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Abstract— Blind Image Super-Resolution (BISR) aims to
reconstruct high-resolution (HR) images from degraded low-
resolution (LR) inputs without prior knowledge of degradation
types. Traditional approaches, including bicubic interpolation
and supervised deep learning models, rely on paired LR-HR
datasets, limiting their applicability to real-world scenarios with
unknown degradations. In this work, we propose a self-
supervised deep learning framework based on Super-Resolution
Convolutional Neural Network (SRCNN) to enhance image
clarity without external HR supervision. Our method generates
self-supervised LR-HR pairs dynamically, allowing SRCNN to
learn robust feature mappings independent of predefined
degradation models. We evaluate our approach on benchmark
datasets and demonstrate significant improvements over
traditional interpolation and supervised deep learning methods
in terms of Peak Signal-to-Noise Ratio (PSNR) and Structural
Similarity Index (SSIM). The proposed framework reduces
dependence on labeled data while improving generalization,
making it suitable for applications in medical imaging, satellite
imagery, and digital forensics.

Keywords— Self-Supervised Learning, SRCNN, Blind Image
Super-Resolution, Deep Learning, Image Restoration.

| . Introduction:

High-resolution (HR) images play a crucial role in various
applications, including medical imaging, satellite imagery,
digital forensics, and remote sensing. However, real-world
images are often degraded due to factors such as noise,
motion blur, sensor limitations, and compression artifacts,
leading to low-resolution (LR) images with reduced clarity
and detail. Image Super-Resolution (SR) is a widely studied
problem that aims to reconstruct HR images from their LR
counterparts, enhancing visual quality and preserving
essential structural details. Among the existing SR
techniques, deep learning-based models have shown
remarkable success in learning complex feature mappings for

image restoration. However, most of these methods rely on
supervised learning, requiring paired LR-HR datasets for
training, which limits their applicability in scenarios where
HR images are unavailable. To overcome this limitation, we
propose a self-supervised deep learning framework using
Super-Resolution  Convolutional Neural Network
(SRCNN) for Blind Image Super-Resolution (BISR),
enabling high-quality image reconstruction without external
HR supervision. To address blind super-resolution
challenges, we propose a self-supervised SRCNN-based
framework for high-quality image restoration without paired
supervision.Synthetic LR-HR pairs are created by applying
degradations (Gaussian blur, downscaling, noise) to LR
images, enabling robust learning without predefined
degradation models.

Il . Literature Survey
A . Predefined Models Infer Patterns

Traditional super-resolution methods, such as bicubic interpolation
and dictionary learning, rely on handcrafted features but fail to
generalize to unknown degradations. Supervised deep learning
models like SRCNN, EDSR, and RCAN leverage large paired
datasets but struggle with blind super-resolution, where
degradation varies.

Recent self-supervised approaches, including Zero-Shot Super-
Resolution (ZSSR) and GAN-based methods, infer patterns
directly from images, improving adaptability. Our self-supervised
SRCNN framework builds on these insights, generating synthetic
LR-HR pairs to learn robust mappings without predefined
degradation assumptions, enabling more flexible and generalized
super-resolution.
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B . Example-Based Learning Patterns

Example-based learning in super-resolution maps LR patches to HR
counterparts using paired data. Early methods relied on sparse
coding, while deep learning models like SRCNN and EDSR
leverage CNNs for hierarchical feature extraction.

Recent self-supervised approaches eliminate paired data
dependency. Cycle GAN and contrastive learning generate pseudo-
HR images for training, improving adaptability. Our method
integrates example-based learning with self-supervised SRCNN,
enabling robust super-resolution without HR references. Traditional
methods struggle with unknown degradations, whereas our
approach generalizes effectively, enhancing image clarity and
structural integrity.

C . Supervised Deep Learning Approaches

These models leverage deep architectures to effectively capture
intricate details and textures, significantly improving the quality of
super-resolved images compared to traditional methods. By utilizing
residual learning and advanced network designs, VDSR and EDSR
can achieve higher resolution and more realistic image
enhancements, making them powerful tools in the field of image
processing have set new benchmarks by learning complex mapping
functions directly from paired LR-HR datasets .These methods
achieve state-of-the-art performance in terms of both accuracy and
visual quality, particularly when the degradation process is well
understood and modelled . Supervised methods assume a known
degradation model and rely on large, labelled datasets. This limits
their effectiveness in real-world applications where the degradation
process is unknown or varies significantly.
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GAN-based approaches, such as SRGAN (Super-Resolution GAN),
aim to produce detailed and lifelike images by training a generator
to create visuals that can deceive a discriminator into believing they
are authentic rather than artificially generated images .GANs
produce visually compelling results with sharper textures and more
realistic details, often surpassing traditional deep learning models in
perceptual quality . GANSs are prone to producing artifacts and can
be unstable to train. Moreover, like other supervised methods, they
require labelled data and known degradation models, making them
less effective for blind SR tasks.
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Blind SR methods address the challenge of unknown and
unpredictable image degradations. Approaches like Blind-SR and
Kernel GAN estimate the degradation kernel or use self-supervised
techniques to learn SR without explicit degradation models .These
methods are designed to handle unknown degradations, making
them more adaptable to real-world applications. They can generalize
better across different degradation types compared to traditional
supervised methods .The performance of blind SR methods can still
be inconsistent, especially in cases of severe or highly complex
degradations. They also often involve a trade-off between accuracy
and adaptability.

F . Self-Supervised Learning Approaches

Self-supervised learning techniques for SR, such as those proposed
in this paper, leverage the intrinsic properties of the data to generate
supervisory signals, allowing models to learn without needing
paired LR-HR datasets. Techniques often involve downscaling HR
images to create synthetic LR versions, training the model to
reconstruct the original HR image .These approaches do not require
labelled datasets and are more adaptable to varying degradation
processes, making them particularly suitable for blind SR tasks.
They offer a promising solution to Both traditional and supervised
deep learning methods face constraints, such as reliance on labeled
data and challenges in generalizing to unseen scenarios. Self-
supervised methods are still in their early stages and can struggle
with very complex degradations. The generation of pseudo-labels or
auxiliary tasks must be carefully designed to ensure effective
learning.

111 . Proposed Approach

The proposed method focuses on creating a self-supervised deep
learning model for blind image super-resolution (SR) that improves
image quality by generating high-resolution (HR) images from low-
resolution (LR) sources, avoiding the need for explicit degradation
models or extensive labeled data .
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1. Network Design

Base Model: By leveraging self-supervised learning techniques, the
network builds upon the strengths of established SR models like
VDSR and EDSR, enhancing its ability to reconstruct high-
resolution images from low-resolution inputs.

Residual Learning: To improve learning efficiency and model
performance, the network incorporates residual connections that
Train the model to distinguish between low-resolution (LR) and
high-resolution (HR) images, thereby focusing on high-frequency
details.

Multi-Scale Feature Extraction: The network includes multi-scale
feature extraction modules to capture both local and global image
features, ensuring that the model can handle various types of
degradations, from fine details to broader structures.

2. Self-Supervised Training Strategy

Data Augmentation: Instead of relying on paired LR-HR datasets,
the proposed approach uses data augmentation techniques to create
synthetic LR images from available HR images. These LR images
serve as inputs . During training, the original high-resolution images
serve as surrogate ground truth data..

Downscaling Operation: The Pattern generates the synthetic LR
images by applying random downscaling operations, including
unknown factors such as blurring, noise, and compression artifacts,
to simulate real-world degradations.

Pseudo-Label Generation: During training, the model predicts HR
images from synthetic LR inputs, which are compared against the
original HR images to compute a loss. This pseudo-supervision
enables the network to develop reliable mappings even in the
absence of directly paired data.

3. Tailored Loss Function

Perceptual Loss: The combined loss function integrates pixel-level
reconstruction error, such as Mean Squared Error, with perceptual
loss derived from a pre-trained CNN like VGG-19, enabling the
model to enhance both pixel accuracy and perceptual fidelity,
ensuring that fine details and overall visual quality are maintained

Adversarial Loss (Optional): To enhance the realism of generated
images, an adversarial loss term can be added by incorporating a
discriminator network, as in GAN-based approaches. This helps
reduce artifacts and improve texture details.

Self-Supervised Consistency Loss: A novel consistency loss is
Implemented to enhance the accuracy of the model's forecasts are
consistent across different degradation types, further enhancing its
generalization capabilities.
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4. Blind SR Adaptability

Dynamic Degradation Estimation: The proposed model includes a
degradation estimation module that dynamically predicts the nature
and extent of deterioration in the low-resolution inpu. This
information is fed back into the network to adapt the SR process
accordingly.

Uncertainty Modeling: The model is equipped to handle the inherent
uncertainty in blind SR by integrating a probabilistic layer that
predicts a confidence map, guiding the network can concentrate on
the more dependable regions of the image.

5. Training and Optimization

Unsupervised Pre-training: The model undergoes an unsupervised
pre-training phase using a large corpus of unpaired images, allowing
it to learn general image features and structures.

Fine-Tuning with Self-Supervision: In the final training stage, he
model is fine-tuned using a dataset that specifically addresses the
nuances of the target domain, enhancing its performance and
accuracy for specialized the self-supervised framework, optimizing
it for the specific process of blind SR.

6. Evaluation and Validation

Standard: The effectiveness of the proposed method is assessed by
comparing it with leading SR techniques, both supervised and
unsupervised, across benchmark datasets and practical images,
using evaluation metrics such as Peak Signal-to-Noise Ratio
(PSNR), Structural Similarity Index (SSIM), and perceptual quality
SCOres..

Real-World Testing: The model's performance is evaluated on a
diverse set of real-world images, including medical scans, satellite
pictures, and low-resolution video frames, to ensure its robustness
and generalizability across different types of image degradations.
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Merits of the Proposed Approach:

Generalization Across Degradations: The model's ability to manage
various unforeseen degradations enhances its flexibility and
suitability for practical use cases.

No Need for Labeled Data: By leveraging self-supervision, the
approach eliminates Reducing reliance on extensive paired datasets
enhances scalability and reduces costs.

Enhanced Image Clarity: The integration of perceptual and
adversarial loss functions enhances the model's ability to generate
high-quality, realistic outputs by balancing perceptual accuracy with
adversarial robustness ensures that the generated HR images are
both accurate and visually pleasing, with minimal artifacts.

This proposed approach represents a significant advancement in
blind image super-resolution, offering a practical, efficient, and

scalable solution for enhancing image quality in diverse
applications.
Client/User ---> Super-Resolution System
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1V . Results and Disscusion

Performance Comparison: Furthermore, our approach showed
remarkable adaptability across diverse degradation scenarios,
including varying levels of blur and noise, and consistently
delivered high-quality results in both quantitative metrics and
subjective visual assessments, demonstrating its robust and versatile
performance compared to existing SR methods.

PSNR and SSIM: The proposed method achieved higher PSNR and
SSIM scores compared to conventional supervised models,
particularly in scenarios involving unknown degradations. This
indicates that our model is more effective at preserving image details
and structural integrity, even when the degradation process is not
explicitly modeled.

Visual Quality: Qualitative analysis showed that the images
reconstructed by our model exhibited finer details, sharper textures,
and fewer artifacts than those produced by traditional methods. This
improvement in visual quality is particularly significant in real-
world applications, where the degradation process is often complex
and unpredictable.

Fig. sample input and output image
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Fig: Difference between this and traditional model

2. Adaptability to Diverse Degradations: One of the key strengths of
our approach is its adaptability to various types of image
degradation. Unlike traditional supervised methods that often
underperform when faced with unknown distortions, our self-
supervised model demonstrated robust performance The network's
ability to handle various types of image degradation—such as
blurring, noise, and compression artifacts—was significantly
enhanced by its dynamic degradation estimation and uncertainty
modeling components, which enabled it to tailor its processing
strategies to the unique features of each input image.

3. Efficiency and Scalability: The proposed model was also
evaluated in Regarding computational efficiency, the algorithm's
performance is measured by its time and space complexity and
scalability. Despite the complexity of the network architecture, the
training process was efficient due to the self-supervised learning
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strategy, which bypasses The requirement for extensive labeled
datasets is crucial for training effective machine learning models.
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