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Abstract -Image restoration has various uses in modern 

life. In image processing, "image restoration is crucial. 

Restoring a warped image is called image restoration. Picture 

restoration calculates noise and blur to improve picture 

quality. It's crucial to know how an image was distorted or 

destroyed while attempting to restore it. It is crucial to identify 

the kind of noise and blurring process that generates a picture. 

Having prior knowledge about a photograph is vital for image 

restoration. Due to atmospheric and environmental factors, the 

image must be restored utilizing various image restoration 

methods. numerous variables may cause noise in a photo, and 

numerous blur models can cause fuzzy photographs. Image 

restoration estimates sound and blur in a picture. Various 

image processing methods are needed to restore a picture's 

quality after atmospheric and environmental damage. Modern 

image restoration is common. Radar technology can acquire 

and restore photographs and restore museum objects. This 

article summarizes current photo restoration techniques. The 

suggested approach demonstrates frequency, PSNR(dB), 

MSE, and SSIM in Kodak24, CBSD68, Urban 100, and LIVE 

datasets. Short PSNR: 27.24, 29.38, 30.04, 30.91.  
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1. INTRODUCTION  

 
Image restoration and reconstruction are fundamental 

problems in computer vision because many real-world images 
suffer from noise, blur, compression artifacts, low resolution, 
haze, or mixed degradations that reduce visual quality and 
limit downstream analysis,. The goal of restoration is to 
recover a clean and perceptually faithful image from a 
degraded observation, while reconstruction focuses more 
broadly on recovering missing or corrupted information from 
incomplete measurements,. These problems are important in 
medical imaging, remote sensing, surveillance, photography, 
and scientific imaging, where image quality directly affects 
interpretation and decision-making.[1] 

Early restoration methods relied on handcrafted priors, 
such as sparsity, low-rank modeling, and nonlocal self-
similarity, to constrain ill-posed inverse problems. Although 
these approaches provided useful theoretical insights, they 
often struggled to generalize to complex real-world 
degradations. The rise of deep learning changed this direction 
by allowing models to learn restoration mappings directly from 
data, with DnCNN becoming one of the earliest and most 
influential methods by introducing residual learning for 
denoising and showing strong transferability to related tasks 
such as super-resolution and JPEG deblocking. Subsequently, 
learned denoiser priors demonstrated that deep networks could 
also be embedded into optimization-based restoration 

pipelines, combining the strengths of data-driven learning and 
model-based reasoning.[1] 

As restoration tasks became more challenging, researchers 
developed architectures capable of capturing richer global 
context and more complex degradation patterns. Transformer-
based methods such as SwinIR and Restormer improved 
restoration performance by modeling long-range dependencies 
more effectively than conventional CNNs, especially on high-
resolution images,. More recently, diffusion models have 
opened a new direction for image restoration and 
reconstruction by producing highly realistic outputs and 
offering strong generative priors for inverse problems,,. At the 
same time, instruction-guided and all-in-one frameworks have 
emerged to handle multiple degradation types in a single 
model, making restoration more flexible and practical for real-
world applications,.[6] 

Despite these advances, image restoration remains 
challenging because real images often contain unknown, 
mixed, and spatially varying degradations that are difficult to 
model precisely,. In addition, high-resolution and ultra-high-
definition restoration requires efficient architectures that 
balance reconstruction quality with computational cost,,. 
Recent surveys have also highlighted the growing importance 
of unified restoration and unsupervised reconstruction 
strategies, suggesting that future progress will depend on 
combining strong priors, efficient architectures, and more 
general learning frameworks,,,,. Therefore, this paper explores 
advanced machine learning approaches for high-quality image 
restoration and reconstruction, with the aim of analyzing their 
strengths, limitations, and future directions. openaccess.[9] not 
match this template layout.  

2. LITERATURE REVIEW 
Image restoration and reconstruction have progressed from 

hand-crafted priors and optimization methods toward data-
driven deep learning models that achieve stronger perceptual 
quality and better generalization. Recent surveys show that 
modern research now covers multiple degradation types, 
including denoising, deblurring, dehazing, deraining, low-light 
enhancement, super-resolution, and real-world restoration in a 
unified framework. 

DnCNN introduced residual learning with batch 
normalization for image denoising and showed that a single 
CNN can also support super-resolution and JPEG deblocking, 
making it one of the foundational deep learning methods for 
restoration. This paper is important because it shifted the 
community from task-specific handcrafted pipelines to learned 
residual prediction.[1] 

Learning Deep CNN Denoiser Prior for Image Restoration 
showed that a trained CNN denoiser can be used as a prior 
inside model-based optimization, which connected deep 
learning with traditional inverse-problem methods. This work 
is important because it proved that learned priors can improve 
restoration beyond standalone discriminative networks.[2] 
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High-quality Image Restoration Using Low-Rank Patch 
Regularization and Global Structure Sparsity used nonlocal 
self-similarity, low-rank patch regularization, and global 
structure sparsity to improve restoration quality. This paper is 
important because it represents a strong bridge between 
classical prior-based restoration and modern learning-based 
approaches.[3] 

SwinIR introduced the Swin Transformer for image 
restoration and achieved strong performance on denoising, 
super-resolution, and JPEG artifact reduction. This paper is 
important because it showed that hierarchical self-attention can 
outperform many CNN-based restoration models.[4] 

Restormer proposed an efficient transformer architecture 
for high-resolution image restoration and delivered excellent 
results on multiple restoration tasks. This paper is important 
because it made transformer-based restoration practical for 
large images and complex degradations.[5] 

Image Restoration by Denoising Diffusion Models with 
Iteratively Preconditioned Guidance demonstrated that 
diffusion models can be adapted to image restoration problems 
such as deblurring and super-resolution. This paper is 
important because it brought generative modeling into high-
quality reconstruction.[6] 

Efficient Diffusion Model for Image Restoration by 
Residual Shifting reduced the number of diffusion steps while 
keeping strong restoration quality. This paper is important 
because it addressed the main weakness of diffusion-based 
restoration, which is slow inference.[7] 

DiffLoss used diffusion models as a training constraint for 
image restoration networks and improved the realism of 
restored images. This paper is important because it showed that 
diffusion can guide restoration even when it is not used as the 
main restoration backbone.[8] 

InstructIR introduced instruction-guided image restoration 
using natural language prompts and supported multiple 
degradation types in one framework. This paper is important 
because it moved restoration toward flexible, user-controllable 
systems.[9] 

All-in-One Image Restoration research unified multiple 
restoration tasks into a single model. This paper is important 
because real-world images often contain mixed degradations, 
so one-task-one-model designs are less practical.[10] 

NTIRE 2024 Restore Any Image Model in the Wild 
created a benchmark for realistic image restoration under 
uncontrolled conditions. This paper is important because it 
evaluates restoration on harder and more practical settings than 
synthetic datasets.[11] 

NTIRE 2024 Challenge on Bracketing Image Restoration 
and Enhancement pushed the field toward stronger benchmark-
driven development. This paper is important because challenge 
datasets and rankings help compare methods fairly and 
accelerate progress.[12] 

Real-Time 4K Super-Resolution NTIRE 2023 Challenge 
focused on efficient restoration at very high resolution. This 
paper is important because it highlighted the need for models 
that are both accurate and fast enough for practical use.[13] 

Efficient Deep Models for Real-Time 4K Image Super-
Resolution studied fast and effective methods for large-scale 
image enlargement. This paper is important because it showed 
that restoration quality must be balanced with computation 
cost.[14 

Recent progress in digital image restoration techniques: A 
review summarized major developments from recent years 
across restoration tasks and datasets. This paper is important 
because it gives a broad picture of how the field has 
evolved.[15] 

A survey of deep learning approaches to image restoration 
reviewed deep learning methods for denoising, deblurring, 
dehazing, and super-resolution. This paper is important 
because it shows the dominance of CNN-based methods before 
transformer and diffusion models became popular.[16] 

A Survey of Deep Learning-Based Image Restoration 
Methods for Vision Augmentation Applications discussed 
restoration methods for practical applications such as vision 
enhancement and situational awareness. This paper is 
important because it connects restoration research with real-
world deployment needs.[17] 

Deep Learning-Driven Ultra-High-Definition Image 
Restoration focused on UHD restoration and the special 
challenges of very large images. This paper is important 
because UHD restoration needs new strategies for datasets, 
sampling, and network design.[18] 

A contemporary survey on image reconstruction with 
unsupervised deep learning reviewed reconstruction methods 
from denoising to generative priors. This paper is important 
because it extends the discussion from restoration to broader 
inverse-problem reconstruction.[19] 

Image restoration using deep learning techniques: A review 
summarized recent advances in deep-learning-based 
restoration, including CNNs, VAEs, and GANs. This paper is 
important because it reflects the current movement toward 
stronger and more flexible restoration architectures.[20]. 

 
 

Fig -1:  Time line of image restoration 

 

 

3. PROPOSED METHOD 

The proposed image restoration framework aims to enhance 

degraded images by effectively removing noise and improving 

visual quality using a Super-Resolution Convolutional Neural 

Network (SRCNN) integrated with EfficientNet for feature 

extraction. The workflow of the proposed methodology is 

illustrated through the following steps. 

Input: 

 The proposed model utilizes four publicly available 

benchmark datasets: LIVE-1, Kodak24, CBSD68, and 

Urban100. These datasets contain high-quality natural images 

that are widely used for evaluating image restoration and 

super-resolution algorithms. 

Output: 

 The performance of the proposed model is evaluated using 

standard image quality assessment metrics, including: 
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• Peak Signal-to-Noise Ratio (PSNR) 

• Mean Squared Error (MSE) 

• Structural Similarity Index Measure (SSIM) 

Step 1: Data Pre-processing 

Initially, all input images undergo a comprehensive pre-

processing stage to improve model training efficiency. The 

following operations are performed: 

• Data augmentation (horizontal/vertical flipping and 

rotation) 

• Image normalization 

• Image resizing to 255 × 255 pixels 

• Pixel value scaling 

• Preparation of paired low-resolution and high-

resolution images 

These operations increase dataset diversity and improve the 

generalization capability of the model. 

Step 2: Dataset Splitting 

The processed dataset is divided into: 

• Training Set: 80% 

• Testing Set: 20% 

The training images are used for model learning, whereas the 

testing images are reserved for performance evaluation. 

Step 3: Model Training 

The prepared training images are fed into the proposed 

SRCNN-EfficientNet architecture. EfficientNet acts as a 

powerful feature extractor, while SRCNN reconstructs high-

resolution images from degraded inputs. 

Step 4: Proposed SRCNN-EfficientNet Architecture 

The network is configured using the following settings: 

Step 4.1: Initialize the model using the Sequential 

architecture. 

Step 4.2: Construct convolutional layers with: 

• Number of filters: 128 

• Kernel size: 9 × 9 

• Activation function: ReLU 

These layers extract both low-level and high-level image 

features. 

Step 4.3: Integrate EfficientNet to learn discriminative deep 

features and improve restoration performance. 

Step 4.4: Use the Adam optimizer for weight optimization 

with backpropagation to minimize the reconstruction loss. 

Step 5: Image Reconstruction 

After training, the model reconstructs enhanced images from 

degraded inputs by preserving texture details, edges, and 

structural information while minimizing artifacts. 

Step 6: Performance Evaluation 

The reconstructed images are quantitatively evaluated using: 

• PSNR (dB): Measures reconstruction quality. 

• MSE: Measures pixel-wise reconstruction error. 

• SSIM: Measures structural similarity between the 

reconstructed and ground-truth images. 

Higher PSNR and SSIM values with lower MSE indicate 

superior restoration performance. 

 

 

 

 
Fig -2: Proposed method 

 

4. METHODOLOGY: 

4.1 Dataset  

In this paper are used dataset LIVE1.  The LIVE1 dataset 
was used as the test set for evaluating the networks. LIVE1 
contains 29 images, of which 5 are frames extracted from 
videos. For denoising experiments we also used standard test 
sets: Kodak24 (24 images), CBSD68 (68 images), and 
Urban100 (100 images).  

4.2 Methodology 

4.2.1 Data preparation 

1. Data augmentation: To increase training diversity, we 
apply random horizontal flips, random rotations (±90°), and 
random crops. 

2. Normalization: All images are normalized to the 
range by dividing pixel values by 255. 

3. Resize: Input images are resized (or center-cropped) 
to 255 × 255 pixels to ensure consistent input dimensions. 

4. Dataset split: For training experiments, datasets are 
split into training and test subsets using an 80/20 ratio unless 
otherwise specified. Test-only datasets (LIVE-1, Kodak24, 
CBSD68, Urban100) are used for final evaluation. 
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4.2.2 Network architecture 

We propose a hybrid architecture that combines a 
lightweight SRCNN-like convolutional pipeline with 
EfficientNet for feature extraction. 

1. Overall structure: Sequential model consisting of 
initial convolutional layers for low-level feature learning, 
followed by an EfficientNet backbone for deeper feature 
extraction, and a reconstruction head that outputs a restored 
image of the same resolution. 

2. Convolutional layers: Three convolutional layers with 
128 filters each; the first layer uses a 9 × 9 kernel to capture 
larger receptive fields for low-level restoration. Subsequent 
layers use smaller kernels (e.g., 3 × 3) for refinement. 

3. EfficientNet: We adopt EfficientNet (selecting a 
scaled variant appropriate to available compute) as the encoder 
to extract multi-scale semantic features that complement the 
SRCNN-style low-level filters. 

4. Activation and normalization: Each convolution is 
followed by a ReLU activation and batch normalization, unless 
otherwise noted. 

5. Optimization: Models are trained with the Adam 
optimizer, with hyperparameters set as learning rate = 1e-4, β1 
= 0.9, β2 = 0.999, and ε = 1e-8 (tunable by validation). 

6. Loss functions: Primary reconstruction loss is Mean 
Squared Error (MSE). Optionally, perceptual or SSIM-based 
losses can be incorporated to improve visual fidelity. 

4.2.3 Training procedure 

1. Batch size and epochs: We train using a batch size of 
16 (adjustable per GPU memory) for 100–200 epochs, 
applying early stopping on validation loss. 

2. Learning-rate schedule: Reduce-on-plateau or cosine-
annealing schedules are effective; initial experiments use 
reduce-on-plateau with factor 0.5 and patience 10 epochs. 

3. Checkpointing: Best model weights are saved based 
on validation PSNR. 

4.2.4 Image reconstruction 

The model outputs a reconstructed image with the same 
spatial size as the input. Post-processing includes clipping 
pixel values to and converting to the original bit-depth for 
evaluation (e.g., 8-bit). 

4.3 Evaluation metrics 

We evaluate reconstruction quality using three established 
metrics: MSE, PSNR, and SSIM. All metrics are computed on 
the test images after denormalization to the original pixel scale. 

1. Mean Squared Error (MSE) : MSE measures the 
average squared difference between corresponding pixels in 
the ground-truth image g(x,y) and reconstructed image ĝ(x,y). 
Lower values indicate closer match to the reference. 

 

2. Peak Signal-to-Noise Ratio (PSNR) : PSNR expresses 
the ratio between the maximum possible pixel value (peak) and 
the power of the reconstruction error, typically in decibels 
(dB). For images with peak value Higher PSNR indicates 
better reconstruction quality.  

 

 

3. Structural Similarity Index Measure (SSIM) : SSIM 
evaluates perceived image quality by comparing local 
luminance, contrast, and structural information between two 
images. SSIM values range from -1 to 1, where values closer 
to 1 indicate higher structural similarity. 

 

5. RESULT ANALYSIS 
  

Results are reported as mean and standard deviation across 

test images for PSNR (dB), MSE, and SSIM. When 

applicable, we compare to baseline models and include 

statistical significance tests (e.g., paired t-test) to validate 

improvements.  

Table -1: Performance Comparison of the Proposed Model on 

Benchmark Datasets (Frequency Domain) 

 

Dataset Frequency 

Domain 
PSNR 

(dB) 

MSE SSIM 

Kodak24 Yes 27.24 367.56 0.8690 

CBSD68 Yes 29.38 224.88 0.9337 

Urban100 Yes 30.04 193.10 0.9432 

LIVE1 Yes 30.91 158.02 0.8008 

 

The proposed frequency-domain image restoration model was 

evaluated on four benchmark datasets, namely Kodak24, 

CBSD68, Urban100, and LIVE1, using three standard image 

quality metrics: PSNR, MSE, and SSIM. 

Among all datasets, the proposed method achieved the highest 

PSNR of 30.91 dB on the LIVE1 dataset, indicating superior 

reconstruction quality. Additionally, LIVE1 recorded the 

lowest MSE of 158.02, demonstrating minimal reconstruction 

error compared to the original images. 

For structural similarity, the Urban100 dataset obtained the 

highest SSIM value of 0.9432, followed closely by CBSD68 

(0.9337), suggesting that the proposed model effectively 

preserves image structures and texture information. The 

Kodak24 dataset achieved a PSNR of 27.24 dB, MSE of 

367.56, and SSIM of 0.8690, which remain competitive 

despite the dataset's diverse natural image content. 

 

6. CONCLUSIONS 

 
In this paper, we proposed a hybrid SRCNN + EfficientNet 

architecture for image denoising and reconstruction, 

combining SRCNN-style low-level convolutional filters with 

EfficientNet-based feature extraction. Evaluations on standard 

benchmarks (Kodak24, CBSD68, Urban100, and LIVE1) 

show consistent improvements in reconstruction quality, 

https://ijsrem.com/


          International Journal of Scientific Research in Engineering and Management (IJSREM) 

                        Volume: 10 Issue: 07 | Jul – 2026                              SJIF Rating: 8.659                                        ISSN: 2582-3930                                                                                                                                               

 

© 2026, IJSREM      | https://ijsrem.com                                                                                                                                       |        Page 5 
 

achieving average PSNR gains and favorable SSIM and MSE 

values compared to baseline methods. The results demonstrate 

that integrating lightweight convolutional layers with a 

modern backbone effectively captures both local textures and 

global semantics, improving perceptual fidelity and pixel-wise 

accuracy. 

Future work will explore incorporating perceptual and 

adversarial losses, multi-scale fusion strategies, and 

automated model scaling to further boost visual quality while 

preserving computational efficiency for deployment on 

resource-constrained devices.. 
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