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Abstract. Naufalianto IF, Madjid MIN, Fauzan MRN, Sidiq AR. 2026. Urban flood susceptibility and riparian vegetation using GLM-

based spatial modelling from vegetation cover in Samarinda, Indonesia. Asian J For 10 (1): r100115. 

https://doi.org/10.13057/asianjfor/r100115. Urban flooding in tropical cities is increasingly shaped by land-cover change, yet the 

contribution of urban vegetation to flood susceptibility remains poorly quantified. This study mapped flood susceptibility in Samarinda, 

Indonesia, using a Generalized Linear Model (GLM) fitted to 123 spatially thinned flood-presence points derived from georeferenced online 

reports and 1,000 pseudo-absence points (1:8). Open-source covariates were derived from Sentinel-2 and SRTM, including Enhanced 

Vegetation Index (EVI), elevation, and built-up occurrence frequency. After screening for multicollinearity and selecting the best minimal 

model, flood occurrence was negatively associated with EVI and elevation and positively associated with built-up frequency. Model 

discrimination was high (AUC = 0.959 in a 70/30 split) and remained consistent under spatial block cross-validation, with predictions 

interpreted as relative susceptibility rather than event-based hydrological simulation. Predicted high susceptibility was concentrated along 

low-lying river corridors and densely built zones, whereas vegetated and elevated areas exhibited lower susceptibility. Jenks classification 

indicated 4.74% of the study area in the high class. These findings highlight the importance of maintaining urban vegetation cover, 

particularly urban riparian forests and green belts, as a nature-based component of flood-risk reduction. The susceptibility map can be used 

as a consideration for urban forestry planning by prioritizing riparian forest conservation and restoration in river-corridor segments with 

high predicted susceptibility. 
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INTRODUCTION 

Flooding is a hydrometeorological phenomenon that 

occurs worldwide, particularly in developing countries 

(Singh 2018). Climate change intensifies this risk through 

increasingly unpredictable and extreme rainfall, thereby 

increasing flood likelihood in many regions (Tabari 2020), 

including urban areas (Fowler et al. 2021; Dharmarathne et 

al. 2024; Tang et al. 2024). Urban landscapes are 

heterogeneous mosaics but are commonly dominated by 

human-made patches (Etter et al. 2011; Zhou et al. 2014; 

Meili et al. 2021). A defining feature is the prevalence of 

impervious surfaces-settlements, such as public or 

commercial buildings, roads, and other infrastructure, 

whose concentration follows activity intensity and 

population density (Pickett et al. 2001; Bagan and 

Yamagata 2015; Imam and Indu 2018). Hydrologically, 

imperviousness reduces infiltration and increases surface 

runoff, elevating flood probability during high precipitation 

events (Jacobson 2011; Du et al. 2015; Zhou et al. 2017). 

Urban flood susceptibility is influenced by more than 

imperviousness alone. The condition, continuity, and 

management of urban forestry elements, especially riparian 

forests and vegetated river corridors, also shape how 

stormwater is slowed, stored, and conveyed during extreme 

rainfall. As linear buffers adjacent to channels, riparian 

vegetation can function as hydrological retention space and 

moderate runoff connectivity, thereby influencing local 

flood peaks (Olokeogun et al. 2020; Stutter et al. 2021). 

Riparian corridors are also key green infrastructure because 

they directly interface with drainage networks and support 

both hydrological and ecological functions. Conversion of 

riparian vegetation to impervious land near rivers can 

exacerbate local flood risk, particularly when discharge 

increases and overflow occurs (Croke et al. 2017; 

Kingsbury‐Smith et al. 2023). Riparian zones can also 

serve as refugia for biological communities in urban 

landscapes (Ehrenfeld and Stander 2010; Guo et al. 2019; 

Zhang et al. 2022). Riparian vegetation loss may therefore 

reduce ecosystem quality and weaken urban resilience to 

hydrometeorological hazards (Cao and Natuhara 2019; 

Blum et al. 2020). 

Vegetation is a key component that maintains the 

stability of ecosystem services in urban landscapes (Liu 

and Zhang 2025; Nunes et al. 2025). In a hydrological 

context, the presence and distribution of vegetation cover 

are closely related to rainfall, runoff, and flooding events 

(McGrane 2016; Song et al. 2020; Dowtin et al. 2023; 

Anys and Weiler 2024). Landscapes with better vegetation 

cover generally have higher buffering capacity than areas 

dominated by impervious surfaces (Jacobson 2011; Berland 

et al. 2017). Thus, the pattern, extent, and configuration of 
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vegetation cover have the potential to serve as indicators of 

a region's natural ability to mitigate flood risk (Su et al. 

2018; Wu et al. 2020). 

A conceptual mechanism links these drivers in urban-

riparian systems. Impervious surfaces increase runoff 

volume and shorten travel time to channels, while elevation 

controls flow convergence and the tendency for water to 

accumulate in low-lying areas. Vegetation increases 

roughness, interception, and infiltration, lowering effective 

runoff and slowing overland flow. Connected riparian 

corridors provide buffering and temporary retention along 

the drainage network, jointly reducing peak flows and 

flood occurrence during extreme rainfall (Olokeogun et al. 

2020; Stutter et al. 2021). 

Many flood vulnerability studies still emphasize 

hydrological and infrastructural drivers, while vegetation 

and riparian corridor functions are less often quantified in 

urban susceptibility analyses (Setiawan et al. 2020; 

Dimaputri et al. 2022; Pallathadka et al. 2022; Ghozali et 

al. 2024; Agus et al. 2025). Spatially explicit flood-event 

inventories also remain scarce in many developing-country 

cities (Nkwunonwo et al. 2020; Dasallas et al. 2024). 

Studies in Samarinda, Indonesia and comparable tropical 

cities frequently rely on descriptive remote sensing of land-

cover change or input-intensive hydrological modelling, 

leaving limited evidence on the relative contribution of 

vegetation, built-up areas, elevation, and water-related 

proximity at the city scale. Integrating open-source 

covariates with crowd-sourced flood observations provides 

a practical and interpretable way to address this gap. 

Samarinda, the capital of East Kalimantan Province, is 

a densely populated city that frequently experiences 

flooding (Amri et al. 2020; Anwar et al. 2021). Land cover 

conversion from natural vegetation to built-up areas during 

1994-2022 (Agus et al. 2023), including along the 

Mahakam River corridor and its tributaries (Kedhaton and 

Krismondo 2024), underscores the relevance of an 

ecological perspective in flood assessment. This study 

applies a Generalized Linear Model (GLM) using open-

source spatial covariates and crowd-sourced flood-event 

data derived from spatially interpretable social media 

reports, following Smith et al. (2017). Therefore, to clarify 

the quantitative role of vegetation in urban flood dynamics, 

this study tests the hypothesis that vegetation cover and 

elevation are negatively associated with flood occurrence, 

whereas frequency of occurrences of water bodies 

increases flood susceptibility in urban landscapes. 

Specifically, we examine whether remotely sensed 

vegetation indicators, together with topographic and 

frequency of occurrences of hydrological variables, 

significantly predict spatial patterns of flood susceptibility 

in Samarinda. 

MATERIALS AND METHODS 

Study area 

This research was conducted in Samarinda, East 

Kalimantan (Figure 1), in August to September 2025. 

Located along the Mahakam River, Samarinda is one of the 

supporting cities for the sustainability of Indonesia's new 

capital, Nusantara. Geographically, Samarinda is located at 

0°21'1''-0°9'16'' South Latitude and 116°15'16''-117°24'16'' 

East Longitude. Rainfall intensity in Samarinda ranges 

from 111-224 mm per month (BMKG 2021). Ecologically, 

Samarinda represents urban-riparian interactions in humid 

tropical regions because it has a clear landscape gradient 

from relatively low and flood-susceptible river corridors to 

higher areas (Gunawan et al. 2013; Widayati 2018; Amri et 

al. 2020) that are generally more vegetated. Samarinda has 

an elevation ranging from 10 to 200 meters above sea level 

(masl) (Amri et al. 2020).  

 

 
 

Figure 1. Study location map in Samarinda, East Kalimantan, Indonesia  
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Elevationally, the study area is dominated by low-to-

moderate terrain based on the DEM classification used in 

this study. Areas below 10 masl constitute 32.56% of 

Samarinda, while 16.43% lies within 10-20 m. Elevations 

of 20-50 m account for 31.90%, and elevations above 50 m 

represent 19.11%. This distribution indicates that 48.99% 

of the study area lies below 20 masl, supporting the 

characterization of Samarinda as a river-influenced city 

with extensive lowland zones potentially susceptible to 

inundation along the Mahakam River corridor and its 

tributaries. The landscape mosaic of Samarinda City is also 

characterized by relatively less green open space compared 

to built-up areas in the urban landscape (Bhaskara and 

Pratomo 2023). Land cover classification indicates that 

built-up areas account for 14.6% of Samarinda City, while 

vegetation cover reaches 75.61% (based on the 

administrative boundary). Samarinda is a city traversed by 

the Mahakam River, with the Northern part of the river 

(Northern Samarinda) covering the subdistricts of Sungai 

Kunjang, Samarinda Ulu, Samarinda Utara, Sungai Pinang, 

Samarinda Kota, Samarinda Ilir, and Sambutan. 

Meanwhile, the southern part of the Mahakam River 

(Southern Samarinda) includes the subdistricts of Loa 

Janan Ilir, Samarinda Seberang, and Palaran. 

Data sources 

Flood event data was obtained from an online crowd-

sourced platform covering the period 2024-2025. In this 

study, a flood event was operationally defined as a report 

indicating temporary surface inundation in the urban 

environment (e.g., roads or residential areas) that was 

visually evident in videos or corroborated by local media 

and could be confidently geolocated. Because these crowd-

sourced reports do not provide consistent rainfall intensity 

information, no rainfall-based threshold or severity 

criterion was applied. Hence, the modelling results are 

interpreted as relative susceptibility based on documented 

events rather than as rainfall-triggered predictions for 

specific storms. The main sources used were georeferenced 

social media posts containing location information (Smith 

et al. 2017) and additional verified reports from local 

media. Data sources from social media were generally in 

the form of videos, so that locations could be visually 

identified through street signs or shop signs with the help 

of Google Street View (Lombardo et al. 2025). Non-

georeferenced or ambiguous recordings were excluded to 

ensure spatial accuracy, and each flood event point 

(presence) was re-verified using a high-resolution basemap 

to minimize geolocation errors.  

Because flood locations are collected from 

georeferenced online sources and social media reports, the 

resulting presence data is inherently susceptible to 

reporting bias, which tends to be higher in densely 

populated environments and areas with good connectivity. 

This bias was not detrimental to the main objective of the 

analysis because the primary goal of this study was not to 

estimate the absolute frequency of an event, in this case, 

flooding, but rather to assess the direction and strength of 

the association between events and environmental 

covariates (Ghosh and Dewanji 2016). Consequently, the 

modeling results are interpreted as relative risk or spatial 

ranking (Tsumita et al. 2025). To further clarify the 

modelling design, pseudo-absence points were generated 

by random sampling within the administrative boundary of 

Samarinda City used as the study area extent. Nevertheless, 

the social media data-based approach is considered 

appropriate for cities with limited real-time flood 

monitoring systems, as it is able to capture a wider range of 

flood events reported by the community (Brown et al. 

2021). 

The locations of flooding events from various online 

sources were first manually digitized as presence points in 

the Geographic Information System (GIS) platform, 

namely QGIS. The resulting presence dataset was then 

analyzed with spatial thinning using the spThin package in 

R (Aiello‐Lammens et al. 2015) to minimize excessive 

clustering. Spatial thinning was applied by setting a 

minimum distance between points using the nearest-

neighbor method, so that presence locations were not too 

close together in one area. This procedure followed 

common practices in the use of spatial thinning and 

minimum nearest-neighbor distance to reduce spatial bias 

in the presence data in point-based modeling (Boria et al. 

2014; Aiello‐Lammens et al. 2015). The thinning distance 

was determined by considering the spatial resolution of 

environmental covariates extracted from Sentinel-2 

imagery (10 m), so that nearby presence points did not 

simply replicate information from the same covariate pixels 

or directly adjacent pixels. Urban population density was 

not used as a bias covariate, and no explicit bias surface 

(e.g., population density or accessibility) was modelled 

beyond spatial thinning, hence, potential residual reporting 

bias from online sources is acknowledged. After the spatial 

thinning process, 123 flood presence points in the form of 

point vectors were then used for modeling. 

Environmental covariates were extracted from open-

source datasets. River network data were obtained from the 

Indonesian Topographic Map (Rupa Bumi Indonesia, RBI), 

while topographic information was extracted from the 

NASA SRTM 30 m Digital Elevation Model (Farr et al. 

2007) and resampled to match the 10 m spatial resolution 

of Sentinel-2 imagery. Sentinel-2 Level-2A imagery (cloud 

cover <10%) with a recording period from January 2024 to 

September 2025 was used to compile land cover maps 

using the Random Forest algorithm in Google Earth Engine 

(Phan et al. 2020; Hasan et al. 2022). Land cover 

classification includes five classes: built-up, vegetation, 

bare land, shrubland, and water bodies. The confusion 

matrix and Kappa coefficient were used to assess the 

accuracy of the land cover map (Günlü et al. 2009), with an 

overall accuracy of 0.91 and a Kappa coefficient of 0.88, 

respectively. From the land cover data, four covariates, 

namely built-up area, vegetation cover (vegetation and 

shrubland combined), bare land, and water bodies, were 

extracted, and then their frequency of occurrence was 

calculated using the CircAn tool in Biomapper (Hirzel et al. 

2004). Vegetation cover was also represented by the 

Enhanced Vegetation Index (EVI), which was calculated 

from the same Sentinel-2 composite. All spatial layers were 
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standardized to a uniform coordinate system (WGS 

84/UTM Zone 50 S) prior to spatial statistical modeling. 

Data processing and analysis 

Flood event points are treated as presence (value=1), 

while pseudo-absence points (value=0) are randomly 

generated within the study area to represent non-flooded 

conditions. A total of 1,000 pseudo-absence points were 

randomly generated for sampling within the Samarinda 

urban area. Pseudo-absence sampling was constrained to 

non-water pixels by masking permanent water bodies using 

the water-body occurrence layer prior to random point 

generation, so that background points were not placed on 

permanent water surfaces. With 123 flood presence points, 

a prevalence ratio of approximately 1:8 was obtained, 

which is within the prevalence ratio range (approximately 

1:5 to 1:10) commonly used in spatial distribution 

modeling (Lobo and Tognelli 2011; Barbet‐Massin et al. 

2012; Gomez et al. 2015; Tong et al. 2023). This approach 

assumes that most unsampled locations in the study area 

did not experience reported severe flooding during the 

study period, while acknowledging that some unreported 

flood-susceptible locations may still exist. The use of a 

relatively large number of pseudo-absences can improve 

model accuracy and reduce overprediction when event data 

are limited, making this strategy suitable for modeling the 

probability of an event occurring (Lobo and Tognelli 2011; 

Barbet‐Massin et al. 2012). Therefore, model predictions 

should be interpreted as relative differences in flood 

vulnerability across different parts of the city, rather than as 

absolute probabilities of flooding. 

Before proceeding to the model development stage, the 

environmental variables obtained were first analyzed using 

Pearson Correlation to minimize multicollinearity. Variable 

pairs with Pearson correlation coefficients exceeding 0.7 

(|r|>0.7) or less than −0.7 (|r|<-0.7) were considered to have 

a strong correlation and were not included simultaneously 

in the model (Brun et al. 2020). The correlation structure 

among predictors was visualized using the corrplot package 

version 0.95 in R to facilitate interpretation and variable 

screening (Wei and Simko 2024). The model was built 

using the GLM framework with a binomial error 

distribution or logistic regression approach because this 

framework provides an explicit and interpretable 

relationship between the probability of an event occurring 

and its covariates or predictors (Austin 2007; Neuhaus and 

McCulloch 2011). Compared to more flexible but black-

box approaches, logistic regression can provide relatively 

simple information about the direction and magnitude of 

predictor effects through model coefficients, and supports 

transparent interpretation for future planning and decision-

making needs (Rudin 2019). 

In the model development stage, a backward stepwise 

elimination procedure was applied following Crawley 

(2013) framework, by gradually removing insignificant 

predictors until the best minimal model was obtained. 

Because stepwise procedures can inflate Type 1 Error, p-

values were interpreted conservatively, and emphasis was 

placed on effect direction and predictive performance when 

reporting results. The best minimal model performance was 

evaluated using the Area Under Curve (AUC) of the 

Receiver Operating Curve (ROC) based on a random 

division of 70% presence and pseudo-absence points for 

model training and 30% for testing (El-Haddad et al. 2021; 

Liu et al. 2023). The AUC value was calculated with the 

provision that a value above 0.7 was interpreted as an 

acceptable model (Robin et al. 2011). Sensitivity and 

specificity were also calculated at the optimal threshold 

identified by the Youden index to provide an additional, 

threshold-based description of classification performance. 

Effect sizes were further summarized using Odds Ratios 

(OR) with 95% Confidence Intervals (CI), calculated by 

exponentiating model coefficients and their corresponding 

confidence limits for meaningful unit changes in each 

predictor. Model performance was additionally assessed 

using spatial block cross-validation to reduce optimistic 

bias from random splits in spatial data, hence, the dataset 

was partitioned into spatially separated folds and the AUC 

was averaged across folds. For descriptive mapping, the 

continuous susceptibility predictions were reclassified into 

three classes (low, moderate, high) using Jenks natural 

breaks, and the percentage area in each class was quantified 

(Ekeanyanwu et al. 2022; Varra et al. 2024). In addition, 

the Variance Inflation Factor (VIF) was calculated on the 

final model to ensure that there was no collinearity between 

covariates. An acceptable VIF value does not exceed 5, 

following the practical rule proposed by James et al. 

(2021). All analyses were performed in R Studio using the 

terra version 1.8-86 (Hijmans 2025), ggplot2 (Wickham 

2016), dplyr version 1.1.4 (Wickham et al. 2023), pROC 

(Robin et al. 2011), and car (Fox and Weisberg 2018). 

RESULTS AND DISCUSSION 

Selection and spatial distribution of environmental 

variables 

The Pearson correlation analysis results graph (Figure 

2) shows the strength and direction of the correlation 

between the environmental variables obtained, where the 

color intensity represents the correlation value. There are 

eight variables tested in the correlation analysis, including 

freq_bl (frequency of bare land occurrence), freq_bu 

(frequency of built-up area occurrence), elev (elevation 

based on Digital Elevation Model/DEM), EVI, freq-

veg_cov (frequency of vegetation cover occurrence), 

freq_wb (frequency of water bodies), Normalized 

Difference Built-up Index (NDBI), and eu_riv (Euclidean 

distance to rivers). There is a strong correlation that has the 

potential to cause multicollinearity, including between EVI 

and freq-veg_cov with a value of |r|=0.84; NDBI and 

freq_bu with a value of |r|=0.72; freq_bu and freq-veg_cov 

with a value of |r|=-0.71; EVI and NDBI with a value of 

|r|=0.7; and elev and eu_riv with a value of |r|=0.7. Other 

variable pairs showed correlation coefficients below the 

threshold (|r|<0.7). 

Based on the Pearson correlation screening (|r| 

threshold), five predictors were retained for subsequent 

model development. Those variables consist of EVI, 

elevation, bare land frequency of occurrences, built-up 
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frequency of occurrences, and water-body frequency of 

occurrences. Table 1 presents the predictor variables that 

will be used in model development. 

EVI in Figure 3.A shows variations in the condition of 

vegetation cover across Samarinda City, with relatively 

heterogeneous values distributed across different parts of 

the city. The bare land frequency map in Figure 3.B and the 

built-up area frequency in Figure 3.C show different spatial 

patterns, where built-up frequency of occurrences were 

higher in the central parts of the city and along the 

Mahakam River corridor, whereas bare land frequency of 

occurrences were higher in peripheral areas. The elevation 

map in Figure 3.D illustrates the topographic gradient from 

the lowlands around the river corridor to higher areas in 

other parts of the city. Moreover, the water body map in 

Figure 3.E shows the emergence of water bodies that 

predominantly follow the course of the Mahakam River 

and its tributaries. Overall, Figure 3 presents five selected 

spatial covariates in raster format used as input in the 

development of the flood susceptibility model. 

Flood susceptibility model and predictor significance 

After the backward stepwise variable elimination, the 

best minimal model used for flood susceptibility 

assessment consisted of three variables (Table 1). These 

variables were EVI, elevation, and built-up area. All 

variables included in the model had p-values below 0.01. 

The EVI or vegetation cover (-5.338±1.268, p≤0.001) and 

elevation (-0.063±0.007, p≤0.01) showed negative 

associations with flood occurrence. In contrast, flood 

occurrence was positively associated with built-up area 

(0.042±0.022, p≤0.001). Effect-size estimates expressed as 

odds ratios indicated that a 0.1 increase in EVI reduced 

flood odds (OR=0.59, 95% CI: 0.45-0.75), a 10 m increase 

in elevation reduced flood odds (OR=0.53, 95% CI: 0.33-

0.79), whereas a 10% increase in built-up frequency 

increased flood odds (OR=1.52, 95% CI: 1.33-1.78). 

High flood susceptibility values appear to be 

concentrated along the Mahakam River corridor, 

particularly in the central-western zone of the city and 

several areas in the northern part of the study area. On the 

other hand, lower flood susceptibility values are more 

dominant in the southern part and several parts of the 

periphery in Samarinda City. Higher predicted 

susceptibility values were mapped near the Mahakam River 

corridor, with lower values in areas farther from the main 

channel. Figure 4.A shows the continuous spatial 

prediction of flood susceptibility produced by the best 

minimal GLM, while Figure 4.B presents the same surface 

reclassified into three classes. For descriptive reporting, the 

reclassification indicates that low susceptibility covers 

617.28 km² (89.33%) of the study area, moderate 

susceptibility covers 40.92 km² (5.92%), and high 

susceptibility covers 32.78 km² (4.74%). 
 

 

Table 1. The best minimal model for flood susceptibility 

 

Flood occurrence~EVI+Elevation+Built-up, Res.Dev=235.91, 

df=780 

Parameter Slope Std.Error 
Z 

Value 
P-Value 

Intercept -2.311 0.729 -3.167 1.54e-03** 

EVI -5.338 1.268 -4.21 2.55e-05*** 

Elevation -0.063 0.007 -2.858 4.27e-03** 

Built-up  0.042 0.022  5.764 8.2e-09*** 

Note: Res.Dev: Residual Deviance, df: Degree of Freedom, *: p-

value≤0.05, **: p-value≤0.01, ***: p-value≤0.001 

 

 

 
 

Figure 2. Pearson correlation coeficient matrix of eight 

environmental variables gathered from an open source resources. 

The color gradient represents the strength and direction of 

correlation, where blue indicates positive and red indicates 

negative relationships 

 

 

Table 2. List of variables for model building 

 

Abbreviation Description 

EVI Vegetation index calculation with Sentinel-2 imagery 

elev Elevation from DEM extracted from NASA SRTM (Farr et al. 2007) that resampled into Sentinel-2 pixel size 

freq_bu Frequency of occurences (%) of builtup area from RF based land cover map derived on Sentinel-2 imagery 

freq_bl Frequency of occurences (%) of bare land from RF based land cover map derived on Sentinel-2 imagery 

freq-wb Frequency of occurences (%) of water body from RF based land cover map derived on Sentinel-2 imagery 
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Figure 3. Variables selected from the multicollinearity test prior to GLM-based flood susceptibility model building were: A. EVI, B. 

bare land, C. Built-up, D. Elevation, and E. Water body 

 

 

 

 
A B 

 

Figure 4. Flood susceptibility maps for Samarinda, Indonesia, generated from the best minimal GLM. A. spatial distribution of 

continuous predicted flood susceptibility, where higher values occur along the Mahakam River corridor and central-western zones and 

lower values occur in the southern and peripheral parts of the city; B. The same prediction surface was reclassified into three classes 

(low, moderate, high) using Jenks natural breaks for descriptive area-based summarization 
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Model performance was evaluated using a ROC curve 

(Figure 5), yielding an AUC of 0.959 on the test dataset. 

Sensitivity and specificity were calculated at the optimal 

threshold: the optimal threshold was 0.047, with sensitivity 

= 1.00 and specificity = 0.844. Model performance was 

further evaluated using spatial block cross-validation, 

yielding a mean AUC of 0.961 (SD=0.025) across five 

folds, with mean sensitivity = 0.977 and mean specificity = 

0.902. The VIF values in the final model are EVI =1.103, 

elevation = 1.006, and built-up area = 1.106. 

Discussion 

The flood susceptibility model in this study was 

constructed using environmental variables obtained from 

open-source data (results in Table 2 and spatial predictions 

in Figure 4). The model highlights the relationship between 

environmental and geographical variables and flooding 

events in Samarinda, where the variables used include 

vegetation cover, elevation, and built-up area. The negative 

association between vegetation cover and flood events 

indicates that floods tend to occur in areas with minimal 

vegetation cover. Similar patterns have been documented 

across tropical cities, particularly in Southeast Asia, where 

vegetation cover constitutes a critical element of blue-green 

infrastructure that helps mitigate urban flood risk in rapidly 

urbanizing landscapes (Hamel and Tan 2022; Garshasbi et 

al. 2025; Yuanita and Sagala 2025). Vegetation plays a 

fundamental role in mitigating hydrological disasters, as its 

presence in a location can reduce the spread of flooding by 

increasing flow resistance and prolonging the time it takes 

for flood waves to reach certain areas (Ali et al. 2019; 

Giovannini et al. 2025). In addition to vegetation, this 

condition can be exacerbated by topographical factors, as 

the model confirms that elevation is negatively associated 

with flooding events, meaning that areas with lower 

elevations are more susceptible to flooding (Zhang et al. 

2023). Effect-size estimates further support this pattern, 

showing reduced flood odds with higher vegetation cover 

and elevation, and increased flood odds with greater built-

up frequency. 

The positive relationship between built-up areas and 

flooding events is a consequence of urbanization, as the 

dominance of impervious surfaces hinders water infiltration 

into the soil. Furthermore, the dominance of impervious 

surfaces can increase surface runoff accumulation in 

certain locations. Built-up expansion along riverbanks 

often fragments and narrows riparian corridors, which 

reduces corridor continuity and buffering capacity, 

increases direct runoff connectivity to channels, and can 

amplify flood susceptibility in adjacent low-lying urban 

areas (Feng et al. 2021; Castillo-Acosta et al. 2025). Wang 

et al. (2020) simulated urban expansion and flood risk over 

the period 1980-2015 and showed that an increase in 

impervious surfaces increases flood risk by increasing 

surface runoff, even in moderate rainfall scenarios. Several 

studies in Southeast Asian cities have reported similar 

findings, where an increased risk of flooding is often 

associated with an increase in impervious surfaces 

(Sugianto et al. 2022; Huang et al. 2024; Garshasbi et al. 

2025). 

This study does not explicitly discuss civil 

infrastructure aspects but focuses on land cover and 

topography variables in predicting flood vulnerability. 

However, the expansion of impervious surfaces as part of 

urbanization should ideally be accompanied by 

improvements in civil infrastructure, such as drainage 

systems, to prevent excessive surface runoff (Zhou et al. 

2019; Zhang et al. 2024). Simulations conducted by Bibi et 

al. (2023) show that poor drainage systems are not effective 

enough in reducing flood risk. On the other hand, drainage 

alone is also insufficient to mitigate the risk of flooding in 

an area. A number of previous studies have revealed that 

vegetation cover plays an important role in reducing flood 

risk, in addition to the existence of a drainage system 

(Fletcher et al. 2015; Mell 2017; Machado et al. 2019; 

Sugianto et al. 2022). In this context, urban vegetation, 

buffer forests along riverbanks, or riparian green belts 

within cities can be viewed as part of green infrastructure 

within a broader landscape management framework (Carter 

et al. 2018; Liu and Zhang 2025; Xiao et al. 2025). In 

practical terms, the resulting flood susceptibility map can 

serve as spatial input for prioritizing segments of riparian 

corridors that require vegetation reinforcement and land 

use control. 

The spatial prediction visualization of the model shows 

that flood-susceptible areas are concentrated along the 

Mahakam River and in the northern part of the city, namely 

the center of Samarinda City. This pattern is in line with 

the character of Samarinda's urban landscape, which is 

dominated by flat topography and extensive built-up areas 

compared to vegetation cover in the city center, reflecting 

the general character of urban environments (Nowak and 

Greenfield 2020; Anwar et al. 2021; Bapperida Kota 

Samarinda 2024; Malkoç 2024). 
 

 

 
 

Figure 5. ROC curve of the flood susceptibility model showing 

an AUC value of 0.959, indicating good model performance 
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In addition to the city center, the limited vegetation 

cover around the riverbanks also contributes to high flood 

susceptibility. The Jenks reclassification provides a 

descriptive summary of areal extent, indicating that high 

susceptibility occupies 32.78 km² (4.74%) of the study 

area, while moderate susceptibility covers 40.92 km² 

(5.92%) and low susceptibility dominates 617.28 km² 

(89.33%). Despite its smaller areal proportion, the high-

susceptibility class is spatially concentrated along river 

corridors and low-lying urban zones, making it relevant for 

prioritizing riparian green-belt reinforcement and land-use 

control.  

Forestry management implications follow directly from 

this prioritization. High-susceptibility corridor segments 

can be treated as priority restoration zones where urban 

riparian forest continuity and buffering functions need to be 

strengthened through targeted revegetation and protection. 

Restoration strategies can focus on improving riparian belt 

continuity, increasing canopy closure, and promoting 

multi-strata vegetation structure to enhance surface 

roughness and infiltration capacity during high-flow events 

(Kiss and Fehérváry 2023; Rahman et al. 2023). Flooding 

in Samarinda is not only triggered by rainfall but also by 

fluctuations in the tides of the Mahakam River (Setiawan et 

al. 2020). Urban riparian forests and vegetated river 

corridors are important areas for flood mitigation because 

they can slow surface runoff and increase water infiltration 

into the soil (Croke et al. 2017; Olokeogun et al. 2020; 

Viezzer et al. 2022; Kiss and Fehérváry 2023; Vilca-

Campana et al. 2025). 

Riparian mitigation capacity depends not only on the 

presence of vegetation but also on structural characteristics 

such as belt width, canopy closure (canopy density), 

vertical stratification, and understory density, which jointly 

control rainfall interception, infiltration opportunity, and 

hydraulic roughness during high flows (Rahman et al. 

2023). Wider and more continuous riparian belts generally 

provide greater buffering and storage functions, while 

dense woody and understory structure can increase flow 

resistance and reduce flow velocities across floodplains and 

along channel margins (Kiss and Fehérváry 2023). Given 

that the vegetation predictors in this study (EVI) represent 

landscape-scale greenness rather than riparian width or 

canopy density explicitly, the high-susceptibility river-

corridor segments are interpreted as priority areas where 

riparian structure and continuity may be degraded and thus 

warrant targeted strengthening (Valera et al. 2019). This 

study primarily captures macro-scale vegetation structure 

(landscape greenness and cover patterns) rather than micro-

scale riparian stand structure measured in the field. Further 

work is needed to quantify riparian width, canopy density 

or closure, understory and stem density, and vertical 

stratification through on-site surveys to better explain 

mechanisms and strengthen management 

recommendations. In addition, the loss of ecological 

corridors due to urbanization pressures can reduce the 

capacity of rivers to regulate runoff and retain flow during 

intense rainfall (Eckermann et al. 2022; Vilca-Campana et 

al. 2025). Beyond flood mitigation, vegetation-based green 

infrastructure, particularly in riparian corridors, also 

maintains habitat quality and green space connectivity that 

are important for biodiversity and ecosystem resilience for 

sustainable landscape management (De La Fuente et al. 

2018; Boncourt et al. 2024). Thus, integrating 

environmental considerations into regional planning and 

development is fundamental to ensuring the sustainability 

of cities in the future (Gustafsson et al. 2019; Adams et al. 

2023). 

Indonesia, through Law No. 41 of 1999 concerning 

Forestry, stipulates that logging is not permitted within 100 

meters of riverbanks and 50 meters of tributaries in forest 

areas. More specifically, Regulation of the Minister of 

Public Works and Public Housing (PUPR) No. 28 of 2015 

concerning the Determination of River Boundaries and 

Lake Boundaries regulates the boundary distance for 

embanked and unembanked rivers, both in urban and non-

urban areas. The main objective of this regulation is to 

preserve the ecological function of riverbanks, especially as 

retention and flood buffer zones. In Samarinda City, the 

findings of Kedhaton and Krismondo (2024), which show 

that settlements have developed within 100 m of river 

channels, indicate increasing pressure on land use in 

riparian corridors. This situation suggests persistent 

enforcement challenges, particularly where river 

boundaries are not clearly managed on the ground and 

urban development pressures are high. These challenges 

matter for forestry governance because effective riparian 

buffer protection depends on consistent land-use control 

and monitoring, especially in already-occupied segments. 

The susceptibility map (Figure 4) can be used to delineate 

corridor segments that should be prioritized for 

strengthening the riparian green belt and regulating land 

use, and to inform refinement of boundary zoning in the 

regional spatial plan. This study does not examine spatial-

planning compliance or setback enforcement in depth, but 

it provides spatial evidence to support more targeted 

implementation. 

To contextualize these results, it is important to 

acknowledge several limitations of the data and modeling 

approach, even though the model performs well in 

identifying areas that are physically susceptible to flooding. 

The use of open-source environmental covariates and flood 

reports derived from georeferenced online sources and 

social media means that the analysis reflects documented 

flood events rather than comprehensively observed events. 

Moreover, the covariates are relatively static, so land cover 

changes over time may not be fully captured. A temporal 

mismatch may also exist because the flood-event reports 

represent specific dates, whereas the land-cover and 

vegetation predictors were derived from a composite 

period, meaning that local land-cover conditions at the time 

of a reported flood may differ from the mapped covariates. 

This mismatch can introduce uncertainty in estimated 

relationships, particularly in rapidly changing urban areas. 

From a modeling perspective, the correlational framework 

using a presence-pseudo-absence design in urban 

landscapes does not explicitly incorporate dynamic 

hydrological drivers such as rainfall intensity, backwater 

effects due to tides, or drainage capacity. Consequently, the 

resulting map is best interpreted as relative vulnerability 



NAUFALIANTO et al. – Vegetation and urban flood risk 

 

9/12 

based on environmental indicators rather than as 

deterministic predictions for individual rainfall events. 

Model discrimination was evaluated using both a random 

split and spatially separated cross-validation to reduce 

optimistic bias from spatial autocorrelation. Future research 

should integrate crowd-sourced flood reports with 

inundation traces derived from Unmanned Aerial Vehicle 

(UAV) imagery and higher-resolution hydrometeorological 

data. This would enable more accurate mapping of actual 

inundation extents and riparian forest conditions, while 

supporting stronger model evaluation and improved 

generalization for sustainable urban landscape management 

and planning. 

In conclusion, this study quantifies how vegetation 

cover and topography shape urban flood susceptibility in 

Samarinda, Indonesia, using 123 spatially thinned flood 

occurrences and 1,000 pseudo-absence points within a 

GLM framework. Flood occurrence decreases with higher 

vegetation greenness (EVI) and higher elevation, while 

greater built-up frequency increases flood susceptibility. 

Model discrimination is strong, with AUC=0.959 under a 

70/30 split and mean AUC=0.961±0.025 under spatial 

block cross-validation, supporting robust separation 

between flood-susceptible and non-susceptible locations. 

Spatial predictions indicate that high susceptibility is 

concentrated along river corridors and low-lying urban 

zones, highlighting priority areas for urban riparian green-

belt reinforcement and land-use control. These outputs can 

be used as considerations for urban forestry planning, 

including prioritizing riparian forest conservation and 

restoration within urban river corridors as part of flood-risk 

mitigation and landscape governance. Future work should 

incorporate rainfall intensity, drainage capacity, and time-

series land-cover dynamics to strengthen event-based 

inference and support operational flood-risk planning.  
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