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geospatial predictions and enhancing road extraction accuracy.
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INTRODUCTION

The extraction of road networks from satellite imagery is a fundamental task in geospatial analysis, with significant
applications in urban planning, disaster management, navigation systems, and infrastructure monitoring
[1,13,14,15]. As global urbanization expands, the need for accurate, up-to-date, and scalable road network data has
become increasingly critical [2,27]. Satellite imagery offers a valuable resource with its wide coverage and periodic
updates. The automated extraction of roads from satellite imagery has always been challenging due to the inherent
complexity of landscapes, varying road widths, occlusions caused by vegetation or shadows, and heterogeneous
structures [3,19,20,21]. Despite these advancements, several challenges persist. One major limitation is the reliance
on low-resolution satellite imagery, which often lacks the necessary detail for accurate road extraction, particularly
in complex environments [16,17,18]. Super-resolution techniques, which enhance the spatial resolution of images,
offer a promising solution to this problem [4,22,23,24]. By generating high-resolution imagery from low-resolution
inputs, these methods can improve the visibility of fine road features, thereby enhancing the performance of deep
learning models [5,25,27]. The integration of super-resolution with deep learning for road extraction remains
underexplored, and standardized methodologies for preprocessing and postprocessing super-resolved data are
lacking. This paper presents a comprehensive deep learning-based approach to road extraction that integrates super-
resolution techniques with the U-Net architecture. The proposed methodology includes standardized preprocessing
steps, such as image normalization and resizing, to enhance the quality of super-resolved input data and ensure
optimal compatibility with the U-Net model. The U-Net architecture is optimized to capture spatial and contextual
information in complex environments. Post-processing techniques are applied to refine the model’s predictions,
improving connectivity and reducing noise in the extracted road networks. The contributions of this research are
as follows:

e To address the challenge of inconsistent road extraction accuracy in diverse environments caused by low-resolu
tion inputs and inadequate feature representation, we propose a novel model by integrating the ESPCN super-r
esolution technique with the U-Net architecture, enhancing input clarity and spatial feature extraction to achiev
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e robust, high-precision road detection across varied terrains

¢ Inconsistent preprocessing of super-resolved data and arbitrary post-processing of predictions hinder compatib
ility with deep learning frameworks and degrade road network quality, prompting our development of standard
ized pipelines to unify data alignment and refine outputs, ensuring robustness and coherence in extracted road
networks

e Traditional road network mapping approaches often struggle with computational inefficiency and scalability li
mitations, which our framework addresses by integrating advanced image processing techniques with standard
ized datasets and architectures

e The underutilization of super-resolution in geospatial prediction models restricts the accuracy of extracted road
networks, a gap mitigated by our research through enhanced satellite image analysis pipelines that use super-re
solution to deliver robust, high-precision frameworks for diverse environmental conditions

Through these contributions, this research addresses current challenges in road extraction and provides a foundation
for future research in automating geospatial tasks for real-world applications. The rest of the paper was shown as
follows. The methodology is elaborated in Section 2. Section 3 depicts the experimental analysis, results, and comments,
while Section 4 provides the discussion and conclusion.

METHODS

The section outlines the systematic approach developed to address the challenges of automated road extraction from
satellite imagery, integrating the super-resolution technique ESPCN with the U-Net architecture for enhanced
performance. Due to the problems in existing methods, we need to combine SR with segmentation models,
standardize preprocessing/postprocessing pipelines, and improve generalization across diverse environments. This
research proposes a unified framework structured into data preprocessing, including super-resolution enhancement
(comparison of different SR models like SRCNN, SRGAN, and ESPCN, of which ESPCN outperforms) and
normalization of the Massachusetts Roads Dataset, model architecture design, using a modified U-Net optimized for
spatial and contextual feature extraction, and post-processing employing morphological operations to refine
connectivity and reduce noise in extracted road networks [8,9,10].

The Efficient Sub-Pixel Convolutional Neural Network (ESPCN) is a state-of-the-art super-resolution model designed
to efficiently enhance the resolution of low-quality images by performing upscaling in the low-resolution space and
reconstructing the high-resolution image using a sub-pixel convolution layer, and is illustrated in Algorithm 1. This
approach significantly reduces computational complexity while maintaining high-quality results. The core innovation
of ESPCN lies in its sub-pixel convolution layer, which rearranges the channels of low-resolution feature maps into
the spatial dimensions of the high-resolution output, enabling efficient upscaling without computationally expensive
operations. ESPCN is computationally efficient, as most processing occurs in the low-resolution space, reducing
memory and processing requirements, and it is trained to predict super-resolved images. Its superior performance
in terms of speed and accuracy compared to models like SRCNN and SRGAN [11,12,26] makes it an ideal choice for
preprocessing satellite imagery before segmentation. In our research, ESPCN enhances the resolution of satellite
images from the Massachusetts Roads Dataset, providing clearer and more detailed inputs for the U-Net
segmentation model, thereby enabling more accurate road network extraction.

Algorithm 1: Enhanced ESPCN

Input: Low-resolution image I .z of size H x W x C, Upscaling factor r
Output: High-resolution image Iy of size (rH) x (rW) x C.

Pass I r through convolutional layers to extract feature maps.

Feature maps: F = f(Irr), where F has dimensions H x W x D.

Apply a non-linear activation function (e.g., ReLU) to feature maps.

Expand feature maps to D = r2 x C channels.

Rearrange channels into spatial dimensions (rH) x (rW) x C using pixel-shuffling.
Combine the rearranged feature maps to generate IHR.

Compute loss using Mean Squared Error (MSE) or L1 loss:

Nowp e N
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L= %Z(IHR — lgr)2 (1)
8. Update model parameters using backpropagation and gradient descent.
9. Return the final high-resolution image.

Algorithm 2 was designed and implemented for road segmentation using the Massachusetts Roads Dataset. The
architecture follows a fully convolutional encoder-decoder design with skip connections, allowing for precise
segmentation by preserving spatial information.

Algorithm 2: Road Extraction Using Super-Resolution and U-Net Segmentation

Input: Satellite image I from the Massachusetts Roads Dataset
Output: Predicted road segmentation mask M

1. Extract low-resolution image I r by down-sampling the original image I
2. Normalize images:
— Lr =L
R = 3550 iR = 553 (2)
3. Pair low-resolution images I r with corresponding high-resolution ground truth images Iug for the SR

model ESPCN training. Train the ESPCN model Mgr to enhance low-resolution images:

Isr = Msr(I1r) (3)
4. Minimize ESPCN model loss function:

£sr = Emsk (Iur, Isr) + AEperceptual (Inr, Isr) @)

5. Apply the ESPCN model to generate an enhanced high-resolution image Isg.
6. Pass the Isr through the U-Net segmentation model Muy-net.
7. Minimize binary cross-entropy:

Eace = — 2y [yilogi + (1 —y;)log(1 —§1)] (5)

8. Output the predicted road segmentation mask M.

9. Threshold predicted mask M at 0.5 for the binary mask.

10. Apply morphological operations (closing, opening) to refine the mask.
11. Use graph-based algorithms to connect fragmented road segments.

12. Calculate performance metrics: IoU, Dice Coefficient, and pixel accuracy.

The predicted mask is then refined using post-processing techniques, including binarization, Gaussian blur, and
morphological operations like closing and opening to remove noise and fill gaps. Edge detection with the Canny
algorithm and contour filling further enhances the segmentation quality, ensuring continuous road structures.

RESULTS

To evaluate the performance of our U-Net-based super-resolved road segmentation model, we conducted extensive
testing using the Massachusetts Roads Dataset. The Massachusetts Roads Dataset consists of 1171 aerial images of
the state of Massachusetts [7]. Each image is 1500x1500 pixels, covering an area of 2.25 square kilometers. The
enhanced U-Net trained model was applied to a set of test images, and segmentation performance was measured
using two key metrics: the Intersection over Union (IoU) and the Dice coefficient

(6)

|Prediction U Ground Truth| 2|Prediction N Ground Truth|
10U = DICE =

|Prediction N Ground Truth| |Prediction|+|Ground Truth|

e N denotes the intersection (overlapping pixels between predicted and ground truth masks)
e U denotes the union (total number of pixels classified as roads in either the prediction or ground truth).

The model was then evaluated on a separate test dataset, where segmentation performance was assessed using test
loss and accuracy. The evaluation was conducted using the following formula for accuracy:
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Number of Correctly Classified Pixels

Accuracy =

@)

Table 1 summarizes the performance metrics obtained from the test dataset, achieving better accuracy and
segmenting roads from satellite imagery.

Total Number of Pixels

Table 1. Quantitative evaluation metrics for an enhanced U-Net Model with super-resolved dataset

Metric Value
Average Dice Coefficient 0.87
Average IoU 0.78

Test Accuracy 0.9612

Test MSE 0.0274

Table 2 summarizes the performance of super-resolution models, highlighting ESPCN’s effectiveness. The results
indicate that ESPCN achieves the highest Peak signal to noise ratio (PSNR) and Structural similarity index measure
(SSIM) while maintaining the lowest Mean square error (MSE), confirming its superiority in reconstructing high-
quality images from low-resolution inputs.

Table 2. Super resolution model comparison for the Massachusetts dataset

Model PSNR SSIM MSE

SRCNN 28.45 0.912 0.0023
SRGAN 30.21 0.940 0.0018
ESPCN 41.69 0.9969  0.0005

To further analyze the performance of the model, we visualized the segmentation results with post-processing
techniques like,

Binarization (Thresholding): The predicted mask from the U-Net model contains probability values between o
and 1. To convert it into a binary mask (o or 1), thresholding is applied:

Lif Mp(x,y) >T
0, otherwise

Mi(xy) = ®)
Gaussian Blurring: To smooth the edges and reduce noise, a Gaussian blur is applied, which convolves the image
with a Gaussian kernel:

G(xy) =

! e
2ma?

% ) 267 9)

where:
» G(x, y) is the Gaussian kernel,
« 0 is the standard deviation controlling blur intensity.

Morphological Operations: Morphological operations help refine the segmented regions by eliminating small
noise and filling gaps.

Edge Detection using Canny Algorithm: The Canny edge detector extracts edges from the refined mask. The
gradient magnitude G is computed as:

G=.G2+Gy? (10)
where:
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» Gx and Gy are the gradients in the x and y directions, computed using Sobel filters.

Contour Detection and Filling: Contours are identified using connected edge pixels and then filled to make the
segmented regions more continuous:

Méiled = ), Ii\I:l Gil (11)

Where: C;represents individual contours detected in the image.

After these post-processing steps, the final segmentation mask is refined, with smoother edges, fewer noise artifacts,
and well-connected road structures. These steps significantly improve the model’s accuracy in road segmentation
tasks, and Figure 1 presents sample test images alongside their corresponding ground truth masks and predicted
masks. The predicted masks closely resemble the ground truth masks, indicating effective road segmentation, but in
some cases, the model struggles with faint or narrow roads, leading to slight misclassifications. The graphs in Figure
2 illustrate the training progress of the model over 50 epochs, displaying accuracy and loss trends.

TEST IMAGE TRUE MASK PREOOC TED MA S|

Nodel Accuracy MO |oes

Fig. 1. Comparison of Input Images, Ground Fig. 2. Training and validation accuracy and loss curves.

Truth Masks, and Predicted Masks Accuracy trends in the left plot and loss

with super-resolved Massachusetts variations during training and validation in the
road dataset (applied enhanced U- right plot.

Net segmentation Model)

DISCUSSION

This research demonstrated the effectiveness of U-Net for road segmentation using the Massachusetts Roads Dataset,
producing high-quality segmentation masks with strong quantitative and qualitative performance. The merging of
the super-resolution model, ESPCN, further enhanced the process by improving the resolution of low-quality satellite
imagery, providing clearer and more detailed inputs for segmentation. The U-Net architecture achieved robust
performance, with an IoU of 0.78 and a Dice coefficient of 0.87, highlighting its capability for accurate road detection.
The challenges remain in segmenting smaller roads, particularly in areas with weak contrast between the road and
the background. Future improvements could focus on refining the architecture, integrating additional post-
processing techniques, and incorporating advanced methods such as data augmentation, multi-scale feature fusion,
and specialized loss functions like Dice loss to handle complex road structures more effectively. Overall, the combined
approach of super-resolution and segmentation offers a promising solution for robust and accurate road network
extraction from satellite imagery, with applications in urban planning, navigation, and geographic information
systems.
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