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Degraded Document Binarization

by Miriyala Ajith

In this study, I explored degraded document binarization by reviewing two re-
cent model frameworks and implementing their models using PyTorch. The first
model is based on cGANs, specifically the DE-GAN [41] framework, which en-
hances degraded documents by restoring their quality prior to binarization. The
second model employs vision transformers [40], inspired by the DocBinFormer
architecture, which uses an autoencoder in both the encoder and decoder for
effective binarization. Both models were evaluated on the ISI-Bengali dataset.
Experimental results demonstrate that DE-GAN improved document quality
by 4% compared to the degraded input, while the vision transformer model
achieved a 14% improvement, highlighting the effectiveness of transformer-based
approaches for document enhancement and binarization.
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Chapter 1

Introduction

Document enhancement has become a vital area in computer vision, aiming
to make scanned or photographed documents more readable and suitable for
automated processing. Significant advancements have occurred in this field,
driven by the emergence of deep learning techniques and the increased accessi-
bility of publicly available datasets, many real-world documents—particularly
historical ones—continue to pose significant challenges due to various forms of
degradation.

This issue is especially relevant for Historical manuscripts, which are valuable
cultural assets of respective nations. Over time, poor preservation conditions
have led to physical damage such as faded ink, stains, folds, and general wear. In
many cases, the digitization of these documents using handheld devices or low-
quality scanners introduces further issues like motion blur, uneven illumination,
and perspective distortion. Additional elements such as handwritten notes,
stamps, or watermarks often overlap with the main text, making the original
content difficult to extract—especially when the interfering mark is similar in
tone to the text itself.

Such degraded documents are not only hard to read but also impede tasks like
OCR, text recognition, and digital archiving. Without enhancement, much of
the historical information they contain remains inaccessible. Therefore, im-
proving the visual quality of these documents is essential to support accurate
machine interpretation and long-term preservation.

DE-GAN is a document enhancement framework based on generative adversar-
ial networks. DE-GAN is specifically designed to address multiple degradation
types in historical documents, including binarization, deblurring, and removal
of overlays like watermarks. By enhancing visual clarity, our method facil-
itates better interpretation and digitization of heritage scripts, especially in
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low-resource languages.

1.1 Image Binarization

Converting images to binary form is fundamental in image analysis tasks, par-
ticularly for extracting text [12, 33, 28] or segmenting document and medical
images [18, 2]. . It’s especially important in document image processing, where
it’s used for tasks like text recognition, segmentation, morphological processing,
and feature extraction [15, 32, 24, 30]. It is the primary step in systems for doc-
ument analysis or OCR, and how well it’s done can strongly affect the accuracy
of everything that follows, including character segmentation and recognition.

At its core, binarization helps separate the important parts of an image—like
text—from the background. This usually involves turning a grayscale image
into one made up of just black and white pixels.

1.2 Traditional methods and its Limitations

Global Thresholding Description: Applies a single threshold value to the entire
image. Pixels above the threshold are set to one class (e.g., white), and those
below are set to another (e.g., black).

Example: Otsu’s method automatically selects an optimal global threshold by
maximizing inter-class variance.

Limitation: Fails in images with uneven lighting or background variation.

Adaptive (Local) Thresholding Description: Computes thresholds for smaller
regions of the image based on local statistics like mean or median.

Example: Niblack’s and Sauvola’s methods.

Limitation: Sensitive to window size; performance may degrade with extreme
noise or texture.

Edge-Based Methods Description: Use edge detectors (like Sobel, Canny) to
identify transitions in intensity, and then use edge information to segment the
image.

Limitation: Not robust when edges are weak or the image has low contrast.

Histogram-Based Methods Description: Analyze the histogram of pixel intensi-
ties to find peaks or valleys that serve as potential thresholds.
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Limitation: Assumes the histogram has well-separated peaks, which is not al-
ways true in complex or degraded images.

1.3 Deep Learning Evolution

Given the shortcomings of conventional binarization techniques, the research
community has embraced deep learning models, such as CNN [25, 23, 39, 16]
and GANs[14, 34], which have demonstrated superior performance in handling
diverse document degradations."

1.3.1 GAN’s

GANs consist of two competing networks: a generator that creates synthetic
images and a discriminator that evaluates their authenticity. Through this
adversarial process, the generator learns to produce highly realistic outputs,
making GANs particularly effective for enhancing degraded images

1.3.2 Leveraging GANs for Image Restoration Tasks

Recent breakthroughs in deep learning have dramatically improved our abil-
ity to generate and restore images, particularly in natural image processing.
Techniques such as autoencoders, VAEs, and GANs have proven effective in
handling tasks such as filling in missing image data, removing noise, and trans-
ferring styles. Among these, Generative Adversarial Networks excel at capturing
intricate data structures, enabling them to generate highly realistic images that
showcase remarkable detail and diversity.

While GANs have gained traction in general image domains, their use in docu-
ment analysis has remained fairly limited. So far, they’ve mostly been explored
in specialized tasks like font translation, handwriting synthesis, or cleaning up
musical scores. However, considering that documents often face specific forms
of degradation—such as stains, noise, watermarks, and blur—GANs have the
potential to make a real impact in enhancing and restoring them.

Conditional GANs (cGANs), a variant of GANs that generates output based
on an input image, are especially powerful for tasks that involve translating
one type of image into another—like turning sketches into photos or black-
and-white images into color. Document enhancement follows a similar pattern:
starting with a degraded document image and aiming to produce a cleaner, more
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readable version that retains the original text. This makes cGANs a natural fit
for the problem.

Building on this insight, we introduce DE-GAN, a GAN-based framework specif-
ically designed for improving degraded historical documents. Our model frames
the problem as a conditional image translation task, targeting multiple types of
damage—such as blur, stains, and watermarks—while ensuring that the textual
content remains intact. Unlike many conventional methods that tackle only one
type of distortion at a time, DE-GAN is built to handle several challenges si-
multaneously, making it a robust solution for real-world document restoration
and digital archiving efforts.

1.3.3 Vision Transformers

Vision Transformers (ViTs) are a modern approach in computer vision that
takes inspiration from models originally built for language tasks. Instead of
analyzing images with traditional convolution layers, ViTs cut images into small,
equally sized sections called patches. Each patch is then processed in sequence,
similar to how words are handled in a sentence. This lets the model understand
both the overall structure and the details of an image.

Since their debut in 2020, Vision Transformers have shown that they can match
or even outperform classic convolutional models, especially when given enough
data to learn from. They’re not just limited to classifying images—they’ve also
been adapted for tasks like finding objects within images and dividing images
into meaningful regions. While ViTs tend to require more data and computing
power than older methods, recent advancements are making them more efficient
and suitable for smaller projects as well.

1.3.4 Leveraging ViT’s for Image Restoration Tasks

Transformers have recently made a big impact in Natural Language Process-
ing (NLP) [42, 7], and this success has sparked growing interest in using them
for computer vision tasks as well. They’ve shown promise in areas like im-
age recognition [9],object detection [5], visual question answering [4], and even
handwritten text recognition (HTR)[37].

The self-attention mechanism introduced in [42] allows models to effectively
learn long-range dependencies by capturing global context.For image restora-
tion tasks, combining local image features with a global spatial understanding
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significantly boosts performance. Local details are usually encoded within in-
dividual patches, while global structure emerges from their redundancy across
the image [6].

We use ViTs in our proposed baseline model because they can restore missing
or degraded patches in document images by leveraging nearby patches through
multi-head self-attention, enabling strong pairwise global reasoning. Addition-
ally, ViTs are integrated into an encoder-decoder structure inspired by denoising
autoencoders [43], where the encoder maps degraded patches into latent repre-
sentations.

In Chapter 2 and 3, we will discuss two models in detail, including their imple-
mentation, experiments, results and future work.

1.4 Evaluation Metrics

To assess the quality of the binarized document images, we employ three widely
used Optical Character Recognition (OCR)-based evaluation metrics: Sequence
Similarity, Character Error Rate (CER), and Word Error Rate (WER). These
metrics evaluate how accurately the text in the binarized images can be recog-
nized by an OCR engine when compared with the ground truth text.

Sequence Similarity. Sequence similarity measures the textual closeness be-
tween the OCR output of the binarized image and the corresponding ground
truth transcription. It is often calculated using the Ratcliff/Obershelp algo-
rithm [35], which finds the longest contiguous matching subsequences between
two strings. A higher sequence similarity score indicates better preservation of
text after binarization.

Character Error Rate (CER). CER is defined as the ratio of the number
of character-level errors (insertions, deletions, substitutions) to the total num-
ber of characters in the ground truth. It is computed using the Levenshtein
distance [26] and is widely adopted for evaluating character-level accuracy in
OCR systems [38]. A lower CER indicates better fidelity to the original text.

Word Error Rate (WER). WER is similar to CER but operates at the word
level. It is calculated as the number of word-level errors (insertions, deletions,
substitutions) divided by the total number of words in the ground truth. WER is
crucial for applications where the correctness of entire words is more meaningful
than individual characters [31].
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These metrics provide a comprehensive evaluation of the textual accuracy of
the binarized images, reflecting how well the restored documents preserve the
original content.

Sequence Similarity Improvement is computed as the difference between
the sequence similarity of the degraded image and the predicted output, and
the sequence similarity of the degraded image and the ground truth. Mathe-
matically,

Improvement = SequenceSim(Degraded, Predicted) - SequenceSim(Degraded,
Ground Truth)
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Chapter 2

DEGAN:

2.1 Introduction

The core idea is to enhance and convert these noisy inputs into clean, binary
outputs using a generator-discriminator framework.

The generator in our model follows a U-Net architecture, which is well-suited
for pixel-wise image translation tasks. It takes in a grayscale document image
and attempts to generate a binarized version that closely resembles. During
training, we divide the input images into patches and process them in batches.

The generated output is then evaluated by the discriminator, which is built
using fully convolutional layers. Instead of producing a single real/fake score,
the discriminator outputs a 16×16 probability matrix, providing a finer, patch-
level assessment of realism.

At inference time, only the generator is used and It is trained by combining
adversarial loss for GAN and content loss for ensuring the similarity with ground
truth. It uses DIBCO datasets for Traning and ISI Bengali dataset for Testing
which contain a variety of challenging document images. ISI bengali dataset
has only ground truth text, allowing us to go beyond visual evaluation. We
used Tesseract OCR to extract text from the generated binarized images and
assessed the results.

2.2 Related works

On image generation and restoration tasks already these Deep learning models
showed great results, such as deep convolutional models—such as autoencoders
and variational autoencoders (VAEs)—have shown strong capabilities in recov-
ering and enhancing visual data [29, 8, 20]. However, Generative Adversarial
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Networks (GANs) have taken things a step further. Thanks to their unique
training framework, GANs are now widely regarded as one of the most effective
tools for producing high-quality, realistic images with impressive variation and
consistency [17, 19].

Since their introduction by Goodfellow et al. [14], GANs have gained con-
siderable attention for their ability to model complex, high-dimensional data.
They’re especially valued for tasks like filling in missing content and dealing
with diverse or ambiguous outputs. Despite this success, their adoption in the
document analysis community has been relatively slow. That said, recent ef-
forts have begun to explore their potential in exciting ways—like translating
between different fonts [3], profiling handwriting styles [13], or even removing
staff lines from sheet music [22]. These early results suggest that GANs could
play a much bigger role in document image processing than they currently do.

2.3 DE-GAN Framework

2.3.1 Problem Formulation

This work aims to address the challenge of document image degradation by
training a model that can transform a degraded image as input into clean binary
images as output using a generator.

2.3.2 Network Architecture

Generator

This follows U net architecture along with skip connections to avoid exploding
or vanishing gradient.

Input: Degraded document patch (size: 256×256 pixels).

Output: Clean binarized patch of the same size

Discriminator

A fully convolutional network that receives both the degraded input and the
generated (or ground truth) binary output which concatnate both images and
generates a probability matrix of size of 16 * 16 which indicates the similar-
ity. It guides the generator through loss function to produce outputs that are
indistinguishable from the real binarized images.
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Figure 2.1: Generator: U-net architecture [36].

2.3.3 Loss Functions

LGAN(φG, φD) = EIW ,IGT

[
logDφD

(IW , IGT )
]
+EIW

[
log

(
1−DφD

(IW , GφG
(IW ))

)]
Llog(φG) = EIGT ,IW

[
−IGT log(GφG

(IW )) + (1− IGT ) log(1−GφG
(IW ))

]
Lnet(φG, φD) = minφG

maxφD
LGAN(φG, φD) + λLlog(φG)

Notation:

• IW : Degraded document image (input to the generator)

• IGT : Clean binary image (ground truth)

• GφG
: Generator network with parameters φG

• DφD
: Discriminator network with parameters φD

• LGAN : Adversarial loss between generator and discriminator

• Llog: Binary cross-entropy loss between prediction and ground truth

• Lnet: Total objective combining adversarial and pixel-level losses

• λ: Weighting factor to balance the two losses (set to 500 for binarization)

2.3.4 Preprocessing

For effective training of the DE-GAN model, we utilized all available DIBCO
datasets, which are widely recognized benchmarks for document binarization
research. Given the limited number of images in these datasets (a total of 80
images), we adopted a patch-based approach to significantly expand our training
data and ensure robust learning.
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Figure 2.2: Discriminator

Patches of size 256×256 are extracted from the images using an overlapping
stride of 192, resulting in the formation of multiple overlapping patches.

This overlap allows the model to see each part of the document in multiple con-
texts, improving its ability to generalize and handle local degradations. Through
this process, we generated a total of 6,084 patches from the 80 images, providing
a much larger and more diverse set of training samples for the GAN. This strat-
egy is consistent with prior work, where patch extraction and data augmentation
are crucial for training deep learning models on small document datasets.

2.3.5 Training

Patches from preprocessing go through the generator in batches. which learns
to produce binarized outputs from degraded inputs using backpropagation. It
is optimized using the Adam optimizer with a learning rate of 0.0001 to
ensure stable convergence.

The discriminator uses mean square error to differ between ground truth and
predicted image.

After Training, Only Generator will used for Testing.
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Chapter 3

Doc-EnTr

3.1 Overview

Document images often suffer from various forms of degradation, such as noise,
blur, and faded text, which significantly hinder their recognition and processing.
In today’s era of digitization,removing these noises from the images is Crucial
for OCR, document archiving, and retrieval. We present a new end-to-end
encoder-decoder model that relies solely on Vision Transformers (ViTs), aimed
at improving the clarity of both machine-printed and handwritten document
images.

Instead of relying on traditional convolutional methods, our encoder transforms
image patches into token representations. These tokens are then combined with
positional embeddings to preserve global and spatial information. The decoder
subsequently reconstructs the image from this learned latent representation.
Our architecture features an auto-scalable encoder and decoder design, provid-
ing flexibility and adaptability based on the task complexity.

We also explored multiple patch sizes—8×8, 64×64, and 128×128 and multiple
variants of the models interms of Number of Layers, Number of Attention heads.
It showed superior results on DIBCO Datasets. we tested on our ISI-Bengali
dataset which gave improved results compared to DE-GAN.

3.2 Related works

In recent years, transformer architectures have demonstrated remarkable per-
formance in natural language processing (NLP), surpassing traditional models
like LSTMs [42, 7]. This success has sparked growing interest in extending
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transformer models to the field of computer vision, where they have shown im-
pressive results in image classification [10], object detection [5], and visually-rich
document understanding [44, 1, 27].

Specifically relevant to this work, transformers have also been applied to nat-
ural image restoration [21] and document image dewarping [11]. However, a
common limitation of most existing approaches is their dependency on convo-
lutional neural networks (CNNs), either as feature extractors before applying
transformers or for reconstructing the output images. In contrast, the architec-
ture proposed in this paper takes a more radical and fully transformer-based
approach. It operates directly on image patches using self-attention for both
encoding and decoding, completely removing any convolutional components.

3.3 Model Architecture

3.3.1 Encoder-Decoder Transformer

Encoder: The encoder in DocEnTr operates directly on non-overlapping image
patches. Each input patch is flattened and embedded with positional informa-
tion. Unlike CNNs, the encoder does not use any convolutional layers; instead,
it applies multiple layers of self-attention to model global dependencies among
patches.

Decoder:

The decoder takes the encoded patch information and reconstructs the improved
(binarized) image. This setup helps the model recover both small details and
the overall layout of the document, which plays a key role in making the content
clearer and easier to read.

3.3.2 Key Features

Pure transformer-based architecture: No convolutional layers are used in the
main pipeline. Flexible for both printed and handwritten documents.

3.3.3 Loss Functions

It is trained using the Mean Squared Error (MSE) loss between the input and
output.



Chapter 3. Doc-EnTr 13

Figure 3.1: Trans-Architecture

3.3.4 Data Preparation and Training

Images are divided into patches (commonly 256×256 pixels for training), and
further split into smaller transformer patches (e.g., 16×16). Input image:
256*256*3 datasets : model uses all DIBCO’s and PALM for training. we
tried with different patch sizes such as 8*8 and 16*16 with different image sizes
of 256*256 and 512*512.
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Chapter 4

Experiments

Figure 4.1: Comparison of degraded and clean images using
GAN. The degradations are effectively removed due to skip con-

nections in encoder and decoder.
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Figure 4.2: Comparison of degraded and clean images using a
Transformer-based model. The architecture effectively restores
the degraded inputs to cleaner versions using the attention mech-

anism
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Chapter 5

Results

5.1 Results for GAN

Table 5.1: OCR Evaluation on Bengali Dataset using GAN

Dataset SS improvement(%) CER (%) WER (%)
ISI Bengali Dataset 3.95 0.48 0.87

5.2 Results for Transformer

Table 5.2: OCR Evaluation on Bengali Dataset using Trans-
former

Dataset SS improvement (%) CER (%) WER (%)
ISI Bengali Dataset 13.99 0.31 0.67

5.3 Usage and Implementation Details

These two models are implemented using the official PyTorch framework, and
training was conducted on a NVIDIA Titan XP (12 GB RAM) GPU with
CUDA version 12.7.

The implementation, along with training and inference scripts, is available at
github.com/ajithhtija, enabling easy experimentation and evaluation on custom
datasets.

https://github.com/ajithhtija
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Chapter 6

Future Work

6.1 Utilizing GANs

Although there is a noticeable improvement in sequence similarity after binariza-
tion, the gain is relatively modest—only about 4% compared to the degraded
input. To enhance this further, spatial attention can be integrated into the
U-Net architecture within the generator. Future work could explore alterna-
tive architectures such as autoencoders or transformers to potentially achieve
greater improvements in performance.

6.2 Utilizing Transformers

• Broader Degradation Handling: Future research can extend the model
to address a wider range of document degradations, such as blurring, shad-
ows, geometric distortions, and stains, to make the enhancement process
more comprehensive.

• Self-Supervised Learning: Incorporating self-supervised or unsuper-
vised learning strategies could enable the model to leverage large collec-
tions of unlabeled document images, reducing the reliance on annotated
data and potentially improving generalization.

• Efficiency and Scalability: Optimizing the architecture for faster in-
ference and lower memory usage would make DocEnTr more practical for
large-scale or real-time document processing applications.
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