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A B S T R A C T ARTICLE INFO 

Indonesia is a region prone to various natural disasters, requiring a monitoring 
system capable of detecting changes in impacted areas quickly and accurately. 

This study proposes a method for segmenting satellite images that combines 

singular value decomposition and log ratio approaches to identify disaster 

impacts using Sentinel-2 satellite images. The segmentation process consists of 

preprocessing steps such as RGB to HSV colour conversion and histogram 
matching. The processing stage involves applying singular value decomposition 

on each 2×2 kernel block, where the smallest singular value is used as an 

indicator of local differences. This is then combined with a log operation to 
reduce speckle noise. The segmentation results are refined through 

postprocessing by overlaying satellite data to enhance the visibility of affected 
areas. Quantitative evaluation using ROC curves and AUC shows that this 

combination achieves high detection accuracy, with a maximum AUC value of 

0.9216, outperforming the Otsu method (0.8123), Region Growing (0.8349), 
and K-Means (0.8731). This combination has proven effective in distinguishing 

image changes in detail and holds potential for application in an automatic, 
real-time disaster impact monitoring system in disaster-prone areas. 
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I. INTRODUCTION 

Indonesia is the world’s largest archipelago, comprising 17,000 islands scattered along the 

equator [1], [2], [3]. Its strategic location at the junction of three major tectonic plates, the Indo-

Australian Plate, the Eurasian Plate, and the Pacific Plate, makes Indonesia highly vulnerable to 
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various types of natural disasters [4], [5], [6]. This vulnerability is exacerbated by global climate 

change, which increases the frequency and intensity of natural disasters [7], [8], [9]. These 

events not only cause massive material losses but also result in significant loss of life and leave 

deep psychological impacts on survivors [10], [11], [12]. Furthermore, the impacts of natural 

disasters also have the potential to disrupt social, economic, and political stability at the national 

level, which can ultimately affect national resilience [13], [14], [15]. 

As the complexity of disasters and their impacts increase, the need for accurate, timely, and 

comprehensive data has become increasingly urgent. Satellite imagery technology offers a 

highly effective solution for providing widely accessible and sustainable observational data that 

covers vast areas and is capable of delivering visual information about on-the-ground conditions 

in a relatively short time [16], [17], [18], [19]. Satellite imagery can capture environmental 

changes before and after a disaster, providing a clear picture of the resulting impacts, and aiding 

in emergency response planning and recovery efforts [20], [21], [22]. Raw data from satellite 

imagery typically consists of a vast and complex amount of information, requiring advanced 

analytical methods to extract meaningful and operationally usable information [23], [24], [25]. 

Singular value decomposition (SVD) is a mathematical technique that can be used to analyze 

the data structure in satellite images by decomposing the image matrix into singular components 

that represent the key information in the data [26], [27], [28], [29]. Local kernels are used as an 

approach in the application of SVD to capture patterns of change at the pixel level by 

considering inter-pixel relationships within a specific area [30], [31], [32], [33]. Disaster 

monitoring can utilize SVD techniques to identify significant change patterns in satellite 

imagery related to disaster impacts. Image segmentation is another technique that can be used 

to divide satellite images into smaller, homogeneous segments based on specific characteristics, 

such as color, texture, or brightness [34], [35], [36]. The division of images into smaller 

segments is the fundamental concept of image segmentation, which facilitates the analysis and 

mapping of disaster impacts. Image segmentation can be used to identify and map areas that 

have suffered severe damage during a disaster. The combined use of these techniques enables a 

more in-depth and comprehensive analysis of disaster impacts, which can serve as the basis for 

more effective and efficient emergency response planning. 

Based on research of [37], a target detection method for Synthetic Aperture Radar (SAR) images 

has been developed by combining a visual attention model and SVD. The main steps in this 

method involve decomposing the SAR image matrix using SVD, then reconstructing the image 

by retaining only a subset of the largest singular values. This process allows the system to focus 

on important information interpreted as segmentation targets. This aligns with the process of 

ignoring irrelevant background information. The results show that this method successfully 

detected all target areas in images with simple environments, whereas conventional methods 

such as the Itti-Koch model detected only about 43% of the target areas. This approach is 

effective for SAR images; however, the study did not yet implement a combination of local 

kernel-based segmentation techniques and SVD, which has the potential to improve accuracy in 
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the segmentation process for more complex satellite images. Further research is certainly needed 

to test the effectiveness of integrating SVD and local kernels. 

Previous research has demonstrated the effectiveness of integrating SVD with various approaches 

in a range of image object detection applications. Previous research also revealed that there are 

still gaps in the application of combining change segmentation methods with the singular value 

approach in SVD for satellite image data segmentation. The application of disaster image 

segmentation based on a combination of the singular value and log ratio approaches is expected 

to provide more accurate and detailed information regarding post-disaster conditions to the 

government and relevant agencies in Indonesia. This information is crucial for supporting rapid 

and precise decision-making in emergency situations, as well as for long-term planning to enhance 

regional resilience. A better understanding of disaster impacts can also assist Indonesia in 

formulating more effective policies for future risk mitigation. These efforts are vital for reducing 

disaster risks, strengthening infrastructure, and improving community preparedness. 

II. METHODS 

1. Dataset 

The data used in this study consists of multispectral satellite imagery obtained from the Sentinel-

2 dataset. These satellite images were selected because they have sufficient spatial and temporal 

resolution for disaster impact analysis. The first dataset, the test dataset, will be downloaded 

from the Copernicus Open Access Hub satellite imagery provider [38]. The second dataset, the 

training dataset, will use the Semantic Change Detection Dataset (SECOND) [39], which 

consists of 200 images. The satellite imagery used covers pre- and post-disaster conditions, 

which are necessary for analyzing changes resulting from disasters. The downloaded data uses 

the RGB (Red, Green, Blue) channel, PNG format, and has dimensions of 1024 × 576 pixels. 

The disaster test data to be used is presented in Table 1. 

Table 1. Research Data 

No. Disaster Data Time of Disaster Pre-Disaster Data Post-Disaster Data 

1 Palu Liquefaction, Indonesia 28/09/2018 19/07/2018 22/10/2018 

2 Masamba Flood, Indonesia 13/07/2020 09/04/2020 28/07/2020 

3 Gaza War, Palestina 19/10/2024 26/12/2021 20/01/2024 

The primary variable analyzed in this study is significant changes in image pixels in pre- and 

post-disaster data, which can indicate disaster-related damage. Therefore, the data collected 

must be free from weather-related influences; as a result, for some datasets, it is necessary to 

collect data at sufficiently long intervals between the pre- and post-disaster periods and the 

actual time the disaster occurred. The data used in this study are illustrated in Figure 1. 
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Pre-disaster Data 1 

 

Post-disaster Data 1 

 

Groundtruth Data 1 

 

Pre-disaster Data 2 

 

Post-disaster Data 2 

 

Groundtruth Data 2 

 

Pre-disaster Data 3 

 

Post-disaster Data 3 

 

Groundtruth Data 3 

(a) Data Test  

 

(b) Data Train 

Figure 1. Image Data Used for the Experimental Purposes 

2. Proposed Framework 

The proposed framework consists of three main stages. The first stage is data preprocessing, which 

involves the initial processing of two satellite images taken from disaster events in Indonesia. The 

second stage is processing, which involves the application of a singular value-based segmentation 

method as the primary method for detecting disaster-affected areas. The third stage is 
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postprocessing and evaluation, which aims to assess the segmentation results and compare them 

with methods from previous studies. 

Step 1: The preprocessing consists of two main processes: histogram matching and image 

conversion to the Hue-Saturation-Value (HSV) color space. This process begins by calculating 

the intensity histogram of each image. Next, the cumulative distribution function (CDF) is 

derived using Equations 1 and 2.2. Once both distribution functions are obtained, mapping is 

performed from the post-disaster image to the pre-disaster image using Equation 2. This 

alignment will assist the segmentation process carried out in the next stage so that it focuses 

more on spatial changes caused by the disaster, rather than being influenced by differences in 

intensity due to lighting or sensors. Next, the RGB image is converted to HSV to facilitate the 

identification of relevant areas during the segmentation process. 

𝑇(𝑟𝑘) = ∑ 𝑝𝑟(𝑟𝑖)

𝑘

𝑖=0

 (1) 

𝐺(𝑧𝑘) = ∑ 𝑝𝑟(𝑧𝑖)

𝑘

𝑖=0

 

(2) 

Step 2: Image processing involves two segmentation steps: (i) a singular value decomposition 

(SVD) operation as per Equation 3, whose output is the average of the second singular values 

(𝜎2) for each image. Next, based on the first stage, the average of all previous second singular 

values (𝜎2) is calculated and used as the first threshold (𝛽1). (ii) a log ratio operation, the output 

of which is the average log ratio value for each image. Next, based on the second stage, the 

average of all previous log ratio values is calculated and used as the second threshold (𝛽2). 

𝐴 = 𝑈𝛴𝑉𝑇 (3) 

Step 3: Postprocessing is the final step in image analysis, serving to refine the segmentation 

results and evaluate the model’s accuracy in detecting disaster-affected areas. The first step is 

the binary thresholding process, which involves converting the pixel values from the 

segmentation result 𝐶2 into binary values based on the presence of changes. Pixels with values 

greater than zero are converted to 1 (white), while the rest become 0 (black), as stated in 

Equation 4. 

𝐶2(𝑥, 𝑦) = {
1    
0    

  
, if 𝐶2(𝑥, 𝑦) > 0
, otherwise       

 (4) 

The next step is to evaluate accuracy using the ROC-AUC approach, which involves comparing 

the binary segmentation results with the reference data. The segmentation results are then 

visualized on the original image to generate a Disaster Impact Map (DIM) that shows the areas 

where changes have been detected. 

To better understand each stage of the proposed framework, Figure 2 provides a complete 

flowchart of the process. 
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Figure 2. Flowchart of the Proposed Framework 

III. RESULTS AND DISCUSSION 

During the preprocessing stage, the input image in Figure 1 is converted into an HSV color 

space, as shown in Figure 3. 

 

Disaster Data 1 
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Disaster Data 2 

 

Disaster Data 3 

Figure 3. Image Conversion Results to the HSV Color Channel 

Figure 3 shows three groups of pre-processed images from different disaster sites, labelled 

Disaster data 1, Disaster data 2, and Disaster data 3. These three datasets represent the unique 

damage characteristics of each affected area, as indicated by differences in pixel intensity. These 

results serve as input for the next stage, the processing stage. 

In this study, singular values serve as the basis for image classification and feature extraction. 

The selection of singular values is based on an analysis of how singular values behave in relation 

to the distribution of values in matrix 𝐴. 
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Figure 4. Distribution of the Singular Values of Matrix A 

Based on Figure 4, the distribution of singular values relative to pixel value variations within 

the local matrix reveals significant differences in characteristics among the components. The 

first singular component (𝑑11) exhibits a linear and consistent growth trend, indicating the 

dominance of stable global information across the entire image. Conversely, the last singular 

value (𝑑𝑛𝑛), in this case 𝑑55, is narrowly distributed with relatively low values and minimal 

fluctuations. This pattern reflects high sensitivity to subtle changes around the kernel’s center. 

The last singular value holds potential as a strong indicator in local-based segmentation due to 

its ability to highlight small dynamics undetected by the primary components. This approach 

enables more adaptive modeling of local texture and structural variations in the image. The 

strategy of utilizing 𝑑𝑛𝑛 provides an opportunity for segmentation algorithms to focus on 

relevant features, without relying solely on the dominant information from the first singular 

component. 

Figure 5 provides a sample to determine the relationship between the second singular value in 

SVD and the log ratio as a change detector for the dataset. This is done to formulate a new 

equation that will be used in the second stage of processing. 
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Pre-Images Post-Images Singular Map Log Ratio Map 

Figure 5. Data Train Processing Results 

The resulting relationships are expressed in Equations 5 and 6. 

𝜎2 ≥ 𝛽1 (5) 

𝐿𝐻𝑢𝑒,𝑆𝑎𝑡(𝑖, 𝑗) ≥ 𝛽2 (6) 



 Faris Alaudin Shalih, Achmad Abdurrazaq 

Indonesian Journal of Data Risk Research, 2026, Vol. 1, No. 1. Page - 35 

𝐿𝑉𝑎𝑙(𝑖, 𝑗) ≤ 𝛽2 

Equation 5 is derived from an analysis of Figure 5 in the section on singular value maps, which 

shows the distribution of the plotted results for the second singular value. The ≥ relationship in 

the equation is based on the observation that brighter pixel intensities indicate areas undergoing 

change, consistent with the color change indicator in the HSV channel. Brighter intensities 

indicate higher singular values, so this relationship can be formulated as Equation 5, with 𝛽1 as 

the threshold to be determined in the next step. Equation 6 is derived from Figure 5 in the log-

ratio map section, which illustrates the distribution of calculated log-ratio values. The 

formulation of this equation follows an approach similar to that for singular values, namely by 

utilizing brightness levels as an indicator of the intensity of change in pixels. 

The thresholds 𝛽1 and 𝛽2 are determined by plotting the averages of all singular value maps 

and log ratio maps. Once the averages of all maps have been obtained, their mean is calculated 

again to serve as the threshold for each channel, with 𝛽1 as the singular value threshold and 𝛽2 

as the log ratio threshold. The average plots are shown in Figure 6. 

  
(a) (b) 

Figure 6. Mean Plot of the Data Train Images; (a) Singular Value and (b) Log Ratio 

In Figure 6, the yellow plot represents the hue channel, the green plot represents the saturation 

channel, and the blue plot represents the value channel. The red line running through the plots 

is the average line that will be used as the threshold. The thresholds obtained from Figure 6 are 

summarized in Table 2. 

Tabel 2. 𝛽1 and 𝛽2 Results  

Channel 𝛃𝟏 𝛃𝟐 

Hue 18.0517 −0.0494 

Saturation 12.4877 0.0064 

Value 17.0236 0.0304 

Next, 𝛽1 and 𝛽2, obtained in the previous step, serve as threshold conditions in the segmentation 

process using the SVD and log ratio approaches. The segmentation process is based on 
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comparing the singular values of the input images against 𝛽1 and the log ratio values of the 

input images against 𝛽2. Figure 7 shows a visualization of the segmentation results for each 

disaster dataset. 

 
Hue (a) Sat (a) Val (a) 

 
Hue (b) Sat (b) Val (b) 

 
Hue (c) Sat (c) Val (c) 

Figure 7. Segmentation Results for Each HSV Channel 

Based on Figure 7, the first, second, and third disaster datasets are represented as points (a), (b), 

and (c), respectively. Visually, it appears that the saturation channel does not perform well with 

this algorithm. This is because, visually, the results from this channel appear to contain too much 

noise and over detection. Therefore, as part of the experiment, a better model will be developed. 

Visually, it can be observed that the Hue and Value channels tend to complement each other in 

disaster detection. The final result of the segmentation process is obtained by combining the 

three channels to achieve more accurate results, as shown in Figure 8. 

   
   

   
(a) Liquefaction (b) Flood (c) War 

Figure 8. Final Segmentation Results 
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Based on Figure 8, the areas affected by the disaster can be visually identified. The red color in 

the figure indicates areas affected by the disaster. The affected areas are widely distributed 

across various regions, particularly in areas with open land and settlements in the case of 

liquefaction disasters. A more concentrated pattern of impact along major roads and in high-

density urban areas is evident in the case of flood disasters. A more even distribution of impacts 

in urban areas, with a primary concentration around major road networks and activity centers, 

is shown for war disasters. 

Table 3. Visual Comparison with Previous Methods 

Data Segmentation Results 

1 

 

2 

 

3 

 
Mtd. Otsu Region Growing K-Means Clustering Proposed 

Ref. [40] [41] [42] Proposed 

Table 3 presents the results of a comparison of segmentation using the Otsu, Region Growing, 

K-Means Clustering, and Proposed framework on three disaster datasets. The Otsu method 

produces high-contrast segmentation but lacks detail in areas of change. Region Growing 

provides more adaptive segmentation but is susceptible to variations in image intensity. K-

Means Clustering is capable of grouping areas of change based on intensity similarity, but the 

results tend to lack precision in distinguishing object boundaries due to spectral variations within 

a single cluster. The proposed framework demonstrates clearer and more accurate segmentation 

results in detecting disaster-induced changes compared to the other methods. Quantitative 

evaluation was conducted by comparing the AUC values of each method to measure 

segmentation performance in detecting changes caused by disasters. Figure 9 displays the ROC 

curves for each method in the context of liquefaction (a), flooding (b), and war (c) as indicators 

of segmentation accuracy. 
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(a) 

 
(b) 

 
(c) 

Gambar 9. ROC Curve and AUC Value for the Datatest 

As shown in Figure 9, the ROC curve of the proposed framework generally exhibits a better 

pattern compared to the other methods. The curve of the combined method tends to be higher 

and further away from the diagonal line. The curves for the Otsu and Region Growing methods 

tend to follow a more stable pattern, while K-Means Clustering exhibits a more variable pattern. 

A quantitative comparison of the performance of each method is also presented through the 

AUC values calculated from the ROC curves in Table 4. 

Table 4. Comparison by AUC Value 

Data Otsu Method Region Growing  K-Means Clustering Proposed Framework 

1. 0.72 0.70 0.71 0.73 

2. 0.83 0.76 0.75 0.91 

3. 0.71 0.74 0.66 0.85 

Ref [40] [41] [42] Proposed 

Based on Table 4, the proposed combination method demonstrated the best performance 

compared to the other comparison methods. The AUC values obtained by the proposed 

framework were 0.73 for liquefaction data, 0.91 for flood data, and 0.85 for war data. The Otsu 

method achieved AUC values of 0.72, 0.83, and 0.71, respectively. The Region Growing method 

achieved AUC values of 0.70, 0.76, and 0.74. The K-Means Clustering method achieved AUC 
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values of 0.71, 0.75, and 0.66. Consistently higher AUC values indicate that the proposed 

method is superior in distinguishing affected and unaffected areas in satellite imagery [43]. 

IV. CONCLUSION 

This study proposed a hybrid disaster damage segmentation framework that integrates Singular 

Value Decomposition (SVD) and Log-Ratio analysis for identifying disaster-affected areas from 

Sentinel-2 satellite imagery. The framework combines histogram matching and HSV color space 

transformation in the preprocessing stage, followed by local kernel-based singular value 

extraction and log-ratio computation to enhance change detection between pre-disaster and post-

disaster images. Experimental results on liquefaction, flood, and war datasets demonstrated that 

the proposed method consistently outperformed conventional segmentation approaches, 

including Otsu Thresholding, Region Growing, and K-Means Clustering. The proposed 

framework achieved the highest segmentation performance with AUC values of 0.73, 0.91, and 

0.85 for the three disaster scenarios, respectively. These findings indicate that the integration of 

singular value features and log-ratio analysis is effective in capturing subtle spatial changes 

while reducing the influence of intensity variations and noise. Furthermore, the generated 

disaster impact maps provide meaningful spatial information that can support rapid damage 

assessment, disaster response planning, and resilience-oriented decision-making in disaster-

prone regions. 

Future research should investigate the integration of the proposed SVD–Log Ratio framework 

with advanced machine learning and deep learning techniques to further improve segmentation 

accuracy and automation capabilities. The framework may also be extended to utilize multi-

temporal and multi-sensor remote sensing data, such as Synthetic Aperture Radar (SAR) and 

high-resolution satellite imagery, to enhance robustness under diverse environmental conditions. 

In addition, future studies should evaluate the proposed method on larger and more diverse 

disaster datasets covering earthquakes, tsunamis, volcanic eruptions, and wildfires to assess its 

generalizability. The incorporation of real-time satellite data streams and cloud-based 

processing architectures could further support the development of operational disaster 

monitoring systems capable of providing timely information for disaster risk reduction, 

emergency management, and resilience planning. 
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