
 

 
1. INTRODUCTION 
 
landslides are One of the most dangerous natural disasters, often cause fatalities, damage to in-
frastructure, and long-term economic effects, particularly in mountainous areas. Accurate and 
effective landslide detection is essential for sudden risk reduction and management. Conventional 
techniques, for example field surveys and manual satellite image interpretation, are mostly costly, 
time taking, and more probability of human error. The potential for automated landslide identifi-
cation using data-driven methods is expanding due to developments in remote sensing technolo-
gies and the growing accessibility of high-resolution satellite imagery. 
 
Deep learning and machine learning methods have been popular in geospatial analysis in recent 
years. Despite being popular for image classification tasks, Convolutional Neural Networks 
(CNNs) sometimes lack the spatial resolution required for pixel-by-pixel segmentation. In remote 
sensing applications, U-Net, a deep learning architecture that was first created for biomedical 
image segmentation, has shown promise in semantic segmentation. 
This Research intends to leverage CNN and U-Net models for landslide identification utilizing 
multispectral satellite pictures saved in HDF5 (.h5) format. Rich geographic and spectral infor-
mation is provided by the dataset's 14 spectral bands per image. We assess both models' perfor-
mance in order to determine how well-suited they are for landslide mapping and detection tasks 
in the actual world. 

2. RELATED WORKS 
Landslide detection has been widely studied using various remote sensing and machine learn-

ing techniques. Conventional methods frequently imposed by using statistical models based on 
topography and environmental variables or manually interpreting satellite imagery. These ap-
proaches are less scalable and time taking and also costly, that's why Convolutional Neural Net-
works (CNNs) have demonstrated potential in landslide classification by extracting spatial infor-
mation from satellite imagery as deep learning has grown in popularity. CNNs have been used in 
a number of research for patch-based detection; nevertheless, their accuracy in segmentation tasks 
is still limited. 
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This has been reached by the successful adaptation of U-Net, a convolutional neural network 
developed for biological picture distribution, for remote sensing applications. Its skip connections 
and encoder-decoder design allow for pixel-wise classification with improved spatial context. U-
Net has proved that it will be useful in mapping landslides, floods, and other geohazards in recent 
studies. Comparative research employing multispectral HDF5 datasets is still few, nevertheless, 
underscoring the need for more investigation in this area. For this we need satellite images which 
should be in rich quality 
 
3. LITERATURE REVIEW 

 
New developments in the field of deep learning and remote sensing have strongly in-
creased the accuracy and scalability of landslide detection. When it comes to analyzing 
huge amounts of geospatial data, traditional techniques like field surveys by human itself 
and heuristic GIS models are mostly constrained by human errors and inefficiency. to 
solve these restrictions, scientists have started using convolutional neural networks 
(CNNs) and its alteration to use the spectral and spatial information found in remote sens-
ing photos. 
 
in order to detection of landslides, Cai et al. (2021) suggested a highly linked convolu-
tional network that incorporates environmental factors. Their method demonstrated the 
promise of deep architectures in complicated terrains by improving feature propagation 
and decreasing overfitting, resulting we get a robust performance. In a similar way, Ji et 
al. (2020) developed an attention-boosted CNN which integrates digital elevation models 
(DEMs) and satellite images and successfully increasing the accuracy of landslide detec-
tion by concentrating on important spatial characteristics in the data. 
 
In geographical applications, U-Net has also shown itself to be a promising option for 
pixel-level segmentation. Kour and Rathour (2024) used remote sensing data to apply a 
U-Net model for landslide detection in the Leh-Ladakh region in Himalayas. According 
to their research, U-Net is quite good at mapping landslide borders, especially in that type 
of environments which are diverse. This paper tells the paucity of research on applying 
such models to high-dimensional HDF5 datasets, despite significant advancements. 
 
4.  DATA DESCRIPTION 
 
Satellite pictures with dimensions of 128, 128, and 14 make up the dataset utilized in this 
study. It is in HDF5 format (.h5), and each of the 14 channels corresponds to a distinct 
spectral band. The pictures are of type float64 and are in grayscale. Ground truth masks 
for landslide zones are supplied in binary format (0 for non-landslide, 1 for landslide). 
 
 
1. Preprocessing Spectral band normalization to the [0, 1] range 
 
 2. Data augmentation (flipping, rotation) 
 
 3. dividing the data into test, validation, and training sets (70:15:15) 
 
 4. Masks are transformed into a category format for segmentation. 
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5.METHODOLOGY 

5.1. CNN Architecture 
 
CNN model was built with these standards 
 

1.Four convolutional layers which is activated by ReLU 
 
2.Layers of max-pooling for down sampling 
 
3. Layers for categorization are fully related 
 
4.For binary prediction (landslide/non-landslide), output is SoftMax 
 
While patch-level categorization is accomplished by this architecture, pixel-wise detec-
tion is not possible due to the absence of spatial context-Net Architecture U-Net, it is a 
well-liked image segmentation architecture, was created with: 
 
Convolution + max-pooling for the contracting path (encoder) 
 
Using up-convolution and skip connections to expand the path (decoder) 

 
Sigmoid-activated output layer for binary segmentation The U-Net model efficiently cap-
tures multi-scale spatial data and is more appropriate for semantic segmentation tasks. 

 

6. IMPLEMENTATION DETAILS 

Framework: TensorFlow/Keras 

Optimizer: Adam (learning rate = 0.001) 

Loss function: Binary cross-entropy + Dice coefficient 

Batch size: 32 

Epochs: 100 

6.1 Results 

Metric CNN U-Net 
Accuracy 85.2% 98.93% 
Precision 83.5% 79.81% 

Recall 81.0% 64.85% 
F1_score 78.3% 64.85% 

Loss 4.98% 0.028% 
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In every parameter, but especially in IoU and recall, which are critical for landslide detection, U-
Net performs noticeably better than CNN. The superiority of U-Net in defining landslide limits is 
further supported by visual comparisons of the segmented output. 

 

	
	

YMER || ISSN : 0044-0477

VOLUME 24 : ISSUE 06 (June) - 2025

http://ymerdigital.com

Page No:1460



Loss Decrease: Both training and validation loss decrease significantly, shows effective learn-
ing of model 
 
Stabilization: After completing 20 epochs, losses stabilizes with minute divergence, suggest-
ing no overfitting. 
 
Precision Growth: Training precision improves and also stabilizes around 0.85, showing 
some false positives. 
 
Validation Precision: Slightly lower (~0.78), but stable model generalizes well. 
 
Recall Trend: Training recall fastly increases, showing improved sensitivity to landslide areas. 
 
Validation Recall Fluctuates: Minor fluctuations suggest sensitivity to varied input, but 
overall positive trend. 
 
F1 Score Balance: F1 score shows a good balance between precision and recall for both train-
ing and validation. 
 
Training F1 High: Ends around 0.78, tells strong model performance on training data. 

 

7. MATHEMATICAL FORMULA 

Evaluation Metrics 

These metrics are calculated based on confusion matrix components: 

True Positive (TP): Correctly predicted landslide pixels 

True Negative (TN): Correctly predicted non-landslide pixels 

False Positive (FP): Non-landslide pixels incorrectly predicted as landslides 

False Negative (FN): Landslide pixels incorrectly predicted as non-landslides 

7.1 Accuracy 

Measures the overall correctness of the model: 

Accuracy=      TP+TN 
             TP+TN+FP+FN 
 
7.2 Precision 

Measures how many predicted landslide pixels are actually correct: 

Precision=   TP   

              TP+FP 
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7.3 Recall (Sensitivity or True Positive Rate) 

Measures how many actual landslide pixels were correctly predicted: 

Recall=    TP 
                          TP+FN 

 
 4. F1-Score 

Harmonic mean of Precision and Recall, useful when classes are imbalanced: 

            

F1-Score=2*	Precision.Recall 
                      Precision+Recall 
 
 
 
 5. Loss Function (Binary Cross-Entropy) 

As previously mentioned, used to optimize model prediction: 

 

Where: 

yi = ground truth label (0 or 1), 

y^I  = predicted probability, 

N   = total number of pixels. 

8. DISCUSSION 

The findings we have demonstrate that although CNNs are capable of delivering better 
classification performance, it has a capacity to identify exact spatial patterns is con-
strained. While, the U-Net design offers accurate segmentation results, particularly for 
intricate and irregular landslide formations, because to its encoder-decoder structure and 
skip connections. 
 
Furthermore, by adding a variety of spectrum information that emphasizes vegetation, 
soil moisture, and surface alterations linked to landslides, multispectral photography en-
hances model performance. 

9. CONCLUSION 

By Using multispectral satellite imagery which is stored in HDF5 format, this study 
shows that how deep learning models, specifically U-Net and CNN, can effectively detect 
landslides by using 14 spectral bands per image to learn complex spatial and spectral 
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patterns associated with landslide-prone areas. The comparative analysis shows that alt-
hough CNNs are suitable for basic classification tasks, U-Net significantly outperforms 
CNN in terms of segmentation accuracy, precision, recall, and Intersection over Union 
(IoU). The encoder-decoder structure and skip connections allow the U-Net model to 
capture fine-grained details and spatial context, making it highly effective for pixel-wise 
classification. These results imply that U-Net is more appropriate for real-world applica-
tions, such as early warning systems and post-disaster mapping. To enhance generaliza-
tion and prediction performance, future research can concentrate on combining elevation 
models, temporal data integration, and testing the model across various geographic loca-
tions. 
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