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Abstract 

 

 

Road extraction from satellite imagery is required for various applications, such as infrastructure planning, city development, 

transportation, and disaster response planning. Road extraction is treated as semantic segmentation problem where U-Net is proven to 

be highly effective. However, the standard U-Net model consists approximately 31 million parameters, which leads to high 

computational costs and resources. To address this challenge, we have modified U-Net architecture by integrating Depth-wise 

Separable Convolutions (DSC) that reduced the number of trainable parameters down to 3.5 million and improved the model ability 

to capture road features. For this work, we utilized a combination of open-source satellite imagery datasets and a custom dataset. This 

dataset contains 53877 high-resolution satellite image and road mask pairs. Comparative result shows that the U-Net with DSC achieves 

a mean accuracy of 0.956 and a mean Intersection over Union (mIoU) of 0.626, outperforming the standard U-Net, which recorded a 

mean accuracy of 0.949 and mIoU of 0.581. These models are trained on C-DAC PARAM Siddhi-AI high-performance computing 

(HPC) infrastructure.  The prediction results improve the road continuity and clarity, making the model suitable for national initiatives 

such as PMGSY National GIS. This model integration can greatly enhance the efficiency of planning, monitoring, and execution of 

road infrastructure projects. 

 

 

1. Introduction 

Roads are crucial for economic development and social well-

being. For effective planning and management, it is necessary to 

digitise and regularly update road networks within Geographic 

Information System (GIS) platforms. The traditional methods for 

road mapping such as manual surveys and visual interpretation 

are tedious job and time-consuming process which is error prone. 

Automating road extraction from satellite imagery offers the 

potential to reduce manual effort while providing accurate and 

up-to-date data to support planning and decision making. Despite 

advancements in satellite imaging and computational 

capabilities, automated road extraction remains challenging 

because of the complex appearance of roads, occlusions from 

trees and buildings, varying road widths and diverse surface 

materials. Traditional image processing methods often fail to 

generalise across different environments. The advancement of 

remote sensing technologies has been significantly driven by the 

integration of modern deep learning methods. Several Deep 

Learning (DL) and Machine Learning (ML) models have been 

developed in this area to get road information from images, and 

each one works very well on its own. The goal of this work is to 

use deep learning-based semantic segmentation methods to 

automatically find road networks in satellite images. 

 

2. Related Work 

We have explored various traditional and deep learning methods 

for automated road extraction from satellite imagery. Earlier 

approaches (Barzohar and Cooper, 1996) relied on edge 

detection, morphological operations and thresholding to extract 

linear features; however, these methods often struggled with 

occlusions, shadows and noise leads to limiting their ability to 

generalise diverse conditions. Later, knowledge-based 

approaches incorporated geometric constraints and rule-based 

systems to improve generalization across various environments 

(Huang and Zhang, 2009). Even these methods provided initial 

solutions, they often struggled with variations in road 

appearance, inconsistent structures, and diverse terrain 

characteristics. To address these limitations, traditional ML (e.g., 

Support Vector Machines (SVMs) and Random Forests) models 

using leveraged handcrafted spectral and texture features to 

improve detection (Mokhtarzade et al., 2007). However, these 

models were heavily dependent on manual feature design and 

often lacked robustness across large-scale datasets. With the 

development of cutting-edge Deep Learning technology and 

processing resources, Deep learning technology has been 

increasingly popular in computer vision, multimedia and natural 

language processing applications. For example, Convolutional 

Neural Networks (CNNs) have proven to be effective in 

extracting contextual information from images (Krizhevsky et 

al., 2017). Notable CNN architectures and algorithms in this 

regard include ImageNet, ResNet (K. He et al., 2016), Mask-

RCNN (K. He et al., 2017), and FCNs (J. Long et al., 2015).   

 

While CNNs excel at capturing spatial patterns and high-level 

features, they primarily focus on image-level classification, 

which limits their suitability for pixel-level tasks such as road 

extraction from satellite imagery. Additionally, the down 

sampling operations used for feature extraction often result in a 

loss of fine spatial details, which is critical for accurately 

delineating narrow road structures in images. To address these 

limitations, Fully Convolutional Neural Networks (FCNNs) 

extend CNNs by substituting fully connected layers with 

convolutional layers, allowing pixel-wise predictions across 

entire images (Long et al., 2015). This allows FCNNs to perform 

semantic segmentation tasks, making them applicable for road 

extraction in satellite images.  However, FCNNs often produce 

coarse segmentation maps due to down sampling, which can 

affect the clarity of extracted road boundaries. To further improve 

fine detail preservation in segmentation tasks, the U-Net 

architecture builds upon the FCNN framework by incorporating 

an encoder-decoder structure with skip connections 

(Ronneberger et al., 2015). These skip connections transfer 
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feature information from the encoder to the decoder, allowing the 

model to retain fine spatial details while maintaining appropriate 

understanding, with this the U-Net is useful for precise, pixel-

wise road extraction from high-resolution satellite images, while 

also performing well on limited labelled datasets typically 

available in remote sensing applications. While the U-Net 

architecture is effective for precise, pixel-level road extraction, 

its original implementation requires over 31 million parameters, 

leading to high computational costs during training and 

inference. This computational demand poses challenges for 

large-scale road extraction tasks using high-resolution satellite 

imagery, particularly when scalability and rapid deployment are 

necessary. To mitigate this challenge, depthwise separable 

convolutions (DSC) have been incorporated into CNN 

architectures to reduce computational complexity while 

preserving the model's capability to capture indispensable spatial 

features (Howard et al., 2017). 

 

3. Dataset 

 

Figure 1. Satellite Image and Roads Feature Mask Image pairs 

 

Applying deep learning methods for road extraction in Rural 

India faces challenges with publicly available DeepGlobe roads 

dataset (Demir I et al., 2018) and SpaceNet roads datasets (A. 

Van Etten, 2018) have limited Indian samples. We have used 

53877 satellite images that were annotated to create ground truth 

road masks (Figure 1). For this study, we split the dataset into 

70% for training, 10% for validation, and the remaining 20% for 

testing. 

 

4. Methodology 

The study we use a modified U-Net architecture, replacing 

Depthwise Separable Convolutions (DSC) in place of standard 

convolutions and built upon the classical encoder–decoder 

structure of the U-Net while incorporating DSC to significantly 

reduce computational cost while maintaining accuracy in 

extracting road networks from satellite imagery.  The standard U-

Net architecture contains 31 million parameters, leads to high 

computational demands during training and inference. By 

replacing standard convolutions with DSC, the parameter count 

can be significantly reduced to around 3.5 million, resulting in 

faster training and lower memory usage without compromising 

segmentation performance.  The encoder path systematically 

reduces spatial dimensions and increases feature depth through 

four blocks, each have a 3×3 depth-wise convolution, a 1×1 

pointwise convolution, batch normalisation, ReLU activation, 

and 2×2 max pooling for down-sampling. At the core, the 

bottleneck layer captures deeper background information using 

similar DSC operations, safeguarding required features are 

retained before up-sampling. The decoder path mirrors the 

encoder structure with four blocks, each beginning with a 2×2 

transposed convolution for up-sampling, followed by 

concatenation with the corresponding encoder outputs through 

skip connections to save spatial details important for accurate 

segmentation. Each and every decoder block further refines the 

feature maps using depth-wise and point-wise convolutions with 

batch normalisation and ReLU activation, enabling clarity in the 

segmentation outputs. The network concludes with 1x1 

convolution to minimise 3 channels to single channel output, 

followed by a sigmoid activation to produce a 256x256x1 binary 

segmentation road mask network.  

 

The architecture is designed to retain high segmentation accuracy 

while reducing computational complexity, making it suitable for 

large-scale processing and deployment on low-resource field 

devices. Table 1 shows the configuration of the U-Net with DSC 

model used in this work. 

 

 

Table 1. U-Net with DSC Model Configuration 

 

The enhanced U-Net-integrated with DSC (shown in Figure 2) is 

trained and evaluated using a combination of open-source and 

custom-built datasets on the PARAM Siddhi-AI high-

performance computing system. 

 

 

Figure 2: U-Net with DSCArchitecture (Zhang et al., 2020) 
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4.1 Evaluation Metrics 

The performance of the DL models is evaluated using 

quantitative metrics shown in Table 2. 

Table 2. Summary of the Quantitative Metrics 

 

4.2 Training Setup 

Model Configuration 

Dataset size 53877 Split 70% Train, 10% validation and 

20% Test 

Epochs 150 

Batch Size 4 

Learning Rate 1e – 4 

Loss function Binary Cross Entropy (BCE) 

Activation function Rectified Linear Unit (ReLU) 

Metrics Accuracy, IoU, Precision, 

Recall, F1 Score 

Hardware and Software PARAM Siddhi-AI HPC system 

with four NVIDIA A100 SXM4 

GPUs with 40GB 

 

U-Net-

DSC 

 

Parameters 

Total: 3,576,476 

Trainable: 3,564,700 

Non-trainable: 11,776 

Training time 1 day, 23 hours and 31 minutes 

 

 

U-Net 

 

Parameters 

 

Total: 31,402,497,  

Trainable: 31,390,721 

Non-trainable: 11,776 

Training time 3 days, 23 hours and 33 minutes 

Table 3. Model Configuration and Training Setup 

4.3 Model Training  

Both the U-Net and the U-Net with DSC models were trained for 

150 epochs using the same set of hyperparameters. The Adam 

optimizer was chosen with a learning rate of 0.0001 and a batch 

size of 4 to ensure stable training. Since the task focused on 

binary segmentation, Binary Cross-Entropy (BCE) loss was used. 

ReLU activation functions were applied throughout the encoder 

and decoder layers to introduce non-linearity, while a sigmoid 

activation at the output layer generated pixel-wise probability 

maps. To improve training stability and speed up convergence, 

batch normalization was applied after each convolutional layer. 

A dropout rate of 10% was also added to reduce overfitting by 

randomly deactivating some neurons during training. Finally, 

early stopping was used to monitor the Intersection over Union 

(IoU) score, with training stopped if performance did not improve 

by at least 0.01 over 25 consecutive epochs. A summary of the 

training setup is provided in Table 3. 

 

Figure 3. U-Net with DSC - Training vs. Validation Accuracy 

 

 

Figure 4. U-Net with DSC - Training vs. Validation Loss 

 

Quantitative Metrics Formula 

Accuracy 
 

𝑇𝑃 + 𝑇𝑁

(TP + TN + FP + FN)
 

Precision 𝑇𝑃

(TP + FP)
 

Recall 𝑇𝑃

(TP + FN)
 

F_1-score 2 𝑥 (𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑥  𝑅𝑒𝑐𝑎𝑙𝑙)

(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +   𝑅𝑒𝑐𝑎𝑙𝑙)
 

Intersection over 

Union (IoU) 
𝐼𝑜𝑈 =  

𝑇𝑃

(𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁)
 

Where TP - True Positives, FP - False Positives, TN - True 

Negatives and FN - False Negatives 
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Figure 5. U-Net with DSC - Training vs. Validation IoU 

 

 

Figure 6. U-Net with DSC - Training vs. Validation Precision 

 

Figure 7. U-Net with DSC - Training vs. Validation Recall 

During training, the performance of both the standard U-Net and 

the U-Net with DSC was continuously monitored using metrics 

such as accuracy, loss, IoU, precision, recall, and F1-score. 

However, for clarity and conciseness, only the training and 

validation performance graphs of the U-Net with DSC are 

presented here (Figures 3 to 7). These plots show a consistent 

improvement across all metrics, indicating stable convergence 

and effective learning throughout the training process. The 

gradual increase in accuracy and IoU, along with the steady 

decline in loss, demonstrates the model’s ability to accurately 

capture road structures. Moreover, the balanced trends in 

precision, recall, and F1-score highlight the robustness and 

reliability of the U-Net with DSC in achieving high-quality 

segmentation results. 

5. Results And Discussion 

5.1 Quantitative Results 

A comparative evaluation of the employed U-Net with DSC and 

the standard U-Net was conducted using key performance 

metrics: Accuracy, Intersection over Union (IoU), Precision, 

Recall, and F1-Score. As shown in Figure 8. The U-Net with 

DSC achieved a mean accuracy of 0.956 and a mean IoU of 

0.626, surpassing the standard U-Net, which recorded a mean 

accuracy of 0.949 and IoU of 0.581. Additionally, the U-NET 

with DSC exhibited higher precision (0.829 vs. 0.73) and F1-

score (0.766 vs. 0.722), with a marginal decline in recall (0.733 

vs. 0.761). 

Figure 8: Comparative performance of U-Net and U-Net with 

DSC for road extraction. 

 

5.2 Qualitative Results 

Figures 9 and 10 represent the qualitative output results of road 

extraction from satellite imagery. The input satellite images 

(Panel A) are processed through both the standard U-Net and the 

used Modified U-Net with DSC. These models take the original 

satellite inputs and generate predicted road segmentation outputs 

(Panel C) through inference (Shown in Figure 9 and 10).  
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Figure 9. U-Net – Predicted Roads Output:  Pannel A - Source 

Input Image, Pannel B - Ground Truth Image, Pannel C - 

Predicted Image and Pannel D - Overlay predicted on Source 

Input Image 

Figure 10: U-Net with DSC – Predicted Roads Output:  Pannel 

A – Source Input Image, Pannel B - Ground Truth Image, 

Pannel C - Predicted Image and Pannel D - Overlay predicted 

on Source Input Image. 

To make comparison easier, Panel B shows the actual road 

annotations, so you can visually check how closely the model's 

predictions match the real road layout. In Panel D, the predicted 

road mask is overlaid on the original satellite image, giving a 

clearer picture of how accurately the model identifies and aligns 

with the roads in the image. The results clearly demonstrate the 

effectiveness of integrating DSC into the U-Net architecture. The 

improved IoU indicates superior overlap between predicted and 

ground truth road masks, reflecting better spatial feature 

extraction. The substantial gain in precision suggests a reduction 

in false positives, which is critical for minimizing incorrect road 

segment predictions in satellite imagery. Although the recall for 

U-Net with DSC is slightly lower than that of the standard U-Net, 

the overall improvement in the F1-score confirms a more 

balanced and robust segmentation performance. These outcomes 

highlight the model’s enhanced generalization capability in 

handling the complex and heterogeneous landscape 

characteristics typical of Indian regions. 

 

 

6. Conclusion 

In this study, we have used a modified version of the U-Net 

model with DSC on PARAM Siddhi-AI high-performance 

computing platform to improve the accuracy and computing time 

of road extraction from satellite imagery. U-Net with DSC 

architectural modification brought down the number of trainable 

parameters from 31 million in the original U-Net to just 3.5 

million. As a result, the training time came down noticeable from 

almost 4 days to less than 2 days. Even with fewer parameters, 

the modified model performed better than the standard U-Net. 

The U-Net with DSC attained a mean accuracy of 0.956 and a 

mean IoU of 0.626.  The predicted road networks can be 

integrated into platforms like the Pradhan Mantri Gram Sadak 

Yojana (PMGSY) National GIS, which can support automated 

and large-scale planning, monitoring, and evaluation of rural road 

development.  
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