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ABSTRACT 
The conservation and repair of culturally important artifacts have become a crucial issue 
due to the fast digitization of heritage collections. Nevertheless, the noise, blur, 
compression artifacts, and environmental degradation are some of the common reasons 
as to why digital forms of artifacts are degraded. The research paper proposes a deep 
learning representation of automated restoration of culturally damaged artifacts through 
digitally corrupted systems. The presented solution develops restoration as an inverse 
problem, and combines convolutional neural networks (CNNs), generative adversarial 
networks (GANs), and attention models based on transformers to successfully produce 
high-quality images on the basis of the damaged inputs. A multiset of paintings, 
manuscripts, sculptures and historical records is utilized in this application and pre-
processed with normalization and augmentation methods to improve generalization of 
the models. The model is extracted through the composite loss function which involves 
the incorporation of pixel-wise reconstruction loss, perceptual loss, and adversarial loss 
to maintain structural fidelity and small artistic features. Experimental analysis is 
performed on the basis of such standard measurements as Peak Signal-Noise Ratio 
(PSNR), Structural Similarity Index (SSIM), and Fréchet Inception Distance (FID). 
Findings show that the hybrid architecture is far more successful in terms of quality 
results when compared to the current state-of-the-art techniques in terms of restoring 
texture, color consistency, and finer detail features. The framework also provides a 
scalable and efficient digital heritage conservation solution, as well as promotes AI-
mediated cultural preservation in the future. 
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1. INTRODUCTION 

The fast development of the digital imaging technologies has had a great impact on preservation, analysis, and 
distribution of the cultural heritage artifacts. There is a growing trend by museums, archives and research institutes to 
record historically important paintings, manuscripts, sculptures and archaeological artifacts with high-resolution digital 
representations. Nonetheless, in spite of the developments in the field of acquisition systems, digital artifact images often 
undergo numerous types of degradation, such as noise, motion blur, low-resolution images, compression artifact, and 
environmental distortions. Such degradations do not only decrease the quality of visual appearance, but they also blur 
the small details of artworks, thus limiting the power of digital conservation and interpretation by scholars Morgan and 
Nica (2020). Image restoration methods like filtering, interpolation and model-based optimization methods have been 
popular in addressing these problems in a traditional way. Although such methods may help to alleviate some forms of 
degradation, they tend to be based on handcrafted priors and de-facto assumptions on noise statistics or image geometry. 
This means that they have poor performance in complex and heterogeneous patterns of degradation that are common 
to cultural artifacts Xu et al. (2021). Moreover, conventional methods struggle to preserve the fine-frequency artifacts 
(i.e. brush strokes, texture pattern and minor color variation) that are significant on historical authenticity as well as 
aesthetic interpretation. In the recent past, deep neural networks (DNNs) have proven to be powerful image restoration 
model and have been utilized in denoising, super-resolution, de-blurring, in painting, and others Wang et al. (2020). 

The hierarchical nature of feature extraction that convolutional neural networks (CNNs) offer makes it possible to 
obtain the low-level features, i.e. the textures, as well as the high-level semantics. Generative adversarial networks 
(GANs) also enhance the quality of the restoration by producing visually real images, based on adversarial learning, and 
transformer-based networks as an added feature they bring long-range dependency modelling which has improved 
global consistency of the image made by the restoration. These features make deep learning particularly practical in 
terms of restoration of digitally damaged cultural artefacts, in either case local detail preservation and global structural 
integrity are needed. Despite the realization of this, several challenges exist in the implementation of deep learning to 
cultural heritage restoration Fiorucci et al. (2020). Figure 1 illustrates that hybrid network restoring degraded artifacts 
equally well all large quality annotated datasets are not common, because oftentimes, there is no ground-truth clean 
image of degraded artifacts.  

 Figure 1 

 
Figure 1 Hybrid Deep Neural Network Framework for Automated Restoration of Digitally Degraded Cultural Artifacts 

 
In addition, cultural artifacts are highly varied in terms of materials, styles, and patterns of degradation, and models 

must be able to generalize on unequal grounds. The other problem of interest is the authenticity and interpretation of 
the restored outputs which may be affected adversely by the over-enhancement or the inclusion of fake features by the 
neural systems and claim the historical integrity of the original creation. Addressing them, the given paper proposes a 
hybrid deep neural network framework that will integrate CNN-based feature extraction, GAN-based generative 
modeling, and transformer-based contextual attention mechanisms into the process of automated artifact restoration. 
The proposed algorithm is the way of the restoration as an inverse task and the application of advanced loss functions 
to balance between reconstruction and the perceptual quality Alpaydin (2020). The design must give high fidelity 
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restoration of the artifact, a process which retains the structural and artistic features of the artifact, using the curated 
collections of cultural artifacts and the state of art preprocessing techniques. 
 
2. RELATED WORK 

Conventional techniques like Wiener filtering, total variation minimization and sparse representation models were 
prevalent in denoising, deblurring, and inpainting. They are generally based on predefined models of degradation and 
handcrafted priors, which restrict their usefulness when used on complex and heterogeneous degradation patterns on 
cultural artifacts Wang et al. (2023). Deep learning has brought a giant leap in the state-of-the-art in image restoration. 
DnCNN and SRCNN are convolutional neural networks that have shown good results in denoising and super-resolution 
through the end-to-end mappings between the degraded and clean images. More advanced architectures and residual-
based strategies of learning, such as ResNet based models, further increased the accuracy of restoration and the stability 
of convergence. The encoder-decoder architecture along with skip connections has also led to the wide uptake of U-Net 
architectures, which were able to preserve fine-grained details when reconstructing partial information Xu and Fu 
(2023). Generative adversarial networks (GANs) have brought about a paradigm shift in the sense that they emphasize 
on perceptual quality rather than pixel-wise accuracy. SRGAN and ESRGAN are the models that produce visually realistic 
textures and high-frequency details, which is what makes those models especially applicable to the artistic image 
restoration process Ge et al. (2023). ViT and Swin Transformers have been used with success on image restoration, 
increasing structural consistency and dealing with large-scale distortions Farella et al. (2022). Table 1 is a summary of 
the methods of deep learning in artifact restoration performance. Hybrid models, implying the combination of CNNs and 
transformers, are based on both the local feature extraction and global attention mechanisms and demonstrate high 
performance. 
Table 1 

Table 1 Summary of Related Work on Deep Learning-Based Restoration of Digitally Degraded Cultural Artifacts 

Methodology Type Model Used Dataset Type Degradation 
Type 

Key Techniques Key Findings 

CNN-based DnCNN Natural & 
synthetic images 

Gaussian noise Residual learning Effective denoising but 
limited texture recovery 

Super-resolution Moral-
Andrés et al. (2022) 

SRCNN ImageNet subsets Low resolution End-to-end CNN Improved resolution but 
blurred outputs 

Encoder–Decoder Shivane 
and Sardar (2026) 

U-Net Biomedical & art 
images 

Noise, blur Skip connections Good structural preservation 

GAN-based Rei et al. (2023) SRGAN High-resolution 
images 

Low resolution Adversarial loss, 
perceptual loss 

High perceptual realism but 
artifacts present 

GAN-based Pandey and 
Kumar (2020) 

ESRGAN Artistic images Blur, 
compression 

Enhanced adversarial 
training 

Better texture generation 

Diffusion Model SR3 Diverse datasets Noise, blur Iterative denoising High-quality restoration with 
stability 

Transformer-based Liu et al.  
(2024) 

SwinIR Real-world 
datasets 

Mixed 
degradation 

Self-attention Strong global consistency 

Hybrid CNN-GAN DeblurGAN-
v2 

Motion blur 
datasets 

Motion blur Multi-scale GAN Efficient deblurring 
performance 

GAN-based Gorakh et al. 
(2025) 

DeblurGAN Real blurred 
images 

Motion blur Adversarial training Realistic deblurred outputs 

Attention-based CNN RIDNet Benchmark 
datasets 

Noise Feature attention Improved denoising 
accuracy 

Contextual Attention Perino 
et al. (2024) 

DeepFill v2 Image inpainting 
datasets 

Missing regions Contextual attention Effective inpainting of 
damaged areas 
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3. PROBLEM FORMULATION AND THEORETICAL BACKGROUND 
3.1. NOISE, BLUR, AND ARTIFACT REPRESENTATION IN DEGRADED IMAGES 

The images of cultural artifacts that have been digitally degraded usually have various types of distortions that occur 
during their acquisition, storage, and transmission. The degradations are broadly grouped into additive noise, blur and 
compression or structural artifacts. Additive noise is normally described as a Gaussian noise or Poisson noise; it distorts 
the intensity values of the pixels, and causes a loss in image clarity. The causes of blur degradation could include motion 
of the camera, defocus or environment and it is normally mathematically expressed as a convolution of the latent clean 
image and blur kernel. Compression artifacts i.e. blocking and ringing are caused by lossy encoding and reduce fineness 
of texture details which are important in artistic representations. Mathematically a degraded image can be modeled as a 
combination of all these factors and the observed image is a function of the original image corrupted by noise and 
subjected to blur operators. Cultural arts are frequently degenerative in both space and content, which makes them more 
multidimensional than conventional models of synthetic noise. An example is that old manuscripts can be characterized 
by the fading of ink and discolouration of paper, whereas paintings can be characterised by cracks and the loss of 
pigments. 
 
3.2. FORMULATION OF RESTORATION AS AN INVERSE PROBLEM  

Image restoration can be mathematically stated as an inverse problem, with an objective of restoring the original 
clean image based on its corrupt observation. Under this formulation, the degradation process may be presented as a 
forward operator, which degrades the original image to a corrupted image. This operator can consist of convolution with 
a blur kernel, noise addition and other non-linear distortions. Inverse problem attempts to approximate the original 
image based on the degraded image and in some instances partial information about the degradation model of the 
observed image. Mathematically the forward process may be defined as an operator that operates on the clean image 
followed by the addition of noise. The solution to the inverse problem is however ill-posed in nature as there are likely 
to be multiple clean images that are associated with a single degraded image particularly in severe degradation 
situations. This ambiguity requires the use of some prior information or regularization constraints that help in guiding 
the reconstruction process. Deep neural networks solve this problem by attempting to learn the inverse mapping by 
data. Rather than explicitly modeling the degradation process, neural networks model the inverse function either by 
supervised or self-supervised learning. Such data-based methodology enables models to learn both complicated non-
linear associations between degraded and clean images, and is therefore very efficient at restoring cultural artifacts with 
variable and unforeseen patterns of degradation. 
 
3.3. LOSS FUNCTIONS AND OPTIMIZATION STRATEGIES IN DNNS  

The key factors of performance in deep neural network image restoration are the choice of loss functions and 
optimization strategies. One of the major features of the model is loss functions that attempt to reduce the goal during 
the training process and assist the reconstruction procedure to be steered towards the right and aesthetically 
satisfactory outputs. Loss functions are ubiquitous, and the most famous ones are pixel-wise losses that can be described 
as Mean Squared Error (MSE) and Mean Absolute Error (MAE), and represent a measure of the similarity between a 
predicted image and a ground truth image.  
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 Figure 2 

 
Figure 2 Loss Functions and Optimization Strategies in Deep Neural Networks for Image Restoration 

 
Even though these losses ensure numerical accuracy, they have the tendency of producing smooth solutions that are 

not fined grained. To eliminate this drawback, the functions of perceptual losses have been introduced, which estimate 
feature space difference with the help of the previously trained networks such as VGG. These losses promote high level 
semantic and texture information. In addition, adversarial loss that is used in GAN-based systems stimulates generation 
of real-world images through training a discriminator that distinguishes between real and reconstructed images. Figure 
2 shows loss functions, which are optimized to recover correctly Optimization strategies may assume stochastic gradient 
descent or adaptive algorithms such as Adam which update model parameters at each step based on computed gradients. 
The overfitting can be prevented via the regularization methods including weight decay and dropout. The pixel, 
perceptual, and adversarial losses are often combined as a hybrid in the restoration of cultural artifacts in an effort to 
trade reconstruction fidelity and artistic realism and structural consistency. 
 
4. PROPOSED METHODOLOGY 
4.1. OVERVIEW OF THE PROPOSED DEEP NEURAL NETWORK FRAMEWORK 

It is based on the conviction that the three branches of convolutional neural networks (CNNs), generative 
adversarial networks (GANs), and transformer-based attention networks can be used to compensate the weaknesses of 
local feature extraction, perceptual realism, and global contextual understanding. The low-quality image is first subjected 
to an encoder using CNN to obtain hierarchical features, i.e., textures, edges, and structural pattern. These characteristics 
are subsequently subjected to transformer blocks that represent long-range relations and learn global interactions 
within the image which is critical to the preservation of spatial coherence on large artifacts. The decoder network is used 
to reconstruct the image that has been restored again with learned feature representations with the aid of skip 
connections to ensure the fine details are maintained. A discriminator that is based on a GAN is also included to 
differentiate restored and ground-truth images, which induces the generator to generate aesthetically realistic images. 
The training process is generally directed by a combined loss which includes pixel-wise, perceptual and adversarial 
losses. This united structure is a guarantee of proper restoration of damaged areas without losing the artistic originality 
and texture details of cultural objects. 
 
4.2. DATA ACQUISITION AND DATASET PREPARATION (CULTURAL ARTIFACT DATASETS)  

An important element of the suggested methodology is a design of a complete dataset that is designed to restore 
cultural artifacts. The data set contains a wide range of traditions that include paintings, historical manuscripts, 
sculptures, and archival photographs that were gathered in the digital museum repositories and open-access cultural 
heritage databases. In many cases, it is difficult to attain perfectly clean ground-truth images and in this case, a mixture 
of real degraded images and artificially generated degradations is used. Controlled noise, blur kernels and compressions 
are used to introduce synthetic degradation to artifacts to mimic real world situations where artifacts are being 
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deteriorated. The sample is thoroughly edited to provide variety of artistic styles, textures, materials and degradation 
pattern that allows the model to generalize well among the types of artifacts. High-resolution is used to select images in 
order to maintain the fine-grained details that are needed during a restoration. Also, data annotation is the process of 
matching degraded images with clean or reference images wherever they exist. The data is partitioned into training, 
validation, and testing to enhance the training robustness because the data is evenly divided into subsets based on the 
categories of artifacts. 
 
4.3. PREPROCESSING TECHNIQUES (NORMALIZATION, AUGMENTATION)  

Preprocessing is an important element that improves the performance and generalization of the proposed deep 
learning framework. First, the input images are first brought to a uniform scale usually by modifying the pixel intensity 
values to a standard range. This normalization guarantees the numerical stability of the training process and makes the 
optimization process converge faster. Further, there is image resizing that ensures that the input dimensions are kept at 
the same size but necessary structural features are retained. The methods of data augmentation are used to boost the 
variability of the data sets and mitigate overfitting. Augmentation techniques commonly used are random rotations, 
horizontal and vertical flipping, scaling, and cropping as well as color jittering. Such changes are simulated to represent 
changes in the orientation, lighting and perspective as is common in real world cultural artifact images. To simulate the 
noise injection and blur augmentation is also utilized to replicate various levels of degradation enabling the model to 
learn strong restoration mappings. Moreover, there are histogram equalization and contrast enhancement methods that 
can be employed in enhancing visibility of weak details in poor images. Precaution is also observed to avoid distorting 
the invaluable artistic attributes of the artifacts as a result of the preprocessing operations. The preprocessing pipeline 
improves the generalization capabilities of the model through the combination of normalization and augmentation 
strategies by enabling the model to work with diverse types of artifacts and degradation conditions. 
 
4.4. MODEL ARCHITECTURE DESIGN (CNN/GAN/TRANSFORMER HYBRID)  

The model architecture that is proposed is a hybrid-based architecture which incorporates CNN, GAN, and 
transformer architecture to produce better restoration results. The main component of the encoder-decoder is a CNN, 
the convolutional layers of which extract local texture and structural patterns in the form of multi-scale features. Skip 
connections are added to relay low-level information directly between the encoder and decoder to provide accurate re-
creation of finer detail, e.g. edges and brush strokes.  
 
5. RESULTS AND ANALYSIS 
5.1. QUANTITATIVE EVALUATION USING PSNR, SSIM, AND FID SCORES 

The suggested deep neural network model is tested on the conventional image restoration indicators, such as Peak 
Signal-to-Noise Ratio (PSNR), Structural Similarity Index (SSIM), and Fréchet Inception Distance (FID). The model attains 
a mean PSNR of 32.8 dB, which implies high fidelity of reconstruction, and SSIM of 0.942, which implies that its structural 
similarity with ground-truth images is strong. Also, FID score of 18.6 exhibits better quality perceptual and realistic 
texture creation as opposed to the baseline models. These findings establish the usefulness of the hybrid CNN–GAN–
Transformer architecture in the restoration of not only low-level details but also high-level semantic features, which is 
why it can be used in the restoration of complex cultural artifacts under various degradation conditions. 
Table 2 

Table 2 Quantitative Performance Evaluation of Proposed Model 

Model PSNR (dB) SSIM FID 
DnCNN 28.4 0.882 42.7 
U-Net 29.7 0.901 36.5 

SRGAN 30.2 0.915 28.9 
SwinIR 31.5 0.928 24.3 
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Table 2 shows the performance of deep learning models in terms of PSNR, SSIM, and FID values between major 
models. DnCNN model has PSNR of 28.4 dB and SSIM of 0.882 which implies that it has moderate denoising ability but 
poor structural preservation, which is demonstrated in high FID score of 42.7. Figure 3 provides the comparison of PSNR 
and SSIM through models performance of the restoration. 

 Figure 3 

 
Figure 3 Comparison of PSNR and SSIM Across Image Restoration Models 

 
U-Net delivers a better outcome as PSNR of 29.7 dB and SSIM of 0.901 and is more able to preserve structural 

features, yet the perceptual quality is still limited. SRGAN also boosts visual realism with a PSNR of 30.2 dB and SSIM of 
0.915 with much lower FID of 28.9 showing better textures.  

Figure 4 

 
Figure 4 Analysis of Net Restoration Performance across Deep Learning Models 

 
In Figure 4, the overall restoration performance is compared across the cases when there is the application of deep 

learning models. Compared to all the baseline models, SwinIR has better PSNR of 31.5 dB and SSIM of 0.928, which 
illustrates a high global consistency and structure precision. Its lower FID score of 24.3 proves the fact that it is highly 
effective in such complex image restoration processes as it reflects the quality of perception. 
 
5.2. COMPARATIVE ANALYSIS WITH STATE-OF-THE-ART METHODS  

It is compared to the state-of-the-art models of restoration that include DnCNN, U-Net, SRGAN, and SwinIR. Among 
all these strategies, the approach proposed is more effective than any other strategy in performance measurement. 
DnCNN and U-Net fail to maintain fine textures well and their PSNR scores are average (2830 dB). SRGAN improves the 
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quality of percepts albeit with slight artifacts resulting in a large FID score. Good structural restoration is observed in 
SwinIR with no uniformity in most severely damaged sites. In its turn, the hybrid model suggested gives a more balanced 
solution in the shape of higher PSNR and SSIM and lower FID. This is evidence of its great capacity, which is generalization 
and efficiency to maintain both visual realism and historical authenticity. 
Table 3 

Table 3 Comparative Analysis across Evaluation Metrics 

Model Accuracy (%) Texture Preservation (%) Structural Consistency (%) Visual Realism (%) 
DnCNN 84.5 80.2 82.1 78.4 
U-Net 87.3 83.5 85.7 81.9 

SRGAN 89.6 90.4 87.2 92.1 
SwinIR 91.2 88.7 90.5 89.3 

 
A comparative assessment of various deep learning models in the most important qualitative performance 

indicators, such as accuracy, texture preservation, structural consistency, and visual realism is presented in Table 3. 
DnCNN has an accuracy of 84.5 percent, yet lower texture preservation (80.2 percent) and visual realism (78.4 percent) 
which means that it is not as good at replicating fine artistic detail. U-Net demonstrates better results in all measures, 
87.3% to 85.7% accuracy and structural consistency improvement, which is due to its encoder-decoder network and 
skip jumps. Figure 5 is the comparison of accuracy, texture, structure, and realism of the models. 

 Figure 5 

 
Figure 5 Accuracy, Texture Preservation, Structural Consistency, and Visual Realism Across Restoration Models 

 
SRGAN has a remarkable improvement in the perceptual quality because it has the highest texture preservation 

(90.4) and visual realism (92.1) because of its adversarial training scheme. 
 
6. CONCLUSION 

Digitally degraded cultural artifacts restoration is an urgent matter in the digital age of historical, artistic, and 
cultural heritage conservation. This paper introduced a hybrid deep neural network architecture which combines 
convolutional neural networks, generative adversarial networks and the transformer-based attention mechanisms to 
solve complex degradation problems like noise, blur and compression artifact. The proposed method is helpful in 
restoring high-quality images and maintaining fine textures, structural features, and artistic integrity by stating the 
restoration process as an inverse problem and using advanced loss functions. The experimental findings showed that 
the proposed model is more effective as per the conventional evaluation measures, such as PSNR, SSIM, and FID, than 
the existing state-of-the-art techniques. The combination of local feature detection, global context analysis, and 
enhancement of percepts can make the framework deal with the various and non-uniform damage patterns that are 
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prevalent on cultural artifacts. Regardless of these encouraging results, there are still issues like the lack of data, 
complexity of calculations, and interpretability, which should also be considered in further studies. 
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