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ABSTRACT 

Pontianak is a lowland area prone to flooding driven by hydrological factors, topographical 

conditions, and land cover changes. This study analyzed flood inundation using a Multi-Threshold 

Overlay approach based on Sentinel-1 SAR imagery and examined its relationship with land cover 

classified from Sentinel-2 MSI imagery using the Random Forest algorithm on the Google Earth 

Engine. This study assumes that the Multi-threshold Overlay approach improves flood detection 

reliability by identifying areas consistently detected across multiple threshold values. The 

relationship between flood inundation and land cover was analyzed using spatial overlay and 

regression analysis. The results showed that the land cover classification achieved an Overall 

Accuracy of 78.82% (κ = 0.706), while the flood inundation detection attained an Overall Accuracy 

of 85% (κ = 0.70). The Multi-Threshold Overlay approach identified 1,335.86 ha of flood inundation 

and generated consistent inundation areas across all threshold values (1.05–1.25). The consistent 

identification of inundated areas across multiple threshold values suggests that integrating 

threshold values can improve the reliability of flood inundation mapping. Overlay analysis indicated 

that infrastructure areas accounted for 49.8% of the total inundated area, followed by 

agricultural/plantation areas (26.0%) and vegetation cover (24.2%). Regression analysis further 

confirmed a strong positive relationship between land cover and flood inundation extent (R² = 0.875; 

r = 0.93). These findings suggest that the dominance of built-up areas increases the risk of flood 

inundation, highlighting the importance of infiltration space, sustainable drainage systems, and 

blue-green infrastructure in spatial planning. 

Introduction 

Flooding and urban inundation are among the most frequent hydrometeorological disasters. These disasters 
are rapidly increasing with the expansion of built-up areas and changes in land cover. In addition to these 
factors, topographic characteristics play a crucial role in determining whether a region is susceptible to 
flooding. The city of Pontianak is known for its low elevation [1], which is vulnerable to flooding and 
inundation, especially during the rainy season [2]. Furthermore, suboptimal urban drainage and high rainfall 
intensity [3] intensify flooding and inundation as the main problems faced by the community in Pontianak 
[4]. However, the massive development of buildings and population growth have also changed the land cover 
[5] and reduced the green open space area, which has led to an increase in the surface runoff volume and 
directly affected inundation and flooding [6]. These conditions underscore the need to examine the spatial 
patterns of flood inundation alongside land cover characteristics in Pontianak. 

Geographic Information Systems (GIS) have become important tools for monitoring and analyzing flood 
events across both space and time [7]. Among the available remote sensing datasets, Sentinel imagery 
provides 10 m spatial resolution and spectral characteristics well suited for flood mapping [8]. Sentinel-1 SAR 
imagery is particularly valuable because it can acquire data regardless of cloud cover or weather conditions. 
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Flood inundation is commonly detected using change detection techniques that identify surface changes 
before and after flood events [9]. Combined with analyses of Sentinel-1 backscatter responses, these 
techniques have demonstrated strong performance in mapping urban flood inundation.  

Previous studies have successfully applied Sentinel-1 imagery for flood mapping, but most have relied on 
either a single threshold or independent evaluations of multiple threshold values [9,10]. Such approaches 
assume that one threshold adequately represents inundation conditions or compare thresholds separately 
without considering their spatial agreement. As a result, mapped inundation areas can vary substantially 
depending on the selected threshold, while the consistency of inundation patterns across multiple threshold 
scenarios remains insufficiently explored, particularly in low-lying urban environments. Moreover, although 
flood inundation mapping has been widely investigated, fewer studies have quantitatively examined how 
inundation patterns relate to land cover characteristics. 

To address these limitations, this study applies a Multi-Threshold Overlay approach that integrates Sentinel-
1 threshold values ranging from 1.05 to 1.25 to identify inundated areas consistently detected across multiple 
threshold scenarios. Rather than relying on a single threshold, the approach evaluates whether areas 
repeatedly identified as inundated provide a more spatially consistent representation of flood-prone 
locations. The analysis was implemented on the Google Earth Engine (GEE) platform, which enables efficient 
processing of large geospatial datasets [11]. 

In addition to mapping flood inundation, this study quantifies the relationship between inundation 
distribution and land cover using spatial overlay analysis, the coefficient of determination (R²), and the 
correlation coefficient (r). Linking inundation patterns with land cover provides a clearer understanding of 
how different land-use types influence flood occurrence in lowland urban environments. The results also 
identify land cover categories that are most affected by flooding, offering information that can support urban 
planning and flood risk management in Pontianak. These findings may assist decision-makers in prioritizing 
urban growth management, preserving green open space, and promoting ecosystem-based infrastructure to 
strengthen climate adaptation and reduce future flood risk. 

This research addresses these gaps by combining Multi-Threshold Overlay analysis of Sentinel-1 SAR imagery 
with land cover classification derived from Sentinel-2 MSI imagery and the Random Forest algorithm. 
Specifically, it (1) maps flood inundation across Pontianak, (2) classifies the city's land cover, and (3) evaluates 
the relationship between inundation patterns and land cover using spatial overlay, the coefficient of 
determination (R²), and the correlation coefficient (r). The results provide an empirical basis for improving 
urban flood mitigation and supporting more sustainable land-use planning in lowland cities [12]. 

Materials and Methods 

Research Location 

Geographically, Pontianak extends from 0°02'24" N to 0°05'37" S latitude and from 109°16'25" to 109°23'04" 
E longitude, placing it directly on the equator. Its equatorial location contributes to a humid tropical climate 
characterized by abundant annual rainfall and consistently high temperatures throughout the year [13]. 
Pontianak, the capital of West Kalimantan Province, Indonesia, was selected as the study area because of its 
high susceptibility to flooding. The city occupies approximately 11,832 hectares and is divided 
administratively into six sub-districts and 29 neighborhoods. In 2023, Pontianak had a population of 682,728, 
corresponding to a population density of about 6,331 people per km², making it one of the most densely 
populated urban centers in West Kalimantan [14]. 
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Figure 1. Map of Pontianak City, West Kalimantan, Indonesia, showing the study area. The figure presents the location 

of Pontianak City within West Kalimantan Province and the administrative boundaries of the six districts that 

constitute the study area. This map provides the geographical context for the research and identifies the spatial extent 

used for flood inundation and land cover analyses 

Data Collection 

This study utilized satellite imagery from Sentinel-1 SAR GRD (C-band Synthetic Aperture Radar) to analyze 
flood-affected areas in Pontianak and Sentinel-2 MSI (Multispectral Instrument) to assess land cover 
conditions. Both datasets were accessed and processed using the Google Earth Engine (GEE) platform. In 
addition to satellite data, records of flooding events in Pontianak were incorporated, with the selected case 
occurring on July 6, 2023 [15]. To validate the results of the flood and land cover analyses, ground verification 
was conducted to assess the accuracy of the spatial interpretations. 

Data Analysis  

Land Cover Analysis 

Land cover classification was conducted using a supervised approach in which training samples were defined 
for each land cover class to guide the classification process [16]. Sentinel-2 imagery was analyzed using the 
B4, B3, and B2 band combination on the GEE platform, with the Random Forest algorithm used as the 
classifier. Random Forest constructs multiple decision trees from the training data and assigns the final class 
through majority voting [17]. Its ability to handle high-dimensional datasets and model nonlinear 
relationships among spectral variables makes it suitable for remote sensing applications [18]. Compared with 
conventional approaches such as Maximum Likelihood Classification (MLC), Random Forest does not require 
assumptions about the statistical distribution of the input data and has consistently produced higher 
classification accuracy for multispectral imagery [19]. In this study, the model was trained using 100 decision 
trees, a configuration selected to achieve reliable classification performance while maintaining 
computational efficiency [20]. 
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A supervised classification strategy was adopted in which training samples defined the spectral characteristics 
of each land cover category. Because Sentinel-2 imagery has a spatial resolution of 10 m, individual pixels 
may contain multiple surface features, resulting in mixed pixels that reduce the discrimination of spectrally 
similar land cover types. To minimize this limitation, the classification scheme was grouped into four broad 
categories: water bodies, infrastructure, agriculture/plantation, and vegetation. Although simplified, these 
classes are appropriate for the spatial resolution of Sentinel-2 imagery and adequately represent the land 
cover patterns required for subsequent flood inundation analysis. Classification accuracy was assessed using 
a confusion matrix. The required number of validation samples was calculated using Equation 3, after which 
samples were allocated proportionally to the area of each land cover class to ensure adequate representation 
across all categories. In the confusion matrix, columns correspond to the reference classes, whereas rows 
represent the classes predicted by the classifier. The overall workflow for land cover analysis is presented in 
Figure 2. 

 

Figure 2. Flowchart illustrating the land cover classification process. It outlines the steps such as Sentinel-2 image 

acquisition, cloud masking, feature extraction, training the Random Forest model, classification, validation, and 

generating the land cover map. This map was used for overlay and regression analyses with flood inundation data 

obtained from Sentinel-1 SAR images. 

Flood Inundation Analysis 

Satellite imagery was first clipped to the administrative boundary of Pontianak before flood inundation 
analysis was performed using Sentinel-1 Ground Range Detected (GRD) C-band Synthetic Aperture Radar 
(SAR) imagery. Unlike optical sensors such as Landsat, Sentinel-1 can acquire observations regardless of cloud 
cover or daylight conditions, making it well suited for flood monitoring in tropical regions where persistent 
cloud cover often limits optical imagery. Nevertheless, radar observations in densely built urban areas may 
be affected by double-bounce scattering, which produces complex backscatter responses. To take advantage 
of the strengths of both sensors, Sentinel-1 was used for flood inundation detection, whereas Sentinel-2 
imagery was employed for land cover classification. 
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Image quality was improved by applying a Lee filter to suppress speckle noise, a characteristic granular 
pattern in SAR imagery. Flood inundation was then identified by comparing pre-flood and post-flood Sentinel-
1 images. Because the Sentinel-1 GRD dataset available through GEE is distributed with standard 
preprocessing, including radiometric calibration and terrain correction, no additional corrections were 
required before analysis. Sentinel-1 GRD imagery has a spatial resolution of 10 meters, while Sentinel-2 
includes bands with 10-meter (B2, B3, B4, B8) and 20-meter (B5, B6, B7, B8A, B11, B12) resolutions. Land 
cover classification was based on the B4, B3, and B2 band combination. The Lee filter was implemented using 
Equation 1 to reduce speckle noise and improve the interpretability of the radar imagery [21]: 

𝑌𝑖𝑗 = 𝐾̅ + 𝑊 𝑥 (𝐶 − 𝐾̅)  (1) 

Description: 
𝑌𝑖𝑗  : despeckled image 

𝐾̅ : Kernel/scene average 
W : weighting 
C : center element in kernel/scene 

Pre-flood and post-flood Sentinel-1 SAR images were selected to capture surface conditions before and after 
the flood event. Changes in radar backscatter between the two acquisition dates formed the basis for flood 
inundation detection. Operating in the C-band, Sentinel-1 is particularly sensitive to variations in surface 
moisture and open water, allowing flooded areas to be distinguished from surrounding land surfaces through 
changes in backscatter intensity. Flood inundation was identified using a change detection approach with 
threshold values of 1.05, 1.10, 1.15, 1.20, and 1.25 following the methodology of [9]. Previous research 
reported overall classification accuracies ranging from 81.13% to 94.34% for this threshold range when 
applied to Sentinel-1 SAR imagery [9]. Based on a prior study, this range produced overall accuracy values 
between 81.13% and 94.34% using Sentinel-1 SAR imagery [9]. Accordingly, these thresholds were adopted 
to represent different flood detection scenarios and were further evaluated within the study area to examine 
the sensitivity of inundation mapping to threshold selection. A Multi-Threshold Overlay approach was then 
applied to integrate the individual detection results. Each threshold-derived inundation map was converted 
to a binary layer in which inundated pixels were assigned a value of 1. Because each threshold represented 
an equivalent detection scenario, all layers received equal weight. The binary layers were subsequently 
overlaid and summed, producing scores from 0 to 5 that reflected the frequency with which individual pixels 
were identified as inundated. Pixels receiving the maximum score of 5 were classified as flood inundation 
areas because they were consistently detected across all threshold scenarios. 

To reduce false positives, areas with slopes greater than 5% were excluded using the 30 m SRTM Digital 
Elevation Model (DEM), as this threshold has been reported to improve classification accuracy [22]. 
Permanent water bodies, particularly the Kapuas River, were also masked from the inundation maps using 
ArcGIS before the overlay analysis was finalized. Overall classification accuracy was subsequently evaluated 
using Equation 2 [23]: 

𝑂𝐴 =
∑ 𝑛𝑖𝑖𝑘

𝑖=1

𝑁
𝑥100%  (2) 

Description: 
nii : number of correct samples 
N : total number of samples 

A limited sensitivity analysis was performed by comparing flood inundation extents derived from threshold 
values between 1.05 and 1.25. Other factors that may influence inundation mapping, including image 
acquisition dates, rainfall conditions, tidal dynamics, and drainage capacity, were not evaluated in the present 
study. Because these variables can affect both flood extent and its spatial distribution, incorporating them 
into future analyses would provide a more rigorous assessment of the method's reliability under different 
hydrological and urban conditions. 

Ground Check on Land Cover and Flood Inundation 

Field verification was conducted to assess the agreement between satellite-derived land cover classifications 
and flood inundation maps and the corresponding ground conditions [24]. The observations collected during 
the ground survey were used to evaluate classification performance and to provide reference data for the 
confusion matrix and subsequent accuracy assessment. Ground check locations were determined using a 
stratified random sampling approach, with the required number of samples calculated according to Equation 
3 [25]. 
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𝑁 = (∑ 𝑖 = 1(𝑊𝑖 𝑥𝑆𝑖)/𝑆𝑜)2 (3) 

Description: 
Wi : proportion of class i areas mapped 
Si : standard deviation of strata i 
So : standard deviation expected from overall accuracy 

The number of ground-check points was determined using the sampling equation and therefore depended 
on the spatial extent of each analysis area. As a result, smaller analysis areas required fewer validation points 
for both flood inundation and land cover assessments, which may have limited the representation of the full 
range of inundation conditions across Pontianak. This limitation may affect the uncertainty in the accuracy 
assessment results, particularly in areas that are difficult to access or where inundation conditions are 
temporary and highly dynamic. Accuracy was assessed using overall accuracy, user accuracy, producer’s 
accuracy, and the kappa coefficient (confusion matrix). The confusion matrix is a common method for testing 
remote sensing accuracy by comparing the relationship between known field data and processed results. The 
flowchart of the inundation detection analysis is shown in Figure 3. 

 

Figure 3. Flowchart illustrating the flood inundation detection process with the Multi-Threshold Overlay method. It 

outlines the steps from Sentinel-1 SAR image acquisition and preprocessing to applying various threshold values, 

overlaying inundation results, and validating the final flood map. The resulting map highlights areas consistently 

identified across thresholds and was used to analyze the link between flood inundation and land cover. 

Overlaying Land Cover and Flood Inundation Maps 

Overlay is a GIS-based analytical method that integrates multiple spatial data layers to examine geographic 
phenomena that occur simultaneously. It facilitates descriptive, deductive, and inductive analyses and is 
commonly utilized in change analysis, spatial accuracy assessment, and multi-criteria evaluation through both 
geometric and arithmetic methods [26]. In this study, overlay analysis was applied for change analysis, which 
identifies and measures temporal changes by comparing different data layers. The overlay combined 
processed land cover and flood inundation data to determine the flood-affected land cover types. The results 
were quantitatively analyzed using the coefficient of determination (R2) to examine the relationship between 
each land cover classification and flood inundation area. R² was calculated using Equation 4. 

𝑅2 = 1 −
∑ (𝑦𝑖−𝑦𝑖̂)2𝑛

𝑖=1

∑ (𝑦𝑖−𝑦)2𝑛
𝑖=1

 (4) 

𝑅2 is the coefficient of determination, which indicates the proportion of the observed variation explained by 
the regression model. 𝑦𝑖  represents the observed value for the “i” observation, where 𝑦𝑖̂ denotes the 
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corresponding predicted value generated by the regression model. 𝑦̅ represents the mean of all observed 
values and is used as a reference when calculating the total variation in the data. 𝑛 denotes the total number 
of observations used in the analysis. These variables are used to calculate the coefficient of determination 
𝑅2, which provides a measure of the regression model’s ability to explain the relationship between the 
variables under analysis. To determine the strength of the relationship between variables, the Pearson 
correlation coefficient (r) was calculated using Equation 5. 

𝑟 = √𝑅2  (5) 

Where: 
𝑟 = Pearson correlation coefficient  

Results and Discussion 

Results 

Flood Inundation Analysis Result 

Flood inundation is driven by multiple interacting factors, including rainfall intensity, land cover, topography, 
and drainage capacity. Information on the spatial distribution of inundation is essential for understanding an 
area’s susceptibility to flooding. In this study, flood inundation was identified using a change detection 
approach that compared surface conditions before and after a flood event. Based on this approach, the 
results of the change detection analysis for the study area are shown in Figure 4. 

  

Figure 4. Satellite images show the area before (left) and after (right) the flood in Pontianak City, West Kalimantan, 

Indonesia. They depict surface conditions prior to and following the flood, offering visual context for the inundation 

patterns observed. These datasets served as the foundation for flood analysis and comparison with land cover 

distribution. 

Satellite imagery was used to analyze flood inundation in Pontianak. Water inundation was detected by 
comparing pre- and post-event images [27]. An increase in backscatter values was observed in both pre-flood 
and post-flood imagery [28], likely due to surface conditions such as vegetation and soil, which typically 
produce higher radar reflectance [29]. Change detection was performed using a set of predefined threshold 
values. This was followed by an extraction process to identify the spatial distribution of flood inundations.  
Five threshold values were applied in this study: 1.05, 1.10, 1.15, 1.20, and 1.25. Permanent water bodies 
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were removed from the analysis by masking the Kapuas River prior to change detection, improving the 
accuracy of flood classification by eliminating responses from pre-existing water surfaces. Flood inundation 
extents estimated for each threshold value are presented in Table 1 and depicted in Figure 5. 

Table 1. Flood inundation zones corresponding to each threshold in the Multi-Threshold Overlay analysis are 

presented. The table details flood extents derived from Sentinel-1 SAR imagery, with ratio thresholds between 1.05 

and 1.25 in Pontianak City. This comparison illustrates how different threshold values influence the flood extent 

mapping and helps identify reliably detected areas for subsequent analysis. 

No. Threshold Area (hectares) 

1 1.05 3,313.46 

2 1.10 2,703.73 

3 1.15 2,163.28 

4 1.20 1,711.12 

5 1.25 1,335.86 

  

Figure 5. Flood inundation maps are generated with five threshold values: 1.05 (a), 1.10 (b), 1.15 (c), 1.20 (d), and 

1.25 (e). Each map shows the flood extent identified from Sentinel-1 SAR imagery in Pontianak City using different 

thresholds in the Multi-Threshold Overlay method. Comparing these maps reveals how sensitive flood detection is to 

the chosen threshold and helps identify areas that are consistently inundated, which are used in the final flood map. 
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Following this step, the individual inundation maps were integrated using the Multi-Threshold Overlay 
approach. The analysis estimated a total flood inundation extent of 1,335.86 ha across Pontianak. Notably, 
this extent was identical to the inundation area obtained using the 1.25 threshold, indicating that all pixels 
detected at this threshold were consistently identified across the entire threshold range (1.05–1.20). 
Consequently, only pixels classified as inundated under every threshold scenario were retained in the final 
map (cumulative score = 5). This result demonstrates that the 1.25 threshold produced the most spatially 
consistent inundation pattern among the thresholds evaluated. The overlay approach employed in this study 
serves as a spatial verification mechanism to identify inundated areas consistently detected across multiple 
threshold scenarios. Thus, the method reduces the likelihood of misclassification associated with the use of 
a single threshold and enhances the reliability of the flood inundation mapping results.  To assess the 
reliability of the results, the overall accuracy was calculated using ground verification points within the 
inundated zones. The results of the multi-threshold overlay analysis are presented below, and the maps and 
ground check map of the flood-affected area are presented in Figure 6. 

  

Figure 6. Map of multi-threshold overlay flood analysis (a), Map of ground check on (b) multi-threshold overlay flood 

analysis, and Land Cover (c). The flood inundation map was generated from Sentinel-1 SAR imagery using the Multi-

Threshold Overlay approach, while the land cover map was produced from Sentinel-2 MSI imagery using the Random 

Forest algorithm. Together, these maps illustrate the validated flood inundation results and the spatial distribution of 

land cover used to analyze the relationship between flood occurrence and land cover in Pontianak, West Kalimantan, 

Indonesia. 

Ground verification was conducted by observing actual inundated locations and comparing them with flood 
analysis results. In this study, 20 ground checkpoints were selected across the inundated and non-inundated 
areas. Field observation data were subsequently used as reference data for accuracy assessment.  
Furthermore, the accuracy of the flood‑inundation mapping results for Pontianak was evaluated using a 
confusion matrix to obtain the overall accuracy, producer’s accuracy, user’s accuracy, and Kappa coefficient. 
The overall accuracy of the flood inundation in Pontianak was calculated using a confusion matrix. The results 
are shown in Table 2. 

Table 2. Confusion Matrix of Flooded Areas in Pontianak. This table compares flood inundation classifications 
obtained from the Multi-Threshold Overlay method with Sentinel-1 SAR imagery and ground validation data. 
The results serve as a basis for calculating overall accuracy, producer's accuracy, user's accuracy, and Cohen's 
kappa coefficient, illustrating the reliability of the flood detection. 

Confusion Matrix 
Data 

Row Totals UA (%) CE (%) 
Inundation Non-inundation 

Accuracy 
Result 

Inundation 9 1 10 90 10 

Non-
inundation 

2 8 10 20 80 
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Confusion Matrix 
Data 

Row Totals UA (%) CE (%) 
Inundation Non-inundation 

Column Totals 11 9 20 55 45 

PA (%) 82 89 OA (%) 85.00 

OE (%) 18 11 k 0.70 

The accuracy of flood inundation classification was assessed using a confusion matrix, yielding a user accuracy 
(UA) of 90% for the inundation class, indicating that 90% of the area identified as flooded was confirmed to 
be inundated in the field. Moreover, the Producer’s accuracy (PA) was 82%, signifying that 82% of the actual 
flooded area was accurately identified by the model, and the Overall Accuracy (OA) was 85%, indicating a 
strong agreement with the reference data. The Kappa coefficient (κ = 0.70) indicates substantial agreement, 
supporting the reliability of the flood inundation classification [30]. 

Flood inundation in Pontianak was concentrated primarily in built-up urban areas characterized by low 
elevations and relatively flat terrain. The Multi‑Threshold Overlay approach identified 1,335.86 ha of 
inundated land, with the same inundation extent retained across all evaluated threshold values (1.05–1.25). 
The persistence of these inundated pixels across every threshold scenario indicates that they represent 
consistently detected flood-prone areas rather than threshold-dependent classifications, demonstrating that 
the Multi-Threshold Overlay approach reduces the sensitivity of inundation mapping to the choice of a single 
threshold. 

Land Cover Analysis Result 

Land cover in Pontianak was classified from Sentinel-2 imagery using a supervised classification approach 
based on training samples representing predefined land cover categories. The procedure distinguished water 
bodies, vegetation, rice fields, built-up areas, and open land according to their spectral characteristics. The 
resulting land cover map was subsequently used to quantify the spatial distribution and proportion of each 
class and to examine its relationship with flood inundation. The Sentinel-2 Multispectral Instrument (MSI) 
imagery used for the analysis is shown in Figure 7. 

Land cover classification was carried out in GEE using the workflow described in the methodology. Training 
samples represented four land cover categories: water bodies, infrastructure (built-up areas), 
agriculture/plantation, and vegetation. The resulting land cover map is presented in Figure 7. The classified 
map indicates that Pontianak covers approximately 11,832.00 ha and is dominated by infrastructure, which 
occupies 5,155.22 ha (43.57%) of the total area. Vegetation accounts for 3,206.47 ha (27.10%), followed by 
agricultural and plantation land covering 2,797.31 ha (23.64%). Water bodies represent the smallest class, 
occupying 673.00 ha (5.69%). 

The spatial distribution of these land cover classes reflects the city's pattern of urban development. 
Infrastructure is concentrated primarily within the urban core and along major transportation corridors that 
connect commercial, residential, and service areas. Vegetation is more extensive in the peripheral parts of 
the city, where urban development is less intensive. In this study, the vegetation class includes natural 
vegetation, shrubland, urban green spaces, and small remnants of forest located within the peri-urban zone. 
Agricultural and plantation land is also concentrated toward the city's outskirts, particularly near the 
boundary with Kubu Raya Regency, and consists mainly of cultivated fields and community-managed 
plantations. Together, these patterns illustrate a transition from densely developed urban areas to 
landscapes with greater vegetation cover and agricultural land toward the city's periphery. 
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Figure 7. Sentinel-2 multispectral image of Pontianak in 2024 (a) and the land cover classification map for Pontianak 

(b). The figure shows the satellite source data and the land cover map created with the Random Forest algorithm in 

GEE. The classified map illustrates the distribution of key land cover types and functions as the main dataset for 

examining the link between land cover and flood inundation. 

Land cover classification was validated through field verification using ground-check locations selected by 
stratified sampling. Observations from these sites were used to construct the confusion matrix and evaluate 
classification accuracy. The allocation of validation points for each land cover class is summarized in Table 3. 

Table 3. Confusion Matrix Results for Land Cover Classification. The table compares land cover classes classified from 

Sentinel-2 Multispectral Instrument (MSI) imagery using the Random Forest algorithm with the reference data 

collected for validation. The resulting accuracy metrics, including overall accuracy, producer's accuracy, user's 

accuracy, and Cohen's kappa coefficient, demonstrate the reliability of the land cover classification used in the 

subsequent flood inundation analysis. 

Confusion Matrix 

Number 
Of 
Ground 
Check 
Points 

Data 
Row 
Totals 

UA 
(%) 

CE (%) 
Water 
bodies 

Infrastructure Agriculture Vegetation 

Accuracy Result 
Water bodies 

13 13 0 0 0 13 100 0 

Infrastructure 
29 0 29 7 3 39 74 26 

Agriculture 
21 0 1 11 3 15 73 27 

Vegetation 
21 0 0 4 14 18 78 22 

Column Totals 85 13 30 22 20 85   

PA (%)  100 97 50 70 OA 
(%) 

78.824 

OE (%)  0 3 50 30 k 0.706 
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The confusion matrix indicated good classification performance, with an Overall Accuracy (OA) of 78.82% and 
a Kappa coefficient (κ) of 0.706, representing substantial agreement [30]. Among the four land cover classes, 
water bodies achieved perfect classification accuracy, with both Producer's Accuracy (PA) and User's 
Accuracy (UA) of 100%. Infrastructure also performed well, recording a PA of 97% and a UA of 74%; the lower 
UA suggests that some non-infrastructure areas were classified as built-up surfaces because of similar 
spectral responses. Agriculture produced the lowest PA (50%) and a UA of 73%, whereas vegetation achieved 
a PA of 70% and a UA of 78%. Misclassification between agricultural land and vegetation was likely caused by 
their similar spectral characteristics in Sentinel-2 imagery and the 10 m spatial resolution, which limits the 
discrimination of fine-scale land cover features. Despite these class-specific differences, the overall accuracy 
statistics indicate that the classified land cover map provides a reliable basis for examining the spatial 
relationship between flood inundation and land cover in Pontianak.  

The classified land cover map also highlights a distinct spatial pattern across Pontianak. Infrastructure is 
concentrated within the urban core and along major transportation corridors that support commercial, 
residential, and service activities. In contrast, vegetation and agricultural/plantation land are distributed 
mainly in the city's peripheral areas, particularly near the boundary with Kubu Raya Regency. This transition 
from densely built urban areas to greener suburban landscapes reflects the city's pattern of urban expansion 
and is likely to influence local hydrological processes by increasing surface runoff in highly developed areas. 

Land Cover Overlay and Flood Inundation Area 

Spatial overlay analysis was performed to examine how flood inundation was distributed across the major 
land cover classes in Pontianak. The resulting overlay map and the corresponding distribution of inundated 
areas are presented in Figure 8. Infrastructure accounted for the largest inundated area, covering 675.30 ha, 
or approximately 49.8% of the total flood extent. Agricultural and plantation land ranked second with 351.86 
ha, followed closely by vegetation with 328.70 ha. The relatively small difference between the latter two 
classes indicates that flood inundation extended beyond built-up areas into surrounding non-urban 
landscapes. 

 

Figure 8. Histogram depicting Inundation Area versus Land Cover in Pontianak City, along with the R2 coefficient 

indicating the correlation between flood inundation and land cover. The figure summarizes the spatial overlay and 

regression analysis results conducted in Pontianak City using flood and land cover data. 

The relationship between land cover area and flood inundation was further evaluated using the coefficient 
of determination and the correlation coefficient (Equations 4 and 5). Regression analysis produced an R² 
value of 0.875, indicating that 87.5% of the variation in flood inundation area could be explained by 
differences in land cover area at the aggregated class level. The corresponding correlation coefficient (r = 
0.93) demonstrates a strong positive relationship between the two variables. Together with the overlay 
analysis, these results indicate that infrastructure areas experienced the greatest flood inundation, consistent 
with the influence of extensive impervious surfaces on surface runoff and flood susceptibility in Pontianak. 

Discussion 

The predominance of infrastructure in Pontianak reflects the city's continuing urban expansion and provides 
an important context for interpreting the observed flood inundation patterns. This result is consistent with 
the findings of [5], who documented a progressive increase in built-up areas associated with urban 

R² = 0.875

 -

 100.00

 200.00

 300.00

 400.00

 500.00

 600.00

 700.00

 800.00

Infrastructure Agriculture and
plantation

Vegetation

Fl
o

o
d

 I
n

u
n

d
at

io
n

 (
H

a)

Area Land Cover (Ha)



This journal is © Rangga et al. 2026  JPSL, 16(4) | 506 

development. Conversely, the presence of vegetation and relatively extensive agricultural land indicates that 
some areas still function as water catchment zones. The observed inundation characteristics are also related 
to the relatively flat topography of Pontianak City and the dominance of built-up areas, both of which can 
increase the surface runoff. 

The flood inundation analysis employed a Multi-Threshold Overlay approach to address the uncertainty 
commonly associated with the use of a single threshold in Sentinel-1 SAR-based change detection. In 
backscatter ratio-based flood mapping, threshold selection is a critical factor that influences the classification 
results. Threshold values that are too low tend to produce larger inundated areas because they are more 
sensitive to minor changes in backscatter values. Meanwhile, excessively high threshold values may exclude 
portions of the actual inundated areas owing to stricter classification criteria. Therefore, the use of multiple 
threshold values is expected to yield a more representative and reliable delineation of flood inundation than 
conventional single-threshold methods. A key advantage of the Multi-Threshold Overlay approach over 
conventional single-threshold methods is its ability to evaluate the consistency of flood inundation detection 
across different sensitivity levels. In a single-threshold approach, the classification results depend heavily on 
the selected threshold, which may lead to either overestimation or underestimation of the inundation extent. 
In contrast, the Multi-Threshold Overlay approach integrates inundation maps generated from multiple 
threshold values, allowing inundated areas to be evaluated based on their consistency. Consequently, the 
method not only produces a flood inundation map but also serves as an internal validation mechanism that 
reduces the classification uncertainty arising from the selection of a single threshold value. 

To examine how flood inundation varied among different land cover types, the classified land cover map was 
spatially overlaid with the flood inundation map. Infrastructure accounted for the largest share of the 
inundated area (675.30 ha; 49.8%), followed by agricultural and plantation land (351.86 ha; 26.0%) and 
vegetation (328.70 ha; 24.2%). These patterns indicate that flood inundation in Pontianak is closely 
associated with land cover, with built-up areas experiencing the greatest exposure. 

The predominance of inundation within infrastructure areas agrees with the findings of [9] who reported 
frequent flooding in built-up environments characterized by limited infiltration capacity. Similar relationships 
between urban expansion, increased surface runoff, and reduced drainage efficiency have also been 
documented elsewhere [31]. Unlike cities where flooding is concentrated in localized depressions, inundation 
in Pontianak was distributed more broadly across the urban area. This spatial pattern is likely influenced by 
the city's predominantly low-lying and gently sloping terrain, which limits the concentration of runoff and 
allows surface water to accumulate over a wider area once drainage capacity is exceeded [32]. Land cover 
further modifies this topographic influence. Extensive impervious surfaces associated with roads, buildings, 
and other urban infrastructure reduce infiltration and accelerate runoff generation, increasing the likelihood 
of flooding throughout the urban core [33], [34], [35]. Although agricultural and plantation land generally has 
greater infiltration capacity than built-up areas, these landscapes can also become inundated when soils 
approach saturation. Vegetated areas similarly contribute to flood storage and runoff regulation but remain 
susceptible to inundation in low-elevation locations and areas adjacent to river channels [36]. Together, these 
findings suggest that the spatial distribution of flood inundation in Pontianak reflects the combined effects 
of land cover and topography rather than either factor acting independently. 

The result strong positive relationship between land cover area and flood inundation area should be 
interpreted with caution because the number of analytical units was relatively limited and may not fully 
represent the spatial variability within the study area. Flood inundation in Pontianak City is strongly 
associated with land cover patterns. Built-up areas, which dominate nearly half of the inundated region, 
reflect that urbanization without adequate drainage systems will increase the flood risk [37]. Simultaneously, 
flooding in agricultural and vegetated areas suggests that additional factors, including hydrological 
conditions, terrain, and drainage capacity, are influential [38]. Therefore, balanced spatial planning that 
integrates infrastructure development with the provision of green open spaces and sustainable drainage 
systems is key to reducing flood risks in Pontianak. Although the regression analysis revealed a strong 
association between land cover and flood inundation area, this relationship should not be interpreted as 
evidence that land cover alone determines flood occurrence. In Pontianak, flood inundation is likely shaped 
by the combined influence of land cover, flat topography, low elevation, drainage capacity, and river system 
dynamics. The results therefore suggest that expanding built-up areas increase flood susceptibility primarily 
when they interact with these broader environmental and hydrological conditions. 

Nearly half of the mapped inundation (49.8%) occurred within built-up areas, underscoring the influence of 
impervious surfaces and reduced infiltration capacity on urban flood risk. This pattern highlights the need for 
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adaptive flood management strategies that combine structural and nature-based approaches. Sustainable 
Urban Drainage Systems (SUDS) [39], including infiltration wells, biopores, infiltration parks, and retention 
ponds, could help reduce surface runoff, while polder systems [40] are particularly relevant for low-lying 
cities such as Pontianak. Complementary planning measures should prioritize development control in flood-
prone areas, expand permeable surfaces and green open spaces, and promote blue-green infrastructure to 
strengthen urban resilience. The effectiveness of these interventions also depends on community 
participation in maintaining drainage networks. The flood inundation and land cover maps generated in this 
study provide practical evidence for identifying priority areas for flood mitigation and supporting land-use 
planning and infrastructure investment in the most vulnerable parts of the city. 

Conclusions 

This study evaluated a Multi-Threshold Overlay approach using Sentinel-1 SAR imagery to map flood 
inundation in Pontianak. The analysis identified a total inundated area of 1,335.86 ha and achieved an Overall 
Accuracy of 85% with a Kappa coefficient (κ) of 0.70, indicating good agreement with the reference data. 
Consistent inundation patterns were observed across the evaluated threshold range (1.05–1.25), 
demonstrating that the Multi-Threshold Overlay approach reduces dependence on a single threshold when 
delineating flood extent. Notably, the final inundation map matched the result obtained with the 1.25 
threshold, indicating that this threshold produced the most spatially consistent inundation pattern among 
those examined.  

Land cover classification derived from Sentinel-2 MSI imagery using the Random Forest algorithm achieved 
an Overall Accuracy of 78.82% and a Kappa coefficient of 0.706. Infrastructure was the dominant land cover 
class, accounting for 43.57% of the study area, followed by vegetation (27.10%), agriculture/plantation land 
(23.64%), and water bodies (5.69%). Overlay analysis showed that 49.8% of the mapped inundation occurred 
within infrastructure areas, while regression analysis identified a strong positive relationship between land 
cover area and flood inundation area (R² = 0.875; r = 0.93). These results indicate that the spatial distribution 
of flood inundation in Pontianak is closely associated with land cover, particularly the prevalence of built-up 
surfaces that limit infiltration and promote surface runoff. Therefore, spatial planning and land use 
management strategies that incorporate green open spaces, sustainable drainage systems, and blue–green 
infrastructure should be prioritized to support more adaptive and sustainable flood mitigation efforts in 
Pontianak. 
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