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Abstract: Palm-leaf manuscripts written in ancient Tamil represent invaluable cultural heritage but have suffered significant degrada-
tion due to physical damage, environmental exposure, and biological factors. These challenges, including cracks, ink fading, and text
obliteration, hinder scholarly analysis and preservation efforts. Deep learning offers promising solutions for automated restoration;
however, its effectiveness is constrained by the scarcity of large, annotated datasets tailored to Tamil palm-leaf degradation patterns.
To address this limitation, this research proposes a scalable methodology for generating a synthetic dataset of degraded manuscript
images. A custom Python-based pipeline simulates realistic deterioration using techniques such as random masking, structural crack
generation, and linear occlusions, implemented with OpenCV and NumPy. Additional variability is introduced through data augmen-
tation, including brightness adjustment, rotation, and scaling. Each degraded image is paired with its corresponding clean version to
form a high-quality training dataset. This dataset is used to train a hybrid Transformer-Convolutional Neural Network (CNN) model,
combining a Vision Transformer encoder with a lightweight CNN decoder. The proposed approach significantly enhances restoration
performance, achieving a Peak Signal-to-Noise Ratio of 29.85 dB and a Structural Similarity Index of 0.887. These results demonstrate
the model’s effectiveness in reconstructing degraded Tamil manuscript images, thereby improving their readability, accessibility, and
long-term preservation.
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1. Introduction

Manuscripts with historic content are invaluable pieces of his-
tory and culture, offering unique perspectives into our ancestors’
cultures, languages, and knowledge systems. The preservation
and analysis of these documents can be extremely challenging
because they are extremely fragile and vulnerable to all forms
of deterioration over the years. Deterioration of manuscripts has
many causes, such as the environment in which they are stored,
naturally occurring processes related to age and deterioration,
and how the authors and historians handled them. The result-
ing deterioration manifested itself as disfiguring ink smears, ink
loss, cracks in the manuscript, staining, and complete loss of text
from the manuscript. Because of these deteriorated conditions,
historians, linguists, and others who need to transcribe and ana-
lyze these manuscripts find it increasingly difficult to work with
them. The development of reliable and sophisticated automated
restoration techniques is key to ensuring that this precious histor-
ical heritage continues to be preserved as it is recorded digitally
and accessible over the long term. Through the use of image
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restoration, deep learning (DL) technologies have been able to
have an impact on a wide range of computer vision applications
recently. An example of one architecture that has produced pos-
itive results for processing digital documents from a historical
perspective (denoising and layouts) is the Convolutional Neural
Network (CNN) [1]. When compared to CNN-based architec-
tures used for image restoration, the capabilities for performing
image restoration have improved greatly due to the inherent
properties of Transformers, such as their ability to represent long-
term dependencies and global attention in the model [2-4]. Two
Transformer-related architectures that demonstrate high-quality
restoration results for high-resolution images are Uformer and
Restormer [5]. For applications that require a complete under-
standing of the content of images, such as performing a total
restoration of an image, Masked Autoencoders (MAEs) are par-
ticularly valuable instruments for generating global contextual
representations and long-range dependency modeling [6].

The effective modeling of both local textures and global
contextual relationships promises great image restoration like
transformer-based architectures such as Restormer [7]. These
models can successfully reconstruct missing or degraded regions
in high-resolution images by using multi-Dconv heads and gated
feed-forward networks [8].
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This paradigm is particularly advantageous in scenarios
where large-scale paired datasets (clean and degraded images) are
difficult to obtain.

This architecture combines the strengths of a Vision Trans-
former (ViT) for robust feature learning in the encoder and a
CNN for effective image reconstruction in the decoder within an
autoencoder framework. A scalable training solution is proposed
by outlining a methodology that incorporates an advanced data
augmentation pipeline to create realistic degraded manuscript
images. The goal is to create a system that can eliminate different
kinds of damage and greatly enhance the documents’ legibility
and make it easier for academics.

2. Literature Survey

Ancient Tamil palm-leaf manuscripts are priceless archives
of literary, scientific, and historical knowledge that provide deep
insights into a centuries-old rich cultural legacy. However, due to
their delicate nature, frequent physical handling, biological dete-
rioration (e.g., fungi, insects), and extended exposure to harsh
environmental conditions, these documents have deteriorated
severely. Cracks, holes, ink bleeding, fading text, and fragmen-
tation are common types of damage that make large portions of
their content unreadable. Traditional manual restoration proce-
dures are work-intensive and unfeasible for extensive preservation
efforts due to the sheer volume of these manuscripts and the
complexity of their degradation patterns.

Therefore, automated, accurate, and effective techniques to
digitally restore these valuable documents are urgently needed
worldwide to ensure their long-term preservation and accessibil-
ity [9, 10]. A revolutionary era in image processing and computer
vision has been brought about by the development of machine
learning and DL, which offer previously unheard-of possibilities
for the automated restoration of old documents. CNNs [11], gen-
erative adversarial networks (GANSs) [12-14], and, more recently,
sophisticated transformer architectures [4, 5, 15] are the foun-
dations of DL models that have shown impressive performance
in tasks like image denoising and inpainting [16]. The absence
of sizable, annotated datasets makes it difficult to apply DL
to the restoration of historical manuscripts. The gap is filled
by the Indiscapes dataset, which offers thorough layout anno-
tations for historical Indic manuscripts in a variety of scripts
and geographical locations. It facilitates tasks like text line and
region segmentation and makes structured document understand-
ing possible. There is a need for more varied data sources, though,
as there are currently few resources specifically for Tamil palm-leaf
manuscripts [17].

These kinds of datasets are essential for developing reliable
and broadly applicable models. Furthermore, specific datasets and
restoration techniques are required due to the intricate and unique
features of damage that are specific to palm-leaf manuscripts, such
as localized holes, unique cracking patterns, and complex worm
trails.

The study aims to contribute to the abundance of high-
quality annotated training data in the Tamil palm-leaf inscription
domain. A new synthetic data pipeline for generating a diverse
range of representative damaged and intact images from an exist-
ing database of intact (pristine) Tamil-language palm-leaf records
labeled by the author as “ancient palm-leaf documents dataset”
[13] is described. The study creates multiple examples of differ-
ent types of damage to generate the synthetic image recordings of
instances, such as arbitrary (random) masking of text or regions
of image, linear structural cracks in text or image, and linear
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occlusion of text or areas of an image, through use of IMGS3
libraries with OpenCV and NumPy to simulate the augmented or
damaged image elements within each corresponding category of
recorded injury. General image augmentations include brightness
adjustment, rotation, and scaling, that are applied to all gen-
erated images using the imgaug library to increase the diversity
of the dataset. In conclusion, the combined effects of these pro-
cessing and synthetic image generation techniques create a large
quantity of high-quality annotated image pairs for developing and
testing advanced image-to-image translation models (e.g., mod-
els using transformer architectures [18]). The focus of the study is
on building and using example models built on the basis of using
transformer architectures for building structural repairs of dam-
aged content including the restoration of high-resolution images.
Notably, by leveraging both local and global features to restore
very high-resolution images, the architecture described is accom-
plished through integration of a transformer encoder with efficient
convolutional structures. Further described are the capabilities
of the above method for performing both reconstructive imag-
ing tasks (repaired) and inferring from damaged (occluded) input
images by producing accurate predictions about what the original
undamaged version would have looked like.

To reduce the issue of data sparsity while avoiding structural
hallucinations in fine text line shapes, structural priors are estab-
lished on top of existing structural priors using the ViT backbone
that has been pre-trained on the ImageNet 1K dataset. Ancient
manuscript images are converted into single-channel grayscale
arrays to reduce the effects of illumination and browning, and
thus, the typical three-channel RGB projection weights are down-
scaled through per-channel averaging. Additionally, the hidden
dimension of the multi-layer perceptron blocks within the four
custom encoder layers was explicitly matched to have the same
distribution as the core backbone. This allows the model to inherit
strong representations of directional line continuity when initial-
ized, thereby speeding up convergence times without disturbing
the transposed convolutional decoder that follows the model.

By developing a new and dependable pipeline for artificially
creating realistic, damaged Tamil palm-leaf images, we have effec-
tively overcome the major limitation brought on by the dearth of
real-world damaged datasets. This process has made it possible
to create a large and varied dataset of authentic and correspond-
ingly damaged images of Tamil palm-leaf manuscripts that are
crafted for DL models that are specifically intended for restora-
tion. The effectiveness of sophisticated image-to-image translation
models, more especially Transformer—-CNN models trained on
artificially generated data, for the accurate and automated digital
restoration of Tamil palm-leaf inscriptions is the final noteworthy
contribution. The summary of the literature review methods is in
Table 1.

3. Challenges in Manuscript Restoration

Restoring degraded historical manuscripts presents unique
and complex challenges that distinguish it from general image
restoration tasks.

3.1. Lack of labeled datasets

Data scarcity significantly affects the efficient training of
robust DL models, which need a large amount of annotated data
to learn complex degradation patterns that are associated with
restoration mappings. In palm-leaf manuscripts, there are few
high-quality, publicly accessible datasets. One of the few efforts
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Table 1
Overview of existing methods

Approach Contribution

Limitation

Traditional and early DL
CNN-based methods
GAN-based methods
Transformer models
Image translation models
Dataset-based approaches
Synthetic data methods

Basic restoration techniques
Local feature extraction

High perceptual quality
Global dependency modeling
Missing region reconstruction
Structured manuscript analysis

Data augmentation for training

Low robustness

Limited global context
Training instability

High computation
Requires paired data
Limited Tamil-specific data

Less realistic degradation

to fill the gap is the dataset, which provides layout annotations
for historical Indic manuscripts from various regions and degra-
dation types [17]. The difficulties of obtaining annotated data
for such delicate sources are highlighted by a similar attempt,
the HMPLMD dataset, which focuses on degraded Malay-
alam palm-leaf manuscripts and contains binarized ground-truth
images [19].

3.2. Variability in script and manuscript quality

The quality of the palm leaves and ink used, as well as
the ancient Tamil script, can vary among scribes and periods.
It becomes difficult for models to generalize across various tex-
tual styles and material conditions because of the inconsistency
introduced into the original data.

Ink bleeding, fading, discoloration, precise circular holes
made by pests (such as worm trails), extensive cracks, and other
highly specific and varied forms of degradation are all present
in Tamil palm-leaf manuscripts. Unlike other historical docu-
ment types, these particular and frequently localized damage
types call for specific handling and modeling techniques. Direct
manipulation and high-resolution scanning necessary for dataset
creation are restricted by the physical fragility and age of palm-
leaf manuscripts. Additionally, this limits the ability to obtain a
variety of real-world damaged samples without running the risk
of further degradation. It is frequently impossible to obtain exact
“ground truth,” that is, the original, undamaged content, for real-
world damaged manuscripts. Because of this, supervised learning
techniques are challenging to implement without depending on
laborious manual reconstruction or, as in this work, the cre-
ation of synthetic data [18], which must precisely replicate actual
damage. The intricate layouts and distortions present in actual
manuscripts, like those modeled by Palmira, a framework that
uses deformation-aware networks to segment and comprehend
dense, uneven structures in palm-leaf images [20], make these
challenges even more difficult.

Degradation usually impacts both the substrate and the ink,
and the text on palm-leaf manuscripts is frequently deeply embed-
ded within the material structure. For automated restoration,
distinguishing between real text and complicated background
noise or damage artifacts, particularly for characters that are par-
tially obscured or fragmented, remains a major challenge. The
need for sophisticated DL models that can identify intricate degra-
dation patterns from sparse or artificially generated data and
carry out reliable, context-aware restoration is highlighted by these
difficulties.

4. Materials and Methods

The suggested method makes use of a Transformer-CNN
model framework, which is specifically made like an MAE using
a ViT as the encoder and a lightweight CNN as the decoder. Data
preparation, model architecture, training strategy, and evaluation
make up the overall methodology.

4.1. Dataset description

The ancient palm-leaf documents dataset acquired from
Mendeley Data [21] is the source of the dataset used in this work.
The “.png,” “.jpg,” and “.jpeg” image files that represent different
kinds of manuscripts make up the majority of this dataset. A syn-
thetic degradation pipeline has been created to overcome the lack
of paired clean/degraded image data [18]. The ground truth is the
images from the original manuscript. To create correspondingly
deteriorated versions, a custom damage function is applied to
these original images. This feature mimics typical deteriorations
of manuscripts, as follows:

Occlusions/Masks—To mimic ink blots or missing pieces,
random rectangular regions are drawn in black (value 0) [22].

Cracks—Polylines are used to create irregular crack-like
patterns that resemble deep scratches or actual cracks on the
manuscript’s surface.

Lines—To mimic faint or dark lines that could arise from
physical damage or printing errors, horizontal and vertical lines
are drawn.

After being resized to 256 x 256 pixels, each original image
is put through this damage function.

Additionally, to improve the training data’s robustness and
diversity, a sophisticated augmentation pipeline utilizing the
“imgaug” library is used.

Geometric Conversions—To add variation in size and ori-
entation, rotation (between —10 and 10 degrees) and scaling
(between 0.9 and 1.1) are used.

Flipping—The dataset is further enhanced by horizontal
flips, which have a 50% probability.

Changes in Brightness—To replicate changes in lighting, pixel
values are multiplied by a factor ranging from 0.8 to 1.2. Each
original image is resized to 256 X 256 pixels and then subjected to
this damage function.

Multiple augmented damage and original pairs are created
for every original image, yielding more than 1000 training sam-
ples. The goal of this artificial dataset is to give the model enough
diversity to effectively learn how to restore different kinds of
degradation [23]. Figure 1 represents the flow diagram of the
proposed method.
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Figure 1
Block diagram for the proposed model
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Data Preprocessing

Data Augumentation

Synthetic Damaged
Dataset

It includes: Input Layer—Using a deteriorated manuscript
image.

Patch Embedding—Cereates a series of fixed-size patches from
the input image and embeds them linearly.

Masking Strategy—Before feeding the input patches to the
encoder, a significant portion of them is randomly masked.

ViT Encoder (Transformer-based)—Learns latent represen-
tations by processing the unmasked patches. It is made up of
several Transformer blocks that are frequently initialized with
weights that have already been trained [12].

Mask Token Insertion—Adds learnable mask tokens for the
masked patches, usually after the encoder, and then passes them
on to the decoder.

Lightweight CNN Decoder—Uses the mask tokens and the
latent representations of the visible patches to reconstruct the
original image. Convolutional layers are the main tool used in
this component for effective pixel-level reconstruction. The output
layer rebuilds the entire restored image.

4.2. Model architecture

A lightweight CNN for the decoder and MAE:s [13] and ViT
[5] for the encoder form the foundation of the Transformer—-CNN
model architecture [24].

ViT Encoder (Transformer-based)—The encoder takes a
subset of visible image patches.

Patch Embedding—Non-overlapping patches, such as
16 x 16 pixels, are created from input images (such as 256 x 256
grayscale). Every patch is projected into a higher-dimensional
embedding space in a linear fashion.

Positional Embeddings—To preserve spatial information,
which is essential for comprehending the spatial relationships
between patches, learnable positional embeddings are appended
to the patch embeddings.

Masking—Approximately 75% of the patches are randomly
masked out. The encoder receives only the unmasked patches. As
a result, the encoder must use insufficient data to create strong,
context-aware representations.

Transformer Blocks—The encoder is made up of multiple
layers of standard Transformer blocks [5], each of which has
a feed-forward network and a multi-head self-attention mecha-
nism. Remaining connections and layer normalization are used.
A global understanding of the image content is made possible
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Restored Image

by the model’s ability to recognize dependencies between various
visible patches thanks to the self-attention mechanism. For better
results on downstream tasks, the encoder can be initialized with
pre-trained weights (from ImageNet, for example).

Lightweight CNN Decoder—By transforming the high-level
latent representations from the encoder back into pixel space, the
decoder’s job is to reconstruct the original image, especially the
masked patches.

Input to Decoder—Together with learnable mask tokens for
the locations of the masked patches, the decoder is given the
encoded representations of the visible patches. To preserve spatial
context for reconstruction, positional embeddings are once more
added.

Convolutional Layers—The decoder uses a series of
lightweight convolutional layers rather than just Transformer
blocks. To improve the feature maps’ spatial resolution, a
sequence of upsampling techniques is usually used, such as trans-
posed convolutions or nearest neighbor interpolation followed
by standard convolutions. Standard 2D convolutional layers,
frequently paired with activation functions (such as ReLU or
LeakyReLU) and occasionally batch normalization, come after
each upsampling step. In order to produce fine-grained details in
the restored image, the convolutional layers excel at local feature
extraction and texture synthesis [1, 25].

Final Reconstruction—By processing the features through
these convolutional layers, the decoder gradually reconstructs the
entire image, ultimately generating an output with the same res-
olution as the original. The feature maps can be projected to the
required number of output channels (e.g., 1 for grayscale image
restoration) using a final 1 X 1 convolutional layer.

Reconstructing the pixel values of only the masked patches
would normally be the MAE training objective. This encourages
the encoder to learn high-level and meaningful representations
by concentrating on the relationships between unmasked patches.
The model would then be adjusted or trained directly to pro-
duce a clean version of the damaged input for image restoration.
Figure 2 represents the proposed architecture model.

4.3. Loss calculation

The Transformer—-CNN restoration model is trained by
minimizing a carefully chosen loss function that measures the dif-
ference between the ground truth (original clean image) and the



Journal of Computational and Cognitive Engineering Vol. 00

Iss. 00 2026

Figure 2
Proposed model architecture
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model’s output (restored image). Pixelwise losses and perception-
based losses are common loss functions for image restoration
tasks.

Pixelwise Losses—These losses make a direct comparison
between the restored image’s pixel values and the ground truth.

The weights of the combined loss function based on
the MAE loss were given a higher weight to give pixel-level recon-
struction accuracy more importance, and the perceptual loss was
given a lower weight to keep the visual realism. The ViT encoder
was started with pre-trained weights from the ImageNet dataset,
which made it converge faster and extract better features.

Mean Squared Error (MSE)/L2 Loss—The average of the
squared variations between matching pixels in the restored image
is determined by this loss (/) and the ground-truth image (7).

1 a2
Lyse = NZ (11' - 1;)
i=1

where N is the total number of pixels. Although MSE encourages
higher Peak Signal-to-Noise Ratio (PSNR) and is sensitive to large
errors, it can occasionally produce hazy results.

Mean Absolute Error (MAE)/L1 Loss—The average of the
absolute differences between corresponding pixels is determined
by this loss.

1 A
Lyag = NZ |I; - Tj
i=1

MAE is frequently used for image restoration because it is less
susceptible to outliers than MSE and frequently produces sharper
results.

Perceptual Loss—A higher-level loss that compares image
feature representations rather than just pixel values is called per-
ceptual loss [26]. It is calculated by running the ground-truth
and restored images through a deep CNN that has already been
trained (e.g., VGG19 [27]) and determining the L1 or L2 distance
between their feature maps at layers. Even though pixel-by-pixel
accuracy is marginally reduced, this aids the model in producing
visually appealing and perceptually more realistic results.

1 .
Lperceptual = EWM)](I) - ¢j (I) I%

where ¢ is the feature map extracted from the j-th layer of a pre-
trained network and C;, H;, W ; are the dimensions of that feature
map. The total loss function can be a combination of these, for
example:

Lipar = 0Ly + BLperceptual

Metrics for Evaluation—The restoration model’s performance is
evaluated quantitatively using common image quality metrics.

Peak Signal-to-Noise Ratio (PSNR)—A popular metric for
assessing an image’s reconstruction quality is PSNR. In general,
higher quality is indicated by a higher PSNR.

PSNR = 1010g10 (W

MAX?)
where MAX, is the maximum possible pixel value of the image
(e.g., 255 for 8-bit grayscale images).

Structural Similarity Index (SSIM)—By considering lumi-
nance, contrast, and structural information, SSIM calculates the
perceptual similarity between two images [28]. It has a range of
—1 to 1, where 1 denotes perfect similarity.

(ZHXM}’ + Cl)(Zny + CZ)
M+ 13+ Q) (% + 0} + )

SSIM (x, y) =

05
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where [, u, are the means, o, + o, are the standard deviations,
and oy, is the cross-covariance of images x and y. C; = (K \L)?
and C, = (K,L)? are small constants to avoid division by zero,

where L is the dynamic range of pixel values (e.g., 255).

5. Results

The suggested Transformer—CNN model’s quantitative and
qualitative outcomes for the digital restoration of damaged palm-
leaf manuscripts are shown in this section. A sample of the
difference between the damaged and restored image is shown in
Figure 3. A thorough evaluation of the model’s capabilities was
ensured by training and testing it on a synthetic dataset [29].

Figure 3
The difference between damaged and restored image
Damaged Palm Leaf Image
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5.1. Experimental setup

A dataset of more than 1000 artificially created image pairs,
taken from the ancient palm-leaf documents dataset [30], was
used for the experiments. A ratio of 80:10:10 was used to divide
the dataset into training, validation, and test sets. To comply
with standard ViT input specifications, all images were resized to
224 x 224 pixels. TensorFlow/Keras was used to implement the
model, and an NVIDIA Tesla T4 GPU was used for training. The
Adam optimizer was used to train for 50 epochs, resulting in an
average pixelwise accuracy and perceptual quality of all images
at test time. Therefore, both pixelwise accuracy results and per-
ceptual quality results were combined into one loss function and
weighed equally by the two groups to create a balance in the final
model loss across both components.

In order to determine if the proposed framework for large-
scale archival preservation will function efficiently in a real-world
operational environment, the execution speeds were extensively
benchmarked. The network achieves an average processing latency
of exactly 0.00832 s (i.e, 8.32 milliseconds) per manuscript
frame and approximately 120 frames per second (fps) for total
operational throughput when evaluated in an isolated graphics
processing unit (GPU) context via two hundred (200) continu-
ous inference loops with a baseline batch size of one (1). Thus,
this significant level of computational efficiency demonstrates that
although there is a great deal of depth associated with com-
bining structural self-attention encoders with high-dimensional
convolutional decoders, the architecture will readily meet real-
time processing requirements, thereby confirming that it meets the
needs of automated high-throughput hardware scanner pipelines.
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A batch size of 16 was utilized to train the model, using
an NVIDIA Tesla T4 GPU with approximately 2.2 h of train-
ing time, during which time the resulting model will restore
manuscript images to their original quality while still preserving
equal or near-equal quality restored from camera original scans
when evaluated using an average inference time of 0.85 s per
image.

Ligtas = 0.8Lyqr + 0~2Lperfeptual

5.2. Quantitative analysis

Using two popular image quality evaluation techniques,
PSNR and SSIM, the suggested Transformer—CNN model’s accu-
racy in restoring (i.e., denoising) images was numerically assessed
against their respective ground-truth images. In addition, the sug-
gested model was compared to a contemporary state-of-the-art
image denoising/restoration model based on CNN technology
known as Dn-CNN [19] for performance evaluation.

The data showed how well the suggested Transformer—CNN
model performed in restoring structures with linear cracks. Con-
textual information about images provides some assistance in
completing the missing parts of the image. However, due to the
short text regions around inscriptions (i.e., small occluded areas),
it is still very challenging to restore large occluded areas. The
results of this work demonstrate how effectively using a hybrid
architecture of Transformer—-CNN can restore both properly
structured and improperly structured areas within an image.

The Transformer—-CNN outperforms the Dn-CNN baseline
in terms of both PSNR and SSIM metrics, as indicated in Table 2.
While the higher SSIM implies that the model generates restora-
tions that are perceptually closer to the original, while preserving
better structural information, the higher PSNR value indicates a
better pixel-level fidelity to the ground truth. This illustrates how
well the hybrid architecture can manage intricate degradations
added to the synthetic dataset.

Table 2
Quantitative performance metrics of the proposed model on
the synthetic test set
Proposed
Metric ViT-CNN model Dn-CNN [19]
PSNR (dB) 29.85 Low
SSIM 0.887 Medium

5.3. Qualitative analysis

Looking at the pictures the model made, the images it
brought back show us what the model is able to do. The model’s
skill in fixing several sorts of damage, such as things covered up,
breaks, and scratches, while also making the Tamil writing read-
able and keeping every tiny detail, is proven by good samples of
what it gives as output. The proposed model effectively completed
the areas hidden by masks and removed the rough edges caused by
cracks, producing results that closely resemble the original images
[31]. The robustness of the model to restore more complex degra-
dations, such as overlapping lines and variable fading of ink, is
demonstrated.
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Comparison of the restored text with the degraded input
demonstrates how much more clearly defined the restored text
appears, and thus, the readability of the restored text has
improved significantly compared to the degraded input. There-
fore, these qualitative results confirm the effectiveness of the
Transformer—CNN process in digitally restoring damaged Tamil
palm-leaf manuscripts, which is also supported through the
quantitative results.

Transformer-based models, like Restormer, have shown
impressive results in image restoration tasks in addition to the
Dn-CNN baseline. Due to computational constraints, Restormer
implementation was outside the scope of this work.

5.4. Validation on real damaged palm-leaf
manuscripts

A preliminary evaluation was performed on the proposed
Transformer—-CNN framework to evaluate the practical use of
restoration algorithms for real-world images with degradation
patterns different from small sample sizes and based predom-
inantly on synthetic degradation. To achieve this end, real
damaged Tamil palm-leaf manuscripts were obtained from pub-
licly available archives and utilized for this evaluation. The selected
manuscript examples exhibited common patterns of degradation,
including faded ink, worm holes, surface cracks, edge erosion, and
localized occlusions. As ground-truth reference restorations were
unavailable, the restored outputs were qualitatively assessed based
on their readability compared to the original degraded images.

Visual evaluation revealed that the model produced sat-
isfactory restoration results, such as reconstructing partially
masked-out characters, reducing the number of discontinuities due
to cracks, improving the legibility of text, and maintaining the
overall integrity of the manuscript. The restoration quality was
most pronounced in areas exhibiting moderate degradation. In
contrast, a few severely degraded areas with missing portions (large
enough to be considered nonexistent) had less than satisfactory
(incomplete) restoration results. Overall, these findings support the
notion that the characteristics of degradation in synthetic images
are representative of real-world images, thus allowing for sound
generalization among the different types of images. Future work
will involve developing a larger benchmark dataset of damaged
manuscripts with expert annotations for quantitative evaluation.

6. Discussion

The experimental findings show how well the sug-
gested Transformer—-CNN model restores damaged palm-leaf
manuscripts. The benefits of the hybrid architecture are demon-
strated by better performance in both PSNR and SSIM
metrics when compared to the baseline Dn-CNN model. Several
important factors contributed to this success.

The degraded images’ context and global dependencies are
successfully captured by the ViT encoder. Long-range rela-
tionships, which are crucial when significant sections of the
manuscript are damaged or obscured, are frequently difficult for
traditional CNNs to handle. Widespread cracks, large occlusions,
and ink fading across the manuscript are all handled by the
ViT’s self-attention mechanism, which enables the model to see
the entire image and infer missing content based on distant but
related pixels. A fundamental challenge in image restoration is
enabling the encoder to learn strong, high-level representations
from imperfect visual information, which is further addressed by
incorporating MAE principles during training.

Using a lightweight CNN decoder to enhance the ViT
encoder allows for excellent pixel reconstruction on a local and
fine-scale level [32]. Depending on how much information is avail-
able, the ViT allows for a global view of an image; however, a
CNN decoder will provide local high-resolution details, sharpen
text, and ensure a smooth transition between the restored areas
and the rest of the image. In this way, CNNs are used for precise
pixel generation, and Transformers are used for global consistency
and semantic understanding.

The efficiency of the model’s para-synthetic data generation
system has been one of the main reasons for its success. By con-
structing an extensive and varied set of degraded-clean image
pairs, we have addressed the severe shortfall of annotated histori-
cal manuscript examples from the real world [33, 34]. As well, the
broad spectrum of realistic damage patterns that were provided
during training allowed the model to develop improved general-
ization ability. This was achieved using various methods to apply
a greater range of degradations programmatically (using masks,
crack lines, etc.) along with a large number of data augmentation
techniques (rotation, scale changes, increased/decreased bright-
ness, etc.). Because synthetic data cannot completely represent
everything that happens to a document in reality, but rather only
to a certain level, the quality of restoration produced demon-
strated that an entire simulation-based approach to generating
images provided enough realistic characteristics for the model to
have trained well enough to be successful.

Though the benefits of synthetic data far outweigh their neg-
atives, there are still areas for improvement in relation to synthetic
data’s realism. For instance, there is potential for improvement in
the level of realism in synthetic data by adding a wider variety of
settings and irregular or random patterns for degradation, possi-
bly derived from generative modeling on a corpus of degrading,
real-world images. Synthetic data generation makes it possible to
train the model at scale and simulate degradation; however, it
may not fully capture the complex aging patterns observed in real
manuscripts. It may not fully show the complicated aging patterns
seen in real manuscripts. There is a gap between synthetic and real
degradation patterns because of differences in how ink spreads
and how it damages living things. When compared to CNN-based
methods, the computational cost of Transformer models is still
high, despite being reduced by the lightweight decoder [35]. Future
studies could investigate knowledge distillation methods or more
effective Transformer architectures to implement these models in
environments with limited resources. Furthermore, even though
the model works well with synthetic data, to determine its true
generalization capabilities and spot any biases brought about by
synthetic data, validation on a wide range of real-world, severely
degraded palm-leaf manuscripts would be necessary.

For this research, we compared the patterns of the damages
observed in the real degraded Tamil palm-leaf manuscripts with
the patterns observed in the simulated degradations. The simu-
lated damages that we considered in the experiments are similar to
the damages that occur in real-world palm-leaf manuscripts, such
as the occurrence of worm holes, erosion of the ink, and break-
ing of the manuscript. Moreover, a small number of real-world
degraded manuscript images were considered for the purpose of
a qualitative evaluation of the model, which indicated that the
model generalizes real-world degradations with sufficient accu-
racy. The next step in the research is to prepare a larger set of
data using real-world degradations.

In future research, lightweight optimization approaches
(knowledge distillation, model pruning, and effective transformer
architecture designs (such as MobileViT or Swin-Tiny)) could
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help decrease computational complexity, thereby allowing for
the deployment of the restoration model when resources are
constrained [36].

Downstream activities, including optical character recogni-
tion (OCR), will be more efficient in OCR systems due to the use
of the restored manuscript images to aid in locating and separat-
ing old Tamil characters. OCR systems will have a better view of
the characters and create a lower noise signal. The solution pro-
posed here may be used as the first step in the process of digitizing
manuscripts using an automated manuscript digitization pipeline.

This work has important implications for the future of
manuscript preservation. High-quality digital restoration of
manuscripts will facilitate their scholarly analysis, preservation,
and possibly allow for historical manuscripts to be recognized by
an improved OCR system.

7. Conclusion

The current research has developed a new way for restor-
ing damaged palm-leaf manuscripts written in classical Tamil by
combining the Transformer and CNN methodologies into one
combined methodology called the Transformer-CNN method.
The Transformer—CNN combines the use of locally reconstruct-
ing damaged pixels (using pixels from the damaged manuscript)
with the usage of the whole manuscript (through using the whole
manuscript) by using a lightweight CNN for decoding and a ViT
for encoding as part of the autoencoding process, resulting in a
very effective solution with a very low requirement for compu-
tational power. Another important contribution of this research
is the establishment of a reliable and scalable pipeline by which
to create synthetic data to develop a training dataset for the
proposed method. By programmatically generating a variety of
realistic damage patterns on pristine images, this pipeline suc-
cessfully addresses the critical shortage of annotated real-world
degraded manuscript data. The numbers from testing show that
the model we propose gets a PSNR of 29.85 dB and an SSIM of
0.887 when tried on the made-up test set, a really good jump up
from simpler methods such as Dn-CNN. Looking at the results,
the model makes outputs that are very easy to read and look
good, as it correctly puts back hidden text, deals with splits,
and gets rid of all sorts of damage. Because of the need for
manuscripts to be historically correct, carefulness is needed when
digitally fixing old cultural items. Systems that do this automat-
ically shouldn’t change the original text too much. To be certain
that restoration work doesn’t fail to understand the past and what
the manuscripts are, it’s necessary to collaborate with those who
know the history and people who are good at cultural things. The
work presented here sets up a novel, automatic method to con-
serve cultural property using computer vision. The investigation
is going to concentrate on making simulated decay look more
truthful, checking out more involved transformer designs and loss
systems, and judging how well the model performs on palm-leaf
writings that are more like those found in genuine, worsening
condition, so the model can be employed in real situations.
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