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Abstract-

Super-resolution of remote sensing and aerial images is a critical preprocessing step for improving
visual interpretation of images and downstream computer vision tasks. Traditional interpolation-based
methods often fail to recover high-frequency details from the image as well as degrade the quality of
image, while single-scale deep learning models struggle to capture both fine textures and global
contextual information. To overcome this problem, this paper proposes a Hybrid Very Deep Super-
Resolution—Multi-Scale Feature Network (VDSR-MSFN) for single-image super-resolution. The
proposed framework incorporate deep residual learning through multi-scale feature extraction to
efficiently reconstruct high-resolution images from low-resolution inputs. Initially, bicubic-upsampled
luminance images are processed through a VDSR-based deep residual stack to learn local high-
frequency structures. Consequently, multi-scale feature extraction blocks comprise parallel 3x3, 5x5,
and dilated 3%3 convolutional branches are employed to capture both local and global spatial
information. The extracted features are concatenated and fused using 1x1 convolutions, followed by
local and global skip connections to preserve low-frequency components and improve gradient flow.
A reconstruction component predicts the high-frequency residual, which is added to the bicubic input
to produce the final super-resolved image. Experimental results demonstrate that the proposed hybrid
building achieves superior reconstruction performance in terms of PSNR, SSIM, and MSE.

Keywords- Very Deep Super-Resolution (VDSR), Multi-Scale Feature Network (MSFN), Residual
Learning, Remote Sensing Image Enhancement, High-Resolution Reconstruction, bicubic

1. INTRODUCTION

Since high-resolution Earth Observation (EO) data from the Copernicus Sentinel-2 project became
public, environmental monitoring has changed a lot. This has made it possible to study the changing
land surface over time on a world scale. Having said that, the 10 m spatial resolution of visible bands
is still a big problem when it comes to describing areas that are very broken up. This is especially true
at the edges of cities, where the resolution of the monitor often can't handle how different the land
cover is. In these complicated transition zones, which have a mix of spread-out homes, farmland, and
infrastructure, the "mixed pixel" problem makes it very hard to get accurate spatial assessments. So, to
solve this problem, we need resolution improvement methods that are more advanced than simple
resampling [1,2,3].

The goal of super-resolution (SR), a cheaper option to commercial high-resolution imaging, is to
figure out high-frequency spatial features from inputs with lower resolution. Traditional interpolation
methods, like bicubic, are fast on computers, but they can't rebuild high-frequency material, which
often leads to edges that aren't clear. Deep learning methods, especially convolutional neural networks
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(CNNs), have led the way in learning non-linear connections between images with low and high
resolutions. This is what made it possible for CNNs to perform at this level.

CNNs can be used for more than just making images clearer when it comes to getting information
from satellite data. Neuronal networks can be used for many things, like sorting land cover into
groups, precisely judging the vegetation index, finding items, and making predictions based on
spatiotemporal data. CNN architectures have been used to map impermeable surfaces in areas that are
rapidly urbanizing [4], find illegal mining activities [5,6], environmental crimes [7,8], make it easier
to spot crop stress and improve irrigation management [9], get a better picture of urban heat islands at
the neighborhood level, and learn more about how cities can adapt to climate change [10].
When CNNs are used in practical remote sensing, they create problems with generalizability and the
chance of creating fake arte facts (also called "hallucinations") that don't exist in the real world. When
models are used in places that are different from where they were trained, this is especially true
[11,12]. All in all, CNNs show a lot of potential.

In the last few years, there have been big steps forward in deep learning technology. This has led to
the creation and use of super-resolution (SR) methods to make remote sensing photos better. In order
to use pictures from space for other purposes, the image registration [13] and SR [14] steps before
processing them are two of the most important ones. Since a long time ago, SR has been one of the
most sought-after jobs in computer vision. Its main job is to restore pictures from one resolution to
another and change low-resolution (LR) images into high-resolution (HR) images. The
groundbreaking work of SRCNN [15] was the first time the Convolutional Neural Network (CNN)
was used in SR. Since then, CNN has been the most popular framework for all SR tasks [16]. Many
great SR methods that are based on CNN have complex structure designs.

Furthermore, CNNs are usually good at extracting local information because they use convolution,
showing that they work well in comparison to other systems. At the same time, the Vision
Transformer (ViT) [17] has done an amazing job of solving hard problems in the area of computer
vision. These things are different from CNN, which has done very well over the years. Thanks to its
self-attention mechanism, it can successfully pick up on the natural connections between broad visual
items. Picture classification [18] and object identification [19-20] are two common computer vision
tasks that ViT has done work that is thought to be state-of-the-art. More than that, it has shown that it
is the best at picture recognition [20-22].

Table 1: Review of Related Work on Super-Resolution and Object Detection in Remote Sensing

Author(s) | Objective / Focus | Methodology / | Evaluation Key Findings /
& Year Area Model Used Metrics Contributions

ResU-Net outperformed

Improve spatial EDSR across all metrics;

Context-based

He et al. resolution e?nd ResU-Net PSNR, SSIM. inclusion of 60 m'bands
(2022) reconstruction compared with RMSE reduced RMSE and improved
[23] quality of satellite ED SR PSNR and SSIM; denser
imagery networks improved SR
quality.
Yoo et al. Whole-image ESRGAN with | Visual quality, Triangular window with 10%
(2021) | super-resolution of | window-based | reconstruction overlap achieved best
[24] satellite imagery | reconstruction consistency | reconstruction; Hann-Poisson
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window performed better with
higher overlap; addressed
input-size limitation in SR
models.
Karwowsk | cliormance YOLOVS achieved >90%
actal evaluation of YOLOVS, Detection aceuracy for vesetation ar: d
| object detection in | Faster R-CNN, accuracy, Y g .
(2022) . . . pools; fastest detection speed
HR satellite SSD inference time
[25] . (~0.2 ms).
images
Adeeun ot Spatial resolution Modified Visual quality, | Uformer-enhanced ESRGAN
al (g 023) enhancement of ESRGAN + object significantly improved SR
' 26] satellite video Uformer recognition quality and object detection
imagery generator improvement capability.
Improve LULC ResNet outperformed U-Net,
Karwowsk . . .
classification . . ViT, and OBIA; enhanced

aetal. . . ResNet-based | Classification . .

using high- . land-use classification

(2024) . . Al classifier accuracy .. . ..

resolution training precision using HR training
[27]
data data.
SA-GAN with .

. W Achieved 17.67% FID and
Bilotta et | Real-world super- | second-order 6.61% LPIPS improvement:
al. (2025) resolution for attention & FID, LPIPS o P . ’

. robust performance in real-
[28] remote sensing non-local . .
world degradation scenarios.
modules
Zhao et al. Comparative Faster R-CNN, Accurac YOLO showed superior speed;
(2023) analysis of object | YOLO, SSD, speed Y Faster R-CNN achieved higher
[29] detection models SIMRDWN P accuracy for complex scenes.
Tahir et al Multi-image Performance affected by
(2022) " | super-resolution MISR deep PSNR, visual | seasonality, polarization, and
[30] for sea ice networks quality ice motion; optimal sequence
monitoring length varied across models.
Fene o al Chanee Combined semantic
8 ’ Urban forest DeepLabv3+ + g segmentation and image
(2023) . . detection L
change detection | DSIFN fusion fusion improved forest-cover
[31] accuracy .
change detection.
High-resoluti
SRTESOTHON 1 Dual-branch Achieved 5% ToU and ~10%
Javed et land-cover . .
) SR + recall improvement; validated
al. (2023) | segmentation from . IoU, Recall ) )
. segmentation multi-task SR-segmentation

[32] low-resolution .

(DeepLabV3+) learning.
data
2.PROPOSED SYSTEM
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The proposed system designed based on the deep learning hybrid VDSR—Multi-Scale Feature
Network (VDSR-MSFN) for single-image super-resolution, the main aim of this project to
reconstruct high-resolution images from low-resolution inputs with improved image quality and
perceptual performance. The process begins through loading input images from a particular dataset
directory, wherever valid image design is identified and a high-resolution reference image is selected.
To simulate real-world degradation, the reference image is downsampled with bicubic interpolation to
produce a low-resolution image, which is then upsampled back to the original size to form a bicubic
baseline.

The image is transformed from RGB to YCbCr color space, and the luminance (Y) channel is
extracted for super-resolution processing, while the chrominance channels are resized using bicubic
interpolation. The proposed hybrid model integrates with backbone model VDSR as the for deep
residual learning and MSFN to recover feature representation through parallel 3x3, 5x5, and dilated
3%3 convolution branches. These multi-scale features are concatenated, fused using 1x1 convolution,
and refined through residual skip connections to preserve low-frequency information and facilitate
stable training. Reconstruction sections predict the high-frequency residual, which is added to the
bicubic luminance component to produce the super-resolved output.

Finally, the enhanced luminance channel is combined with the chrominance channels to create the
final high-resolution RGB image. Existing super-resolution models such as Residual Dense Network
and EDSR Enhanced Deep Super-Resolution are implemented discretely as baseline methods for
relative performance evaluation, ensuring that the experiential improvements are solely attributed to
the proposed VDSR-MSFN hybrid architecture

Bicubic Input
|

Deep Residual Multi-Scale Feature Extraction

Block 3x3 Conv

5x5 Conv 3 a

Reconstruction
Module

High-Resolution OQutput
(Super-Resolved Image)

Low-Resolution Input
(Bicubic Upsampled Y Patch)

Skip Connection

Fig.1 proposed flow diagram
3. Deep VDSR Stack (Stage-1).
4.Multi-Scale Feature Extraction Blocks (Stage-2)
Model implementation

Input Representation-The bicubic-upsampled luminance patch is used as the network input, and the
model learns a residual mapping to recover high-frequency details missing from the low-resolution
image. Let the bicubic-upsampled low-resolution luminance image patch be denoted as

X € RIW 'H=wW=41
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Where X represents the interpolated luminance component used as the network input. The objective
of the proposed network is to learn a nonlinear residual mapping
f Q:X - R

R € R*W Denotes the high-frequency residual between the ground-truth high-resolution image and
the upsampled input,

0 Represents all trainable parameters of the network.

Initial Feature Extraction (VDSR Style)-A shallow convolution layer extracts low-level spatial
features such as edges, textures, and intensity variations to form the base representation Low-level
features are extracted using an initial convolutional layer:

F,=0Wy*X + By)
Where
W, € R3*3%1X64 5 the convolution kernel,
* denotes convolution,
bo is the bias term,
o ()is the ReLU activation function,
F, € RHXWX64ig the extracted feature map.

Deep VDSR Stack (Stage-1) A sequence of convolution—ReLU layers progressively refines features
and captures deeper contextual information while preserving spatial resolution

The deep VDSR stack consists of L=12 cascaded convolutiAon—ReLU layers:
F,b=c(W,xF_1+b), I=12...... 12
Each layer preserves spatial resolution while progressively refining local textures.
The output of the VDSR stack is

Fypsr = Fi2

Multi-Scale Feature Extraction Blocks (Stage-2) Parallel convolutional branches capture image
features at multiple receptive fields to improve reconstruction of both fine textures and global
structures. Each multi-scale block extracts features using parallel convolutions with different
receptive fields.

Branch-1: Standard 3x3 Convolutions

Fpr = 0(Wp12 ¥ 0(Wp1,1 * F + bp1,1)* bp12)

This branch captures fine-grained local structures.

Branch-2: Large-Kernel 5x5 Convolutions

Fpy = 0(Wpz,2 ¥ 0(Whz,1 * F + bp,1)t by 2)

This branch captures coarse and contextual image information.

Branch-3: Dilated 3x3 Convolutions (Dilation = 2)

a a
Fp3 = O-(M/b(&; xo (Wb(S,i * F + bp3,1)* bpsz)
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Dilated convolutions increase the receptive field without increasing parameter count.

Feature Concatenation-Outputs from all branches are merged channel-wise to combine multi-scale
information into a unified feature tensor.

Feat = [Fp1- Fp2, Fp3]
Where [F,,: ] denotes channel-wise concatenation.

Channel Fusion (1x1 Convolution)- A 1x11\timesl1Xx1 convolution compresses and blends
concatenated features into a compact representation.

Ffuse = 0(Wix1-* Featr Fix1)
This operation compresses multi-scale features into a unified representation with 64 channels.

Local Residual Connection-Adds the block input to the fused output to preserve information and
stabilize gradient flow.

WIV(IIS{‘) = Fryse + Fipy, K=1,2........ 4
Where Fi, in denotes the input to the k-th multi-scale block.

Post Multi-Scale VDSR Layers (Stage-3)- Additional convolution layers refine the fused features
and enhance consistency after heterogeneous multi-scale processing.

Further refinement is performed using additional VDSR-style layers:
Fpost,j = U(Wpost,j * Fpost,j—1- +bpost,j): j=1234
These layers stabilize feature learning after heterogeneous multi-scale processing.

Dual Skip Connections-Two hierarchical skip paths preserve low-frequency image content and
improve gradient propagation during training.

Skip-1: From VDSR Output-Combines deep VDSR features with refined outputs to retain early
structural information.

Fskip1 + Fskipa + Fypsr

Skip-2: Global Skip from Initial Features-Adds initial shallow features to the final representation to
prevent detail loss and over-smoothing.

Fskipz + Fskipl + FO

These skip connections preserve low-frequency content, enhance gradient propagation, and prevent
over-smoothing.

Reconstruction Module-A sequence of convolution layers transforms fused features into a predicted
residual image.

Frq = U(Wm * Fskipa, +br1)
Fry = oWy * Frq, +by3)
Frs = 0(Wy3 * Frp, +by3)
The final residual prediction is given by

R= Wout * Fr3, +bout
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Super-Resolved Output Reconstruction-The predicted residual is added to the input image to
generate the final high-resolution output.
Using residual learning, the super-resolved luminance image is obtained as
Y=X+R
This formulation follows the core principle of VDSR.

Training Objective (Loss Function)-The network is trained using Mean Squared Error to minimize
the difference between predicted and ground-truth residuals.

The network parameters are optimized using Mean Squared Error (MSE):

LO) =~ Ty IR — fo(XDII3
Where

e R;is the ground-truth residual,

e X; is the input patch,

e N is the number of training samples.

Low-Resolution Image

Fig. 2 Original High-Resolution (Ground Truth) Image

This is the reference image used as the benchmark. It contains full spatial details and is used to
evaluate reconstruction accuracy.

High-Resolution Image Obtained Using Trainned Model

Fig. 3 Low-Resolution Input Image
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This image is generated by down sampling the original HR image. It represents the degraded input
that the super-resolution model must enhance.

Center Crop Comparison: Bicubic Interpolation (Left) vs. Model (Right)

-.

Fig. 3 — Center Crop Comparison (Bicubic vs. Model)

A zoomed region comparing classical interpolation with the proposed model to highlight detail
recovery.

High-Resolution Image Obtained Using Bicubic Interpolation

Fig. 4 Bicubic Upscaled Output

The LR image enlarged using bicubic interpolation. This acts as the traditional baseline method and
usually appears smooth but blurry.

Residual Image from model

Fig. 5 Proposed Model Super-Resolution Output
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The final reconstructed high-resolution image produced by the deep learning model, showing
improved sharpness, structure, and texture compared to bicubic results.

3. RESULT DISCUSSION

Model implementation and experimental evaluations of the proposed system were performed with the
MATLAB software environment. The stage acceptable for efficient computation of image quality
metrics such as PSNR, MSE, NCC, and VIF, resulting in an accurate evaluation of the steganography
outline across numerous test situations.

Evolution Metrics
Mean squared Error (MAE)

Mean Squared Error (MSE) calculates the average squared difference between estimated and actual
values the average magnitude of pixel-wise differences between a cover image C and its
corresponding stego image S. Unlike squared error metrics, Measures the average difference between
the cover image and stego image.

MSE=——%|C (i.)) = (i-])

Where:

n is the number of observations in the dataset.
yi is the actual value of the observation.

Y; is the predicted value of the i observation

Peak Signal-to-Noise Ratio (PSNR) PSNR used to measure the ratio among the maximum possible
power of an image signal and the power of the noise expresses image fidelity in dB and provides a
scale-independent amount of distortion. Shows how close the stego image is to the cover image

2
PSNR =10 logsy (=)

Where
1 N . N2
MSE =——¥(C (i,j) = s (i-))
Structural Similarity Index (SSIM)

SSIM assesses the similarity between two images by considering luminance, contrast, and structure. It
is widely used in steganography to evaluate perceptual image quality, as it correlates better with
human visual perception than PSNR or MSE.

IQ . 2y +C ) (20 +C)
SSIM (. Qj (12 +C1) (o2 +02+Cx)

Where:

i and iy are the mean values of the pixels in images x and y, respectively.

0%, O%Are the variances of the pixel values in images x and y respectively.
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Oxy 1s the covariance of the pixel values between images x and y
Ci and C; are constants to avoid division by zero, usually defined as:

Table 2 : Performance Comparison of Super-Resolution Models

PSNR (dB
Model N (aB) SSIM 1 MSE |
VDSR (Very Deep 28.92 0.842 0.0048
Super-Resolution)
EDSR (Enhancesl Deep 3041 0.881 0.0032
Super-Resolution)
RDN (Residual Dense 31.05 0.895 0.0027
Network)
MSFN (Multi-Scale 31.62 0.907 0.0023
Feature Network)
Proposed Hybrid
VDSR.MS 33.18 0.926 0.0016

Table 2 presents a comparative performance analysis of different super-resolution models using three
widely accepted evaluation metrics: Peak Signal-to-Noise Ratio (PSNR), Structural Similarity Index
Measure (SSIM), and Mean Squared Error (MSE). Higher PSNR and SSIM values indicate better
reconstruction quality, while lower MSE values reflect reduced pixel-level error.Among the existing
models, VDSR achieves a PSNR of 28.92 dB with SSIM of 0.842, indicating moderate reconstruction
performance. EDSR and RDN show improved results due to deeper architectures and enhanced
feature learning, achieving PSNR values above 30 dB and better structural similarity. The MSFN
model further improves reconstruction accuracy by leveraging multi-scale feature extraction, resulting
in PSNR of 31.62 dB and SSIM of 0.907.The proposed Hybrid VDSR-MS model outperforms all
comparison methods, achieving the highest PSNR of 33.18 dB, strongest SSIM of 0.926, and lowest
MSE of 0.0016. These results demonstrate that integrating VDSR with multi-scale feature learning
significantly enhances image reconstruction quality, structural preservation, and noise reduction. The
findings confirm the effectiveness and superiority of the proposed approach for high-quality image
super-resolution.

0.004
&
= 0.003
0.002
IQ‘ IQ‘ % IQ‘
& & & &

Fig-Proposed Hybrid VDSR-MS

4.CONCLUSION

This paper presented a Hybrid Very Deep Super-Resolution—Multi-Scale Feature Network (VDSR-
MSFN) for single-image super-resolution, designed to enhance both remote sensing and natural
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images. The proposed architecture combines deep residual learning with multi-scale feature extraction
to effectively reconstruct high-resolution images from bicubic-upsampled inputs. By integrating
parallel convolution branches (3x3, 5x5, and dilated 3x3), the network successfully captures fine
textures as well as broader contextual information, while local and global skip connections ensure
stable training and preservation of low-frequency content .Experimental evaluation conducted in the
MATLAB environment demonstrated that the proposed hybrid model achieves superior
reconstruction performance compared to conventional super-resolution networks. The obtained results
show improvements in PSNR and SSIM while reducing reconstruction error (MSE), confirming the
effectiveness of combining VDSR-based deep residual learning with multi-scale feature fusion. The
reconstructed images exhibit sharper edges, improved texture recovery, and reduced smoothing
artifacts, which are essential for remote sensing applications such as land-cover mapping, urban
monitoring, and environmental assessment.
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