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Abstract 

Landslides are geological disasters that cause severe impacts on human life, infrastructure, and ecosystems, 

highlighting the need for post-disaster mapping methods that are fast, accurate, and scalable. This study aims to 

develop a post-landslide satellite image segmentation framework based on U-Net integrated with cloud computing 

to support large-scale and operational disaster mapping. While U-Net has been widely applied for landslide analysis, 

most existing studies focus on local-scale assessments or susceptibility mapping and lack integration with cloud-

based pipelines and multi-source data for post-disaster operations. The novelty of this research lies not in modifying 

the U-Net architecture, but in integrating multi-source geospatial data, system workflow, and scalable cloud 

deployment. The proposed framework utilises a global multi-source dataset consisting of RGB imagery, Normalized 

Difference Vegetation Index (NDVI), slope, and elevation to enhance robustness and generalisation across diverse 

geomorphological conditions. Experimental results show stable model convergence with a final loss of 0.0357, an 

F1-score exceeding 0.75, and an AUC-PR of 0.8391. Evaluation on the testing dataset achieves a precision of 0.7692, 

recall of 0.7519, F1-score of 0.7604, and Intersection over Union of 0.6135. Qualitative analysis demonstrates strong 

spatial agreement between predicted segmentation and ground truth, with minor deviations mainly along complex 

slope boundaries. From an Informatics perspective, this study contributes by operationalizing deep learning through 

cloud computing to enable scalable computation, parallel processing, and system-level deployment, while providing 

object-level estimates of landslide events and affected areas to support disaster response and risk mitigation.  

 

Keywords: Big data analytics, Disaster mitigation, Multispectral imagery, Semantic segmentation, 

Spatial generalization. 
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1. INTRODUCTION 

Landslides represent one of the most destructive geological hazards, causing extensive losses to 

human life, infrastructure, and ecosystems. The Data Unified Global Landslide Database documents 

37,946 landslide events across 161 countries between 1903 and 2020, resulting in 185,753 fatalities, 

underscoring the global severity of this disaster [1]. Asia and the Americas record the highest frequency 

of landslide occurrences, driven by the combined influence of geological conditions, extreme rainfall, 

and rapid land-use change [2]. The spatial extent and complex triggering mechanisms of landslides 

necessitate post-disaster monitoring systems that operate rapidly, accurately, and at large scale to 

support effective and sustainable mitigation strategies [3], [4]. 

Remote sensing and spatial analysis have become central to post-landslide mapping due to their 

ability to provide timely and synoptic observations [5]. Sentinel-2 imagery effectively captures changes 
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in vegetation cover and slope morphology associated with landslide events [6], [7]. The fusion of optical 

and radar data further improves detection robustness under variable surface and atmospheric conditions 

[8], while the integration of DEM or LiDAR data and spectral indices enriches geomorphological 

characterization [9]. However, extracting accurate landslide boundaries from these heterogeneous data 

sources remains challenging when using conventional image analysis techniques. 

Recent advances in deep learning, particularly convolutional neural network based image 

segmentation, have significantly improved object delineation in complex scenes. Among these 

approaches, the U-Net architecture has emerged as a dominant model due to its encoder–decoder 

structure with skip connections that preserve spatial resolution and enable precise boundary 

reconstruction [10]. Beyond landslide applications, U-Net and its variants demonstrate strong 

performance across multiple domains, confirming their robustness and generalizability. In medical 

imaging, U-Net-based models successfully perform multi-class brain tumor segmentation and 

classification from MRI data, even under limited annotated samples [11], [12]. In agricultural contexts, 

enhanced U-Net CNN architectures effectively segment and classify rice leaf diseases under real field 

conditions in Indonesian rice fields [13]. These studies show that U-Net can handle heterogeneous image 

characteristics, class imbalance, and complex object boundarie conditions that closely resemble post-

landslide satellite imagery. 

Methodologically, landslide mapping studies have evolved from classical CNN and feature-based 

models, which rely on handcrafted features and patch-level classification, toward standard U-Net 

architectures that enable end-to-end semantic segmentation with improved boundary accuracy [14]-[16]. 

More recent works introduce U-Net variants, such as Attention U-Net and U-Net++, to enhance multi-

scale representation and focus on salient landslide features [17], [18]. 

Nevertheless, a substantial portion of existing studies primarily targets landslide susceptibility 

mapping or pre-event analysis, while fewer studies emphasize post-disaster segmentation aimed at rapid 

damage assessment and operational response [19], [20]. 

Despite these advances, several critical gaps remain evident: (1) most studies rely on local or 

region-specific datasets, limiting model generalization; (2) multi-source data integration is often partial 

or absent; (3) cloud based deploymentis rarely implemented as a core research component; and (4) post-

segmentation analysis is typically restricted to pixel-level accuracy metrics without object-level 

interpretation, such as estimating the number of landslide events or affected areas [21], [22]. Addressing 

these gaps, this research positions its novelty at the integration of U-Net-based post-landslide 

segmentation, multi-source satellite data, and cloud computing infrastructure. Unlike prior studies that 

focus on model performance alone, this work emphasizes scalability, operational deployment, and 

object-level analysis to support real-world disaster management. 

Accordingly, the objective of this study is to develop a cloud computing–based U-Net 

segmentation system that improves accuracy, scalability, and operational readiness for post-landslide 

satellite image analysis, thereby providing reliable and actionable information to support disaster 

response and risk mitigation across diverse regions. 

Unlike studies that focus on architectural modification of deep learning models, the novelty of 

this research lies in system-level integration. Specifically, this work contributes through: (1) multi-

source geospatial data fusion combining spectral and terrain-derived features, (2) cloud-based scalable 

processing pipeline enabling operational deployment, and (3) object-level post-processing that 

transforms pixel-level segmentation into structured disaster indicators such as landslide event counts 

and affected area estimation. 

https://jutif.if.unsoed.ac.id/
https://doi.org/10.52436/1.jutif.2026.7.2.5617


Jurnal Teknik Informatika (JUTIF)  Vol. 7, No. 2, April 2026, Page. 1040-1055 
P-ISSN: 2723-3863  https://jutif.if.unsoed.ac.id                                       

E-ISSN: 2723-3871  DOI: https://doi.org/10.52436/1.jutif.2026.7.2.5617 

 

 

1042 

2. METHOD 

This study utilises a deep learning approach based on the U-Net architecture for segmenting 

satellite images of landslides after disasters. The research process includes six stages (Figure 1): data 

collection, pre-processing, U-Net architecture design, model training, evaluation–testing, and web-

based system implementation. Each stage is equipped with a feedback mechanism to iteratively improve 

the quality of the results. 

 

 
Figure 1. Research Flowchart 

 

It is important to note that this study does not propose a new neural network architecture. Instead, 

it focuses on integrating a well-established U-Net segmentation backbone into an operational pipeline 

that combines multi-source geospatial data and cloud-based computing infrastructure for real-world 

disaster monitoring applications. Therefore, the primary contribution of this work lies in enhancing 

system scalability, improving robustness through multi-source feature integration, and enabling 

decision-support capability for operational disaster response rather than introducing architectural 

modifications at the model level. 

2.1. Data Collection 

The dataset used in this study is derived from the Landslide4Sense benchmark dataset, consisting 

of 3,799 Sentinel-2 satellite images with a spatial resolution of 10 m/pixel, accompanied by manually 

annotated ground truth segmentation masks. The dataset includes multispectral channels (B1–B12), 

geomorphological information such as slope and Digital Elevation Model (DEM) derived from ALOS 

PALSAR, as well as Normalized Difference Vegetation Index (NDVI) computed from red and near-

infrared bands. The Landslide4Sense dataset represents a global multi-regional collection of landslide 

events captured across diverse geomorphological and climatic conditions, including mountainous 

tropical environments, temperate regions, and areas with varying vegetation density and rainfall 

intensity. This diversity enables the model to learn generalized spatial characteristics of landslide 

morphology across different environmental contexts, thereby reducing region-specific bias and 

improving model generalization capability. To ensure robust model development and unbiased 

evaluation, the dataset is partitioned into 70% training data, 20% validation data, and 10% testing data, 

allowing the model to learn data variability while maintaining independent performance assessment. 

Furthermore, the global and multi-source nature of the dataset supports the development of scalable 

deep learning models suitable for large-scale operational disaster monitoring applications. 
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2.2. Data Preprocessing 

Preprocessing encompasses the imputation of missing values (NaN) through spatial interpolation, 

the construction of feature channels (RGB, NDVI, slope, elevation), and normalisation to the range 

[0,1]. This technique seeks to enhance spectral-spatial information (Figure 2) while ensuring data 

consistency. The multi-channel input is subsequently processed by the U-Net architecture, which is 

characterised by a symmetrical encoder-decoder framework and skip connections that maintain high-

resolution information at the margins of the landslide region. Figure 3 illustrates a comparison of the 

images prior to and subsequent to normalisation. 

 

 
Figure 2. Visualization of satellite image feature extraction results, (a) Original RGB image, (b) 

NDVI, (c) Slope, and (d) Elevation. 

 

 
Figure 3. Image (a) RGB image before pre-processing and Image (b) RGB image after pre-processing 

(Normalization). 
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2.3. U-Net Model Architecture 

The U-Net architecture (Figure 4) used has a symmetrical encoder-decoder structure. The encoder 

part extracts image features through layered convolutional operations, while the decoder part performs 

an upsampling process to reconstruct the segmentation map. Skip connections linking the encoder and 

decoder allow high-resolution information to be preserved, enabling the model to generate more precise 

segmentations, especially in complex landslide boundary areas. 

 

 
Figure 4. U-Net architecture design for landslide semantic segmentation 

2.4. Model Training, Evaluation, and Testing Training 

Model training was conducted using the Adam optimization algorithm with a learning rate of 

0.001, batch size of 16, and 50 training epochs, which is widely adopted in deep learning optimization 

due to its adaptive learning capability and fast convergence performance [23]. To address class 

imbalance commonly observed in landslide segmentation tasks, a combined Binary Cross Entropy and 

Dice Loss function was employed to optimize both pixel-wise classification accuracy and spatial overlap 

performance [24], [25]. The model performance was quantitatively evaluated using Precision, Recall, 

F1-score, Accuracy, Intersection over Union (IoU), and Area Under the Precision–Recall Curve (AUC-

PR), which are standard evaluation metrics for semantic segmentation and imbalanced classification 

problems [10], [14]. In addition, qualitative evaluation was performed by visually comparing predicted 

segmentation outputs with ground truth masks, as illustrated in Figure 5. 

 

 
Figure 5. Learning Process Flowchart 

 

This study utilizes multi-source input data consisting of RGB imagery, Normalized Difference 

Vegetation Index (NDVI), slope, and elevation features. While RGB-only inputs are widely used in 

semantic segmentation applications, they are often insufficient for landslide detection due to spectral 

similarity between exposed soil surfaces and surrounding terrain [26]. The integration of multi-source 

data provides complementary information, where spectral indices enhance vegetation disturbance 

detection and terrain-derived features improve geomorphological boundary representation [9]. Although 

a direct ablation comparison between RGB-only and multi-source configurations was not conducted in 
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this study, previous studies have consistently demonstrated that multi-source data fusion improves 

segmentation robustness and spatial generalization in remote sensing applications [22]. Therefore, the 

performance improvements observed in this work are interpreted within the context of established 

literature supporting the effectiveness of multi-source geospatial data integration. 

  To ensure methodological transparency and reproducibility, this study formally defines the 

optimization objective and evaluation metrics, employing a composite Binary Cross Entropy–Dice Loss 

for training and standard semantic segmentation metrics to comprehensively evaluate model 

performance. 

1. Binary Cross Entropy Loss 

𝐵𝐶𝐸 =  − 
1

𝑁
 ∑ [𝑦𝑖 ∗ log(𝑦̂𝑖) + (1 − 𝑦𝑖) ∗ log (1 − 𝑦̂𝑖)  ]𝑁

𝑖=1      (1) 

Where 𝑁 denotes the total number of samples used during training, 𝑦𝑖 corresponds to the true 

binary label of the 𝑖-th sample, and 𝑦̂𝑖 indicates the predicted probability generated by the model for the 

𝑖-th sample to belong to the positive class. 

2. Dice Loss 

𝐿𝑑𝑖𝑐𝑒 = 1 −
1

𝐶
 ∑

2 ∑ 𝑡𝑛
𝐶𝑦𝑛

𝐶 𝑁
𝑛=1

∑ (𝑡𝑛
𝐶+𝑦𝑛

𝐶 )𝑁
𝑛=1

𝐶−1
𝐶=0        (2) 

Dice Loss, computed from the class-averaged soft Dice coefficient using probabilistic outputs, 

directly optimizes spatial overlap to address class imbalance and improve segmentation performance, 

particularly when target regions occupy small spatial areas. To ensure objective and comprehensive 

performance evaluation, this study employs multiple quantitative metrics formally defined 

mathematically to assess classification accuracy, detection completeness, and spatial agreement in 

imbalanced semantic segmentation tasks such as landslide detection. 

3. Precision 

Precision measures the proportion of correctly predicted landslide pixels among all pixels 

predicted as landslide by the model. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑓

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑓 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑓
   (3) 

4. Recall 

Recall measures the proportion of actual landslide pixels that are successfully detected by the 

model. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑓

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑓 + 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑓
   (4) 

5. F1-Score 

The F1-score provides a balanced evaluation between precision and recall, especially when 

dealing with imbalanced datasets.  

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 𝑋
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑥 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
   (5) 

6. Accuracy 

Accuracy reflects the overall classification correctness of the model across both landslide and 

non-landslide classes. 
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𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+ 𝑇𝑁 

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
    (6) 

7. Intersection over Union (IoU) 

IoU measures the spatial overlap between predicted segmentation regions and ground truth 

segmentation regions. 

𝐼𝑜𝑈 =
𝑇𝑃 

𝑇𝑃+𝐹𝑃+𝐹𝑁
     (7) 

2.5. System Implementation 

The best model was integrated into a web-based application using Flask and deployed on Google 

Cloud, allowing users to upload satellite images to automatically obtain landslide segmentation results. 

The proposed system is organized into five main layers to ensure scalable processing, modular system 

integration, and efficient data flow from raw satellite data acquisition to final decision-support output 

(Figure 6). 

 

 
Figure 6. illustrates the cloud-based operational architecture designed to support multi-source 

landslide segmentation and object-level post-processing 

 

The system consists of four layers: data collection from multi-source satellite inputs, 

preprocessing with normalization and feature integration (RGB, vegetation indices, terrain features), 

scalable cloud-based U-Net inference for semantic segmentation, and post-processing using connected 

component analysis to detect landslide objects and estimate affected areas. The visualization and storage 

layer presents segmentation results and statistical summaries through web-based dashboards while 

storing processed outputs in cloud databases, enabling end-to-end operational deployment for landslide 

monitoring that reports detection status and estimated affected areas (Figure 7). 
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Figure 7. Backend Data Flowchart 

3. RESULT 

3.1. Training Model 

The training and validation curves indicate stable and consistent learning behavior throughout the 

optimization process. The loss decreases progressively and converges smoothly, while precision, recall, 

F1-score, IoU, and accuracy show steady improvement before reaching stable plateaus. As illustrated in 

Figure 8(a–f), both training and validation losses decline sharply in the early epochs and gradually 

stabilize with a minimal gap, suggesting good generalization without evident overfitting. Precision and 

recall increase consistently across epochs, indicating improved identification of landslide pixels while 

maintaining balanced detection capability. This relationship is reflected in the stabilization of the F1-

score after approximately 20 epochs, confirming balanced classification performance. IoU values 

demonstrate gradual improvement and strong spatial agreement between predicted masks and ground 

truth labels, while accuracy remains consistently high with closely aligned training and validation trends.  

Overall, the convergence patterns confirm that the U-Net architecture effectively learns discriminative 

spatial features for landslide segmentation and maintains stable predictive performance across 

evaluation metrics. 
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Figure 8. Training and validation performance of the U-Net model, including (a) loss curve, (b) 

precision curve, (c) recall curve, (d) F1-score curve, (e) Intersection over Union (IoU) curve, and (f) 

accuracy curve 

 

Quantitative evaluation on the validation dataset yields 178,100 true positives, 12,132,830 true 

negatives, 73,347 false positives, and 67,563 false negatives, as presented in the confusion matrix 

(Figure 9). Visual comparisons between predicted masks and reference labels (Figure 10) show strong 

spatial correspondence, with minor discrepancies primarily along complex slope boundaries. Consistent 

prediction behavior across multiple validation samples is further illustrated in Figure 11. The integration 

of multi-source features RGB, NDVI, slope, and elevation (Figure 12) enhances spatial representation, 

contributing to IoU values exceeding 0.60 and stable AUC-PR performance on validation data. 

 

 

(a

) 

(b

) 

(c
) 

(d) 

(e) (f) 
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Figure 9. Confusion matrix on the validation dataset at an optimal threshold of 0.3519, showing true 

positive, true negative, false positive, and false negative distributions 

 

 
Figure 10. Example of model segmentation results on the validation dataset showing comparison 

between predicted masks and ground truth 

 

 
Figure 11. Consistency of segmentation and labeling results across multiple validation samples 
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Figure 12. Multi-source input features consisting of RGB, NDVI, slope, elevation, and corresponding 

mask images for a representative training data sample. 

3.2. Performance of the U-Net 

The U-Net model demonstrates reliable performance on the Landslide4Sense testing dataset. At 

an optimal decision threshold of 0.3519, the model achieves a precision of 0.7692, recall of 0.7519, F1-

score of 0.7604, IoU of 0.6135, accuracy of 0.9876, and AUC-PR of 0.8391, as illustrated in Figure 13. 

The combination of F1-score values above 0.75 and IoU values above 0.60 indicates balanced 

classification performance and strong spatial agreement between predicted and reference segmentation 

masks. 

 

Figure 13. (a) Confusion Matrix on the testing dataset with an optimal threshold of 0.3519; (b) 

Precision-Recall curve on the testing data 

 

The confusion matrix and precision–recall curve presented in Figure 13(a–b) show a stable trade-

off between precision and recall across different probability thresholds. False positive detections are 

mainly associated with terrain regions exhibiting spectral and textural similarities to landslide areas, 

while false negatives are predominantly observed along fragmented boundaries and partially vegetated 

landslides. 

Qualitative evaluation on the testing dataset (Figure 14) further confirms that the predicted 

segmentation maps closely follow the spatial patterns of the ground truth masks. Most landslide-affected 

areas are successfully identified, with remaining inaccuracies primarily occurring in complex slope 

transition zones. 

 

 
Figure 14. Qualitative segmentation results on the testing dataset: (a) input satellite image, (b) ground 

truth mask, and (c) predicted mask 
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Post-processing using Connected Component Labeling (CCL) is applied to the segmentation 

outputs to reduce isolated noise and separate individual landslide objects, enabling clearer object 

delineation and more consistent spatial representation in the final results. 

3.3. Analysis Results  

Predictions on unlabeled test data (Table 1) demonstrate that the proposed U-Net framework is 

capable of detecting landslide events with varying numbers and spatial extents across different images. 

The number of detected landslide objects per image ranges from 1 to 11, with estimated affected areas 

spanning from several thousand to over 300,000 m². These variations indicate that the model is able to 

capture landslide occurrences across multiple spatial scales. 

 

Table 1. Prediction Results for Unlabeled Test Data and Analysis of Landslide Segmentation Results 

Input Image 
Predicted 

Mask 

Detection 

Status 

Number of 

Objects 

Area 

Objects Area 

Estimation Details 

(m²) 

Total 

Estimated 

Area (m²) 

  

Detected 5 
8700, 2500, 3300, 

6000, 800 
21300 

  

Detected 1 3000 3000 

  

Detected 6 

21300, 13200, 

9100, 3300, 8700, 

5900 

61500 

  

Detected 5 
1200, 3400, 7000, 

62600, 10700 
84900 

  

Detected 5 
11000, 14900, 

5100, 3300, 13800 
48100 

  

Detected 6 
1000, 2100, 3700, 

3100, 3300, 400 
13600 
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Input Image 
Predicted 

Mask 

Detection 

Status 

Number of 

Objects 

Area 

Objects Area 

Estimation Details 

(m²) 

Total 

Estimated 

Area (m²) 

  

Detected 3 
57200, 272800, 

1600 
331600 

  

Detected 11 

21200, 24500, 

2800, 600, 400, 

102300, 2300, 

7800, 3900, 2700, 

22500 

191000 

  

None 0 - - 

  

Detected 10 

8600, 8700, 600, 

1900, 6700, 4300, 

1200, 37500, 

29600, 1400 

100500 

 

The object-level statistics reported in Table 1 are obtained through post-processing using 

Connected Component Labeling (CCL), which separates individual landslide objects from pixel-wise 

segmentation outputs. This process enables the transformation of dense segmentation maps into 

structured quantitative information, including the number of detected events and their corresponding 

area estimates. 

Across the analyzed samples, images containing multiple small landslides as well as those 

dominated by fewer large events are consistently identified. For example, one sample contains three 

detected landslides with a combined estimated area of approximately 331,600 m², while another sample 

includes six landslide events covering approximately 61,500 m². These results confirm that the 

segmentation outputs preserve spatial coherence and scale variability in the detected landslide patterns. 

Although minor deviations persist along complex slope boundaries and fragmented regions, the 

estimated spatial extents remain consistent with expected morphological characteristics. Overall, the 

analysis results indicate that the proposed framework produces stable object-level outputs that 

complement pixel-level segmentation performance and provide structured information suitable for post-

landslide assessment. 

4. DISCUSSIONS 

This study demonstrates that integrating U-Net–based semantic segmentation with multi-source 

remote sensing data and cloud-oriented processing provides a reliable and operational framework for 

post-landslide mapping. Beyond performance metrics, the key finding lies in the consistent model 

behavior across training, validation, and testing phases, indicating that the proposed pipeline captures 
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generalizable spatial characteristics of landslides rather than overfitting to localized features, a limitation 

frequently reported in previous studies. 

The recall-oriented prediction behavior represents an appropriate trade-off for post-disaster 

applications, where missing landslide occurrences poses a greater risk than moderate overestimation of 

affected areas. Prior research highlights the importance of prioritizing recall in disaster-related mapping 

to reduce false negatives [26], [28]. The balanced precision–recall relationship achieved in this study 

further confirms its suitability for operational post-disaster deployment. 

In comparison with existing U-Net–based landslide segmentation studies, the obtained F1-score 

and IoU demonstrate competitive and stable performance. While several studies report similar accuracy, 

they often rely on single-source imagery or geographically limited datasets, constraining generalization 

[1], [29]. The integration of spectral features (RGB and NDVI) with terrain-derived information (slope 

and elevation) improves robustness across diverse geomorphological conditions, supporting findings 

that multi-source data fusion enhances deep learning–based landslide detection [9]. 

Spatial inaccuracies along complex slope boundaries remain a persistent challenge due to gradual 

terrain transitions and ambiguous boundary definitions in high-resolution remote sensing data [30], [31]. 

Nevertheless, the strong correspondence between predicted and reference masks across most regions 

indicates that the model effectively captures dominant landslide morphology. 

A notable contribution of this work is the extension from pixel-level segmentation to object-level 

analysis using Connected Component Labeling. Unlike prior studies that emphasize pixel-based metrics 

or qualitative visualization [29], [32], this approach enables quantitative estimation of landslide event 

counts and affected areas, providing actionable indicators for post-disaster assessment and intervention 

prioritization [22], [30].  

From an Informatics and Computer Science perspective, the results underscore the role of cloud-

based deployment in operationalizing deep learning for large-scale disaster mapping. The demonstrated 

feasibility of scalable, cloud-integrated segmentation pipelines supports recent calls for systems that 

combine deep learning and cloud computing to enable parallel processing, scalable inference, and real-

world usability [33], [34]. 

Overall, this study shows that U-Net–based segmentation, when integrated with multi-source 

data, structured post-processing, and cloud infrastructure, can evolve from a methodological approach 

into a scalable, system-oriented solution for post-landslide disaster mitigation. 

5. CONCLUSION 

This study demonstrates that a cloud computing–based U-Net framework integrated with multi-

source remote sensing data provides a reliable and operational solution for post-landslide satellite image 

segmentation. Consistent performance across training, validation, and testing phases indicates that the 

proposed pipeline demonstrates improved robustness across heterogeneous terrain conditions of 

landslides rather than overfitting to localized patterns. The recall-oriented prediction behavior further 

aligns with post-disaster requirements, where minimizing missed detections is critical for effective 

emergency response. 

Rather than proposing a new network architecture, the principal contribution lies in 

operationalizing deep learning through multi-source data integration, object-level post-processing, and 

scalable cloud-based deployment. Extending pixel-level segmentation to object-level analysis enables 

the estimation of landslide event counts and affected areas, delivering actionable information for disaster 

assessment and prioritization. Although the framework remains dependent on annotated data and 

exhibits boundary uncertainty in complex terrain, it advances post-disaster mapping from a purely 

experimental segmentation task toward a scalable, cloud-enabled, and decision-oriented computational 

system for real-world disaster risk management. 
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