third of natural catastrophe economic losses are 34 
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attributable to flood damage (Bosello et al., 2018). A significant increase in flood risk, mainly urban flood risk, has 35 
been reported globally in recent years (Guo et al., 2021; Miller and Hutchins, 2017; Pour et al., 2020). Rapid population 36 
expansion in urban areas and the concentration of construction in flood plains contribute significantly to these regions' 37 
vulnerability to flooding (OECD, 2016; Cooper, 2019; Guerreiro et al., 2018; Liu and Niyogi, 2019). Changes in 38 
human settlements, infrastructure, public policy and administration, organizational capacity, social inequities, gender, 39 
economic patterns, etc., have all been identified as variables that affect flood susceptibility in study regions (Feloni 40 
and Baltas, 2020; Ibrahim et al., 2017; Romali and Yusop, 2021). Despite adopting various mitigation measures, 41 
population exposure to floods and flood damages is increasing rapidly worldwide (Glass, 2013; Opperman and Duvail, 42 
2013; Keating et al., 2017). More than 50% of the global population is projected to be in flood hazard zones by 2030 43 
(OECD, 2016). Reducing flood vulnerability is most appropriate to mitigate property damage and reduce flood risk. 44 
Assessing flood vulnerability and understanding its changes over time is vital for planning flood vulnerability 45 
reduction measures.  46 

Assessing flood vulnerability requires a lot of hydrometeorological, physical, and socioeconomic data (Zhang et 47 
al., 2021; Soltani et al., 2021). Traditionally, the acquisition of socioeconomic and environmental data is time-48 
consuming and costly. The flood vulnerability also changes with the changes in socioeconomic and environmental 49 
conditions. Therefore, monitoring the changes in flood vulnerability needs to collect a large amount of data at regular 50 
intervals. However, collecting such massive data is costly and not practicable for many developing countries. Improved 51 
remote sensing and computational capabilities have made it possible to accurately predict a wide range of physical 52 
and hydrological parameters. It made environmental change monitoring easier for the areas lacking sufficient 53 
observations (Lees et al., 2021; Mohanty and Simonovic, 2021).  54 

Nighttime light (NTL) from earth-observing satellites is a valuable data source for understanding anthropogenic 55 
activities (Bennett and Smith, 2017; Coesfeld et al., 2020; Elvidge et al., 2020; Zhao et al., 2019). In recent years, 56 
NTL has been used for monitoring urban growth (Bharti and Tatem, 2018; Chen et al., 2019; Li et al., 2017), mapping 57 
dynamics of human population spread (Bennet and Smith, 2017; Chen et al., 2019; Enenkel et al., 2020; Tian et al., 58 
2014; Kohiyama et al., 2004), studying the impacts of disasters on human settlements (Kohiyama et al., 2004; 59 
McDermott et al., 2015), explaining economic expansion, monitoring carbon emission from cities (Yang et al., 2020) 60 
and understanding human movements (Chen et al., 2019). Such data can be used as a proxy to assess socioeconomic 61 
change and understand how population vulnerability to a potential disaster changes (Guo et al., 2018; Ceola et al., 62 
2015; de Miguel et al., 2020).  63 

However, studies related to vulnerability assessment using NTL data are very limited. Only a few attempts have 64 
been made in recent years to assess vulnerability to different hazards using NTL data (Ceola et al., 2015; Fan et al., 65 
2021; Mård et al., 2018). Fan et al. (2021) estimated the seismic vulnerability of buildings using NTL and MODIS 66 
vegetation index data. Y. Li et al. (2021) estimated the heating degree days (HDD) from NTL and satellite air pollution 67 
data to proxy for climate change vulnerability. Using NTL as a proxy for human settlement development along rivers 68 
linked to increased flood risk, Ceola et al. (2015) demonstrated how flood risk has fluctuated through time. Mård et 69 
al. (2018) used NTL to assess humans settling away from rivers after floods to understand human responses to 70 
flooding. However, those studies were limited to qualitative assessment of flood vulnerability. The only attempt taken 71 
so far to quantify flood susceptibility modeling using NTL data is by Fang et al. (2021). They used a multicriteria 72 
decision analysis (MCDA) tool to estimate the flood susceptibility index from elevation, drainage density, rainfall, 73 
and vegetation density data. They then developed a linear regression model to establish the relation between NTL and 74 
the susceptibility index. The major drawback of the study was the use of simple linear regression. Previous studies 75 
reported nonlinear relationships between socioeconomic changes and NLT data (Yang et al., 2020; Qiang et al., 2020).  76 

Increased spatial heterogeneity in artificial nighttime lighting sources due to variations in development, land use, 77 
human activities, and cultural practices at fine spatial scales significantly affect NTL brightness. Consequently, NTL 78 
corresponds to socioeconomic factors nonlinearly (Ma, 2018; Wan et al., 2023). The nonlinear relationship is a major 79 
challenge in modeling socioeconomic changes from NTL data. For instance, a positive exponential trend exists 80 
between NTL and population density (Chen et al., 2019). However, the exponential curve is often very sharp for higher 81 



 Author name / 000 (2017) 000–000 3 

values associated with NTL. Deriving such exponential equations reliably using conventional statistical methods is 82 
often very difficult. Thus, the demand for sophisticated modelling methods is increasing. The machine learning (ML) 83 
algorithm allows the development of highly nonlinear and complex relationships between variables. In order to better 84 
represent complex systems, several ML techniques have been created during the past four decades. Studies reported 85 
that integrating two or more classical ML can improve the capability of deriving complex nonlinear relationships 86 
compared to classical ML algorithms. An adaptive neuro-fuzzy inference system (ANFIS) is one such algorithm that 87 
combines two ML algorithms: artificial neural network (ANN) and fuzzy system (FS) (Jang, 1993; Nayak et al., 2004). 88 
The ANFIS mitigates the shortcomings of FS by leveraging ANN's capacity for learning and adding fuzzy if-then 89 
rules. This has made ANFIS highly applicable for mapping complex input-output relationships.   90 

The purpose of this research is to calculate flood risk using NTL information. Since Peninsular Malaysia is one of 91 
Southeast Asia's most quickly developing countries, it was chosen as a case study to illustrate the effects of land use 92 
and economic development on flood vulnerability in the region. The increase in flood vulnerability has 93 
correspondingly resulted in increased economic damages. The existing literature indicates that this is possibly the first 94 
attempt to monitor spatiotemporal changes in flood vulnerability using NTL data. 95 

2. Study area and data 96 

2.1. Research area 97 

Peninsular Malaysia, situated in the tropics between latitudes 1.20°-6.40° N and longitudes 99.35°-104.20° E (refer 98 
to Fig. 1), covers an area of 130,598 km². Thailand is located to the north of Peninsular Malaysia, while Singapore is 99 
to the south, with the Melaka Strait to the west and the South China Sea to the east. The terrain of Peninsular Malaysia 100 
comprises irregular mountainous forests sloping down to the coastline. Its highly varied topography and irregular 101 
coastlines contribute to the complexity of rainfall patterns in the region (Nashwan et al., 2018). The region receives 102 
an annual average rainfall of 1460 to 2579 mm (Tangang, 2001). The monsoon winds, steep terrain, and complex 103 
land-sea interactions profoundly influence the rainfall distribution. Malaysia experiences two distinct monsoon 104 
systems: the northeast monsoon (NEM) and the southwest monsoon (SEM). The southwest monsoon occurs from 105 
May to August, bringing relatively drier conditions, while the northeast monsoon from November to February brings 106 
heavy rainfall, particularly to the eastern coastal areas. The annual mean daily maximum temperature in the region 107 
ranges from 31 to 33°C, with relative humidity varying between 80.3% and 85.7% (Muhammad et al., 2021). 108 

[Fig. 1. about here.] 109 
Around 78% of Malaysia's people reside in cities. Most residents live in 51 cities, covering only 4% of the total 110 

land. In some West Coast states, nearly 95% of the residents live in urban areas. The locations of major urban centres 111 
of Peninsular Malaysia are shown in Fig. 2. Urban floods are the study area's most frequent and damaging natural 112 
disasters (Hirschmann, 2020). Floods of large magnitude often affect electricity, food supplies, clean water, health 113 
care, sewerage, and other emergency services, resulting in extensive economic damage. The total economic damage 114 
resulting from floods and post-flood-related damages in Peninsular Malaysia during 1965-2020 shows increased 115 
damage in recent years (Fig. 3). This is mainly due to increased economic activities in the flood-risk area. 116 

[Fig. 2. about here.] 117 
[Fig. 3. about here.] 118 

2.2. Geospatial data 119 

Geospatial data in terms of NTL images come from Defence Meteorological Satellite Program (DMSP) - 120 
Operational Linescan System (OLS) sensors for the period 1992-2012 and Visible Infrared Imaging Radiometer Suite 121 
(VIIRS) device for the period 2012-2018. The DMSP NTL data range between 0 and 63, where 0 indicates no light, 122 
and 63 indicates complete saturation. VIIRS, on the other hand, is an improved dataset. Downloaded from 123 
http://creativecommons.org/publicdomain/zero/1.0/, the harmonized NTL data used in this study has a spatial 124 
resolution of 1 km and spans from 2000 to 2018. 125 
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2.3. Flood vulnerability data 126 

This research used the FVI map of Peninsular Malaysia that was created by Ziarh et al. (2021). Their analysis of 127 
the available literature determined the social, physical, and environmental aspects contributing to people being at risk 128 
of being flooded. A public opinion poll was the basis for the seven variables used: population density (person/km2), 129 
the proportion of the vulnerable population (children aged below 12 years and elderly aged above 65-year) (%), family 130 
income (Malaysian Ringgit), local economy (GDP in Ringgit), percentage of foreign nationals (%), altitude (m), and 131 
forest cover (% to total area of a district) (Ziarh et al., 2021). Subsequently, they employed a novel data-driven MCDA 132 
by integrating two state-of-the-art data-driven techniques, namely catastrophe and entropy theories, to estimate flood 133 
vulnerability on a scale of 0 to 1. Fig. 4. shows the FVI map of Peninsular Malaysia. The higher FVI value in the map 134 
indicates higher vulnerability. The procedure followed in developing the FVI map can be found in Ziarh et al. (2021). 135 

3. Method 136 

3.1. Adaptive Neuro-Fuzzy Inference System 137 

This study employed a single-input ANFIS model (Jang, 1993), a powerful hybrid ML model, to estimate FVI from 138 
NTL data. Complex input-output relationships can be mapped well, allowing for efficient problem resolution. Using 139 
a sequence of if-then rules and membership functions (MF), the inference engine of an ANFIS is based on the Takagi-140 
Sugeno-Kang (TSK) fuzzy inference system (Soroush et al., 2019). Fig. 5. shows the structure of a typical single-141 
input ANFIS model. It takes the input variable (X) and passes it to the fuzzification layer. Every node in the 142 
fuzzification layer is an adaptive node with its own node function. The membership degree of the relevant fuzzy set 143 
is calculated after mapping X to fuzzy sets x1 and x2 (Jiang et al., 1996). The multiplicative effect of the fuzzified 144 
values is applied to the output of the product layer, which is composed of fixed nodes. The corresponding firing 145 
strength in this layer is determined using a set of rules analogous to "if-then" and "AND" statements. The product 146 
value (w) is transferred to the third layer (normalization), consisting of neurons (N) employed for estimating 147 
normalized firing strength using Eq. (1): 148 

 149 

𝑤𝑤1���� =
𝑤𝑤1

𝑤𝑤1 + 𝑤𝑤2
 (1) 

where, 𝑤𝑤1 and 𝑤𝑤2 represent the output of the product layer. The nodes in the normalization layer calculate part of the 150 
contribution of the rule (Adnan et al., 2022). The normalized firing strength (defuzzification) at the output of the nodes 151 
in the fourth layer can be expressed using Eq. (2). 152 

𝑤𝑤𝚤𝚤���𝑓𝑓𝑖𝑖 =  𝑤𝑤𝚤𝚤���(𝑝𝑝𝑖𝑖𝑥𝑥 + 𝑞𝑞𝑖𝑖𝑦𝑦 + 𝑟𝑟𝑖𝑖) (2) 
  

where, y is the observed FVI, 𝑓𝑓𝑖𝑖  is the defuzzification function, and 𝑝𝑝𝑖𝑖 ,  𝑞𝑞𝑖𝑖  and 𝑟𝑟𝑖𝑖  represent inference parameters. 153 
Finally, outputs of the fourth layer are aggregated to provide predicted FVI (Y) through the last layer using Eq. (3): 154 
 155 

𝑌𝑌 = �𝑤𝑤𝚤𝚤���𝑓𝑓𝑖𝑖
𝑖𝑖

 (3) 

  
The skill of ANFIS in mapping the input-output relationship depends on the MF type and the number. In this study, 156 
those parameters were optimized using k-fold cross-validation (Kohavi, 1995). 157 
 158 

[Fig. 5. about here.] 159 
 160 
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3.2. Estimation of change in flood vulnerability 161 

The slope estimator (SSE) proposed by Sen (1968) is used to evaluate the change in FVI, and the modified Mann-162 
Kendall (MMK) test proposed by Yue et al. (2002) is used to evaluate the statistical significance of the trend. SSE 163 
estimate change as the median of N-1 slopes between two consecutive points (𝒙𝒙𝒕𝒕′  and 𝒙𝒙𝒕𝒕) of an N-point data series, 164 

 165 
𝑆𝑆𝑆𝑆𝑆𝑆 =

𝑥𝑥𝑡𝑡 ′ − 𝑥𝑥𝑡𝑡
𝑡𝑡 ′ − 𝑡𝑡

 (4) 

  

Mann Kendall statistic (S) for a time series is calculated as: 166 
 167 

𝑆𝑆 = �.
𝑛𝑛−1

𝑘𝑘=1

 � sign (𝑥𝑥i −  𝑥𝑥k)
𝑛𝑛

𝑖𝑖=𝑘𝑘+1

 (5) 

𝑤𝑤ℎ𝑒𝑒𝑒𝑒𝑒𝑒  𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 (𝑥𝑥𝑖𝑖 −  𝑥𝑥𝑘𝑘) =  �
+1 𝑖𝑖𝑖𝑖 (𝑥𝑥𝑖𝑖 −  𝑥𝑥𝑘𝑘) > 0 

0 𝑖𝑖𝑖𝑖 (𝑥𝑥𝑖𝑖 −  𝑥𝑥𝑘𝑘) = 0
−1 𝑖𝑖𝑖𝑖 (𝑥𝑥𝑖𝑖 −  𝑥𝑥𝑘𝑘) < 0

 (6) 

The normalized test statistic, Z is estimated from the variance of S (Var(S)) as follows: 168 

𝑍𝑍 =

⎩
⎪
⎨

⎪
⎧

𝑆𝑆 − 1

�𝑉𝑉𝑉𝑉𝑉𝑉 (𝑆𝑆)
 if S > 0 

0            if S = 0 
𝑆𝑆 − 1

�𝑉𝑉𝑉𝑉𝑉𝑉 (𝑆𝑆)
 if S < 0 

 (7) 

The null hypothesis of 'no trend' is rejected at the 95% significance level if the Z value is less than or higher than 1.96. 169 
To account for the predicted lack of serial correlation in FVI data, Yue et al. (2002) recommended adding a pre-170 
whitening (PW) step to the standard MK test. It is possible to formulate the PW method as: 171 

𝑌𝑌𝑖𝑖 = 𝑥𝑥𝑖𝑖 − (𝛽𝛽 ∙ 𝑖𝑖) (8) 

  

where β is the Theil-Sen's slope. The PW is calculated before applying the MK test using Eq. (9) and (10): 172 

𝑌𝑌𝑖𝑖′ = 𝑌𝑌𝑖𝑖 − 𝑟𝑟1 × 𝑌𝑌𝑖𝑖−1 (9) 

𝑌𝑌𝑖𝑖′′ = 𝑌𝑌𝑖𝑖′ + (𝛽𝛽 × 𝑖𝑖) (10) 

3.3. Assessing model performance 173 

Three statistical indicators are employed to assess the model's efficacy. The ANFIS model's ability to predict FVI 174 
from NTL data is evaluated using the modified index of agreement (MD), the normalized root mean square error 175 
(NRMSE) and the Kling-Gupta efficiency (KGE). 176 

𝑀𝑀𝑀𝑀 = 1 −
∑ (𝑥𝑥𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑥𝑥𝑠𝑠𝑠𝑠𝑠𝑠)𝑗𝑗𝑛𝑛
𝑖𝑖=1

∑ (|𝑥𝑥𝑠𝑠𝑠𝑠𝑠𝑠 −  𝑥𝑥𝑜𝑜𝑜𝑜𝑜𝑜�����| + |𝑥𝑥𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑥𝑥0𝑏𝑏𝑏𝑏�����|)𝑗𝑗𝑛𝑛
𝑖𝑖=1

 (11) 



6 Ziarh et al. / 000 (2024) 000–000 

6 

 

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 =  
�1
𝑁𝑁∑ (𝑆𝑆𝑖𝑖 −  𝑂𝑂𝑖𝑖)2𝑁𝑁

𝑖𝑖 = 1 

σ
 

(12) 

𝐾𝐾𝐾𝐾𝐾𝐾 = 1 −�(𝑟𝑟 − 1)2 + �1 −
𝜇𝜇𝑠𝑠𝑠𝑠𝑠𝑠
𝜇𝜇𝑜𝑜𝑜𝑜𝑜𝑜

�
2

+ �
𝜎𝜎𝑠𝑠𝑠𝑠𝑠𝑠 𝜇𝜇𝑠𝑠𝑠𝑠𝑠𝑠�
𝜎𝜎𝑜𝑜𝑜𝑜𝑜𝑜 𝜇𝜇𝑜𝑜𝑜𝑜𝑜𝑜�

�
2

 (13) 

where 𝒙𝒙𝒔𝒔𝒔𝒔𝒔𝒔 is the i-th NTL data and 𝒙𝒙𝒐𝒐𝒐𝒐𝒐𝒐,𝒊𝒊 is the i-th observed data; n is the sample size; r is Pearson's correlation; and 177 
are the mean and standard deviation of NTL (sim) and observed (obs) data, respectively; r is Pearson's correlation. 178 
NRMSE values may be anywhere from 0 to ∞, MD values from 1.0 to -1.0, and KGE values from -∞ to 1.0. Both MD 179 
and KGE should be set to 1, while NRMSE should be set to 0. 180 

4. Results 181 

4.1. Correlation of NTL with flood vulnerability factors 182 

The NTL and various flood vulnerability factors, identified by Ziarh et al. (2021), averaged for the district level, 183 
are correlated to explore the relation of NTL with flood vulnerability. The relationship of NTL with (a) the total 184 
population, (b) the percentage of the foreign population to the total population, and (c) the Gini coefficient for the year 185 
2016 is presented in Figure 6. A positive exponential relationship of NTL with the total population and the percentage 186 
of the foreign population to the total population is noticed. In contrast, a negative exponential relationship of NTL 187 
with the Gini coefficient is observed. The higher population indicates higher light, while more income disparity in 188 
large urban areas than in non-urban areas justifies the relationship of NTL with population density and the Gini 189 
coefficient. Generally, economic activities are intense in large cities, and thus, concentrations of foreign populations 190 
are high. Since NTL increases exponentially with the proportion of non-native speakers, this justifies seeing NTL as 191 
positively correlated with the share of non-native speakers in the entire population. 192 

The relationship of NTL with other flood vulnerability indicators is also expected. The center regions, where most 193 
of the population lives in rural areas, have the lowest median household income, while the districts with major cities 194 
have the highest. Most people live in the plain lands along the coast compared to the elevated central region. The 195 
population in the forested area is less compared to non-forested areas. These indicate a positive association between 196 
household income and NTL and a negative association of NTL with elevation and forest cover. 197 

[Fig. 6. about here.] 198 

4.2. Flood vulnerability prediction using NTL 199 

ANFIS was used to develop a model for predicting FVI from NTL. The NTL data averaged for each FVI polygon 200 
was used for model development. Model calibration required 70% of the data, whereas model validation required 201 
30%. A k-fold cross-validation approach was used to tune ANFIS hyperparameters to improve the model accuracy. 202 
The model's performance was evaluated using visual interpretation and three statistical metrics. Fig. 7. displays the 203 
scatter plot of observed and ANFIS-estimated FVI during model validation, revealing a strong correlation between 204 
the two sets of data.  205 

The statistical performance of the model during calibration and validation based on different metrics is also 206 
presented in Fig. 7. During model validation, the ANFIS model demonstrated a low NRMSE of 0.007, indicating good 207 
agreement between observed and estimated FVI values. The md was high at 0.768, further supporting the model's 208 



 Author name / 000 (2017) 000–000 7 

accuracy in capturing the spatial pattern of FVI. Additionally, the KGE value of 0.732 indicates that the model 209 
performed well in reproducing the mean, variability, and distribution of the observed FVI. The R2 for the validation 210 
period was 0.81, suggesting that 81% of the variability in FVI can be explained by the NTL data used in the model. 211 
This high R2 value indicates the model's strong predictive ability and skill in estimating FVI based on nighttime light 212 
data. Overall, the results indicate that the ANFIS model performed well in predicting FVI during the validation phase, 213 
with high accuracy and reliability in capturing flood vulnerability trends. 214 

The scatter plot in Fig. 7 indicates that the model predicts a slightly higher value for the low FVI. However, the 215 
overestimation was significantly less. This suggests that caution should be exercised when interpreting the model's 216 
predictions, especially for regions where the FVI is expected to be low.  217 

[Fig. 7. about here.] 218 

4.3. Estimation of flood vulnerability for Peninsular Malaysia 219 

The ANFIS model estimates FVI from NTL data at each NTL grid point for all the years (2000-2018). This 220 
produced a series of high-resolution FVI maps for Peninsular Malaysia. The derived FVI maps for four years are 221 
presented in Fig. 8. They show an increase in flood-vulnerable regions over time. The spatial distribution of average 222 
FVI is presented in Fig. 9. The urban areas of the western coastal region are more vulnerable to floods than other 223 
peninsula regions. The most vulnerable region is the central-western region (0.5 to 0.54), surrounding Malaysia's 224 
capital city. The vulnerability is also high in the northeast. Overall, the vulnerability is higher in major cities regions. 225 
This is mainly due to high population density. Besides, lower elevation and less forest cover could have made those 226 
areas more vulnerable. 227 

[Fig. 8. about here.] 228 
[Fig. 9. about here.] 229 

4.4. Trends in flood vulnerability 230 

The derived FVI time series for 2000-2018 at each grid location using NTL data was used to assess the trends in 231 
FVI. First, the FVI for the entire peninsula for each year was summed to prepare a yearly time series. Fig. 10. displays 232 
the FVI time series for the research region. The FVI sum of the peninsular was found to increase sharply over time. It 233 
increased from <140 in 2000 to 352 in 2018. Statistical analysis of the trend in the FVI total showed an upward trend 234 
of 11.1% per year at p < 0.05, indicating a fast rise in flood vulnerability in Peninsular Malaysia. 235 

[Fig. 10. about here.] 236 
The MK test also estimated trends in FVI at each NTL grid location. Fig. 11 displays the regional distribution of 237 

changes in the susceptibility of Peninsular Malaysia to flooding. Only the locations that showed significant change in 238 
FVI are shown on the map. An increase in flood vulnerability over a large area in Peninsular Malaysia was noticed. 239 
Overall, flood vulnerability was increased at more grid points in the west coastal region than in other parts of the 240 
country. A significant increase in vulnerability over a large area in the northeast region is also noticed. It should be 241 
noted that there is no increase in FVI in the high FVI regions over the west coast because FVI in those urban areas is 242 
already high. The NTL in those regions reached a saturation level. Therefore, further increases in flood vulnerability 243 
in those areas could not be detected using NTL. 244 

[Fig. 11. about here.] 245 

5. Discussion 246 

This study assessed the association of NTL with various socioeconomic variables identified by Ziarh et al. (2021) 247 
for estimating FVI of Peninsular Malaysia. A model was subsequently developed to estimate FVI from NTL. The 248 
study revealed a clear positive exponential correlation between NTL and population density. Conversely, a negative 249 
exponential relationship was observed between NTL and the Gini coefficient. This can be explained by the fact that 250 
higher population densities lead to more light emissions, while areas with greater income inequality, indicated by 251 
higher Gini coefficients, exhibit lower levels of NTL. Considering the geographic distribution of the population, it is 252 
evident that more people reside in coastal plains than in elevated central regions or forested areas. This results in a 253 
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negative association of NTL with elevation and forest cover, as regions with higher elevations and denser forest cover 254 
tend to emit less NTL due to lower population densities and economic activity. 255 

This study also showed that the relationship between NTL and socioeconomic variables is nonlinear. These findings 256 
align with previous studies (Ma et al., 2014; Ma, 2018; Dickinson et al., 2020; Singhal et al., 2020; Guo et al., 2021) 257 
which demonstrated nonlinear relationships between NTL and various socioeconomic factors. Levin and Zhang (2017) 258 
highlighted the nonlinear relationship between NTL and population density, while Singhal et al. (2020) observed a 259 
complex nonlinear relationship between NTL and the Gini coefficient in India. Yuan and Chen (2023) further 260 
demonstrated a nonlinear decreasing trend of NTL with increasing forest cover. The granularity of NTL data, where 261 
each satellite pixel represents a small area, contributes to the observed non-linearity. Increased spatial heterogeneity 262 
in artificial nighttime lighting sources and human activities at fine spatial scales significantly affect NTL brightness 263 
(Ma, 2018). Variations in development, land use, and cultural practices can also influence this non-linearity (Ma et 264 
al., 2014). Therefore, as regions become more developed, NTL may not linearly correspond to economic growth. Jia 265 
et al. (2020) showed that economic and demographic factors significantly positively affect light emissions, and living 266 
standards could further increase NTL. Additionally, they demonstrated that artificial green spaces can also cause 267 
variations in light levels at the city level.  268 

Previous studies suggest that models capable of capturing nonlinear relationships are more suitable for estimating 269 
socioeconomic variables from NTL. Wan et al. (2023) demonstrated in China that random forests can better represent 270 
the nonlinear relationship between NTL and the Human Development Index. Similarly, Castro and Alvarez (2023) 271 
employed a transfer learning algorithm for predicting socioeconomic indicators in Brazil using NTL. This study 272 
employed a single-input ANFIS model to capture the nonlinear relationships between NTL and socioeconomic 273 
variables to estimate FVI from NTL. Guo et al. (2021) also reported the potential of NTL for flood vulnerability 274 
mapping, which agrees with the findings of this study. They evaluated the performance of linear and weighted linear 275 
regressions and simple ML methods, like ANN and support vector machine (SVM), for estimating flood vulnerability 276 
from NTL. Fan et al. (2021) also adopted different ML models from NTL data to simulate a building's seismic 277 
vulnerability. Their study showed a significantly high performance of ANN and SVM compared to the conventional 278 
statistical regression method. In this study, we employed ANFIS, an advanced hybrid ML algorithm, to overcome the 279 
learning difficulties of simple ML methods by integrating fuzzy rules (Yaseen et al., 2019). Therefore, a high 280 
performance (KGE ~ 0.73) in estimating FVI from NTL was possible.  281 

The results indicate that the ANFIS model performed well in predicting FVI, with high accuracy and reliability in 282 
capturing flood vulnerability patterns. However, the model predicted a slightly higher level of flood vulnerability than 283 
observed in areas with low FVI values. This suggests that while the model provides valuable insights into flood 284 
vulnerability trends and patterns, particularly in areas where FVI is moderate to high, it may not be as precise in 285 
predicting very low levels of vulnerability. If areas are deemed more vulnerable to flooding than they are, resources 286 
may be allocated unnecessarily for flood prevention measures such as infrastructure upgrades. This can lead to 287 
inefficient use of resources and potentially increased costs for individuals, businesses, and governments. Therefore, 288 
caution should be exercised when interpreting the model's predictions, especially for regions where the FVI is expected 289 
to be low. This overestimation of low FVI values also highlights the need for further refinement of model parameters, 290 
input data, or algorithms to improve its accuracy and reliability, particularly in capturing variations in flood 291 
vulnerability across different settings and conditions. 292 

The present study revealed the west coastal region as the most vulnerable to floods in Peninsular Malaysia. The 293 
highest FVI values were noticed in the central-western region covering Kuala Lumpur, the capital of Malaysia, and 294 
its suburbs. Several studies identified this region as one of Malaysia's major contributors to total disaster losses 295 
(Bhuiyan and Pereira, 2018). The west coastal region of Peninsular Malaysia has experienced rapid deforestation and 296 
urbanization over the last four decades. The population and economic activities in the region increased rapidly with 297 
urbanization. The changes were more prominent in and around Kuala Lumpur, making the region most vulnerable to 298 
food (Yaakob and Masami, 2010; Shahid and Puan, 2014; Azari et al., 2022). The time series of FVI estimated in this 299 
study revealed a gradual increase in flood vulnerability in Peninsular Malaysia. The spatial distribution of the trend 300 
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showed a significant increase in vulnerability in the coastal plains of the peninsula. The study area experienced rapid 301 
economic development and population growth over the last few decades. This caused a significant expansion of 302 
settlements, mainly in the coastal plains, by clearing forests (Salim et al., 2018; Yong, 2012). Deforestation increases 303 
surface runoff and flood intensity. Therefore, deforestation, increased population density, and intense economic 304 
activities have made the area highly vulnerable to floods. 305 

The results indicated the model's capability to estimate FVI in Peninsular Malaysia using NTL data. The model 306 
developed in this study can be used to monitor flood vulnerability in any region of Peninsular Malaysia at a resolution 307 
of NTL (0.1º×0.1º). The FVI map generated from NTL identifies areas with high flooding vulnerability based on 308 
factors such as topography, land use, population density, and other socioeconomic factors. This identification allows 309 
authorities to prioritize resources and efforts for mitigation measures in these high-risk zones. Therefore, the map can 310 
serve as a crucial decision-support tool for stakeholders, policymakers, and communities involved in flood risk 311 
mitigation efforts, enabling proactive measures to reduce vulnerability, enhance resilience, and minimize flooding 312 
impacts on human settlements and the environment. The recently available NTL products at a higher resolution 313 
(0.05º×0.05º) can be used to develop a similar model to provide a flood vulnerability assessment at a higher resolution 314 
(approximately 5 km). NTL data is available with a latency of 3 to 5 hours after acquisition; therefore, it can be used 315 
for near real-time monitoring of flood vulnerability. However, it should be noted that FVI, estimated by Ziarh et al. 316 
(2021), was used in this study. Hence, the results presented in this study reflect only socioeconomic flood vulnerability. 317 
However, the model is still important as it can estimate the changes in socioeconomic vulnerability to floods. The 318 
model can also be used to evaluate the real-time status of socioeconomic vulnerability.  319 

The black-box nature of the model developed using machine learning algorithms limits its applicability compared 320 
to the empirical formula, which is generally developed using statistical methods. Practitioners and policymakers need 321 
understandable equations to compute flood vulnerability easily. In the future, any physical-law-based empirical model, 322 
like the symbolic regression model, can be developed for the reliable computation of flood vulnerability. The FVI 323 
estimated using socioeconomic data of a single year was used to develop the model in this study. The FVI can be 324 
estimated for other years for which statistical data are available to improve model performance. Other ML algorithms 325 
can also be attempted. In recent years, various hybrid models have been developed by integrating machine learning 326 
with optimization algorithms, which have shown excellent performance in solving highly nonlinear and complex 327 
relationships. Those can be used for a more reliable estimation of flood vulnerability from NTL data. 328 

6. Conclusions 329 

An ML model is developed in this study to monitor flood vulnerability using NTL data. The model performed well 330 
in estimating flood vulnerability using NTL data. This allowed for high-resolution flood vulnerability maps for 331 
different years for which NTL data is available. The study revealed significant changes in flood vulnerability in the 332 
urban areas of Malaysia. An increase in FVI was exceptionally high in the western and southern regions. Peninsular 333 
Malaysia is one of Southeast Asia's most rapidly changing regions in terms of urbanization and socio-economy. This 334 
caused a drastic increase in flood vulnerability and economic damages in the study area. The high-resolution maps of 335 
spatiotemporal changes in flood vulnerability generated in this study can mitigate flood damage and be used for 336 
policymaking. However, it should be noted that the FVI employed in this study is solely based on socioeconomic and 337 
environmental data without considering structural measures usually taken to reduce flood vulnerability. Therefore, the 338 
results presented in this study should be interpreted with caution. However, the model is still important as it can be 339 
used to evaluate the real-time status of socioeconomic vulnerability. Existing literature reviews indicate this is the first 340 
attempt to estimate spatiotemporal changes in flood vulnerability using high-resolution NTL data. In the future, the 341 
FVI map can be overlaid on flood inundation maps from different years to estimate the spatiotemporal changes in 342 
flood risk in Peninsular Malaysia. The method can be replicated in other regions for vulnerability assessment using 343 
freely available remote sensing data. 344 
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Figure 494 
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Fig. 1. Peninsular Malaysia's (a) position and (b) geography in the Southeast Asian region 497 
 498 
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   499   Fig. 2. Major urban centers of Peninsular Malaysia. 500 

 501 

 502 

Fig. 3. Economic damage (U$) from floods and post-flood-related damages in Peninsular Malaysia during 1965-2022 (EM-DAT, 2020). 503 
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 504 
Fig. 4. Flood vulnerability index (FVI) map of Peninsular Malaysia (after Ziarh et al., 2021) 505 

 506 

 507 

Fig. 5. A typical illustration of a single ANFIS model 508 
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 509 

Fig. 6. The relationship of nighttime light with (a) the total population, (b) the percentage of the foreign population to the total population, and (c) 510 
the Gini coefficient for the year 2016 at the administrative unit scale. 511 

 512 
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 513 

Fig. 7. Scatter plot of flood vulnerability index estimated using survey data (observed) and vulnerability index estimated from NTL data via 514 
ANFIS approach. 515 
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 516 

Fig. 8. Geographic distribution of flood vulnerability metric during (a) 2002, (b) 2006, (c) 2012, and 2018. 517 

 518 
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 519 

Fig. 9. Spatial distribution of average flood vulnerability index in Peninsular Malaysia for the period 2000-2018 520 
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 521 

Fig. 10. Trends in flood vulnerability index for Peninsular Malaysia 522 
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 523 

Fig. 11. Spatial distribution of changes (per year) in flood vulnerability index in Peninsular Malaysia during 2000-2018. The color ramp shows 524 
the magnitude of change, while the symbol "+" indicates a significant increase in FVI 525 
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