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Abstract-Document images obtained from bound or folded documents mainly undergo a specific 

image degradation known as document warping, making it difficult to read and significantly diminish 

the performance of an Optical Character Recognition (OCR) system. This paper attempts to develop a 

comprehensive framework for dewarping and restoring highly distorted document images using the 

Retinex theory and Generative Adversarial Networks (GANs). To the best of our knowledge, we 

could not find much research conducted on this topic using Retinex and GANs for ensembling. It is 

observed that the proposed method can perform better in tasks, like illumination correction, 

binarization, edge detection, and dewarping in order to reconstruct an improved version of the 

distorted text. Further, to demonstrate efficacy of the method in restoring distorted text lines in 

document images against their original state, we compare it to state-of-the-art algorithms on the 

widely-used CBDAR 2007 and personal dataset. With SSIM of 0.83 and PSNR of 65.21dB, the 

proposed approach is found better at dewarping highly distorted English document images. The 

results on a wide range of distorted document images show that the proposed methodology can be 

extended to address other document enhancing tasks. 
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1. INTRODUCTION  

Optical Character Recognition (OCR) 

technology has made significant strides in 

recent years, enabling the automation of 

document processing by converting documents 

into formats that computer systems can 

understand. The rapid advancement in this 

field can be attributed to the proliferation of 

public databases, which have facilitated the 

development of more robust and accurate OCR 

systems [1-3]. However, the presence of 

distortions, such as warping, folding, or 

damage caused by use, poses challenges to the 

reliability of day to day OCR technology. 

Additionally, inadequate scanning conditions, 

such as those encountered when using 

smartphone cameras, can further degrade 

document quality, leading to issues such as 

shadows, blurs, and variations in lighting 

conditions.  

Document image restoration is a 

crucial task in computer vision and image 

processing. As document images are often 

subject to various forms of degradation [4,5], 

it is essential to develop effective methods to 

restore them and improve the accuracy and 

reliability of document analysis and 

processing. Existing techniques, however, are 

limited in their applicability, as they depend on 

specific hardware, environmental factors, or 

assumptions. In addition, the presence of 

stampings, cartoons, and annotations on some 

papers make the recovery process extremely 

difficult. Few instances of documents with 

varying degrees of distortion are shown in 

figure 1. When such input documents are 

subjected to OCR, the performance of OCR 

system drops considerably, and such degraded 

documents require an enhancement technique 

to improve the quality of input image. This 

requirement has motivated us to investigate an 

approach to enhance the quality of input image 

and make it more suitable for OCR system. 

 

Figure 1: Document images with varying 

degrees of distortion 
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Dewarping is an essential pre-

processing step in document analysis and 

OCR systems, as it rectifies the geometric 

distortions introduced in the document 

images due to factors like folding, binding, 

crumpling, or camera lens distortions. To 

address the challenges in document 

warping, a new framework is proposed 

that combines Retinex theory [11], and 

Generative Adversarial Networks 

(GANs)[22]. The framework uses Multi-

Scale Retinex theory to enhance poorly 

exposed images and the application of 

Contrast Limited Adaptive Histogram 

Equalization (CLAHE) for image 

enhancement. Retinex is an image 

enhancement technique originally 

developed for improving the visual quality 

of images by addressing issues related to 

illumination and reflectance. In the context 

of OCR document dewarping, Retinex can 

provide certain advantages, which are 

discussed subsequently. 

Retinex enhances the local contrast 

of an image by normalizing the 

illumination levels, resulting in improved 

contrast and visibility of textual content in 

document images, particularly when the 

original image suffers from uneven 

lighting conditions or low contrast. 

Moreover, it is capable of adapting to 

various illumination conditions, making it 

suitable for processing document images 

with diverse lighting scenarios. This 

adaptability enables OCR systems to 

handle a wide range of document images 

with different levels of distortion and 

lighting conditions, ensuring more 

accurate and reliable text recognition 

across various contexts. 

Incorporating Retinex in document 

dewarping process contributes to enhance 

the image quality and improves OCR 

performance through overcoming issues 

related to illumination, contrast, and noise. 

Convolutional networks are then employed 

to fix enhanced documents, with GAN 

outputs for pixel-displacement decoding 

and foreground/background segmentation. 

The proposed model regulates the 

smoothness of displacements, resulting in 

an effective method to fix distorted 

document images. This approach offers an 

effective method for restoring distorted 

document images, and overcoming the 

limitations of traditional techniques. 

This work is organized into five 

sections. In section 1, the introduction to 

the study is highlighted. Section 2 is on 

related works on document image 

dewarping. The core methodology is 

presented in Section 3. In section 4, the 

results of the experiments are discussed. 

Section 5, concludes the work with scope 

for future avenues. 

 

2. RELATED WORKS 

In this section, the highlights of the 

traditional and machine learning-based 

approaches on document image dewarping 

are discussed. Traditional techniques hinge 

on auxiliary hardware, distinct features, or 

visual representations for estimating the 

3D shape of documents within images, 

which unfortunately curtails their 

practicality in the face of hardware 

restrictions[6-9]. These traditional methods 

rely heavily on specific visual cues, 

creating a limiting factor in their overall 

utility. On the contrary, certain methods 

offer an avenue for simplifying the 

reconstruction process, reducing the 

complexity by confining the exposure 

area[10,11]. Thus, providing a workaround 

to the limitations imposed by the 

traditional methodologies.  

2.1    Poorly illuminated image recovery 

and binarization 

Document images obtained mainly 

from cameras are with poor illumination 
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and normally require enhancement of 

images. Enhancement of such documents 

use thresholding-based document 

binarization methods [12 - 16] and are 

designed with the appropriate global 

threshold as filters. Pixels are assigned to 

either the text or the degradation based on 

the values of the thresholds. Moghaddam 

and Cheriet[17,18]suggested a variational 

model to fix bleed-through in deteriorated 

two-sided document images. This method 

was also used for the problem of scene text 

binarization [19]. Similarly, Xiong et 

al.[20] used a mathematical morphological 

approach to estimate the background and 

remove it from the image. After the 

document image has been enhanced, 

Laplacian energy-based segmentation is 

used to assign classes to the individual 

pixels. The major shortcoming of these 

traditional approaches is that their results 

are highly conditional and cannot be 

extended for general cases. For instance, 

background complexity or uneven 

brightness were two such common causes 

for failure. 

These studies were focused on 

restoring warped document images, rather 

than converting them into binary format. 

However, to assess their effectiveness, 

relevant literatures employed deep learning 

solutions for document image restoration. 

 

2.2 Generative Adversarial Networks 

approaches to dewarped images 

The proliferation of vast datasets 

has paved the way for numerous deep 

learning models, such as ResNet50 and 

VGG19 [21-22]. One notable model, 

Generative Adversarial Networks (GANs), 

was initially proposed by Goodfellow et al. 

[23] and has attracted substantial research 

interest for various image enhancement 

and image-to-image transformation 

applications. In studies [24-25], GANs 

were utilized to refine the semantic 

segmentation of distorted documents. For 

image super-resolution, Ledig et al. [26] 

presented SRGAN, a conditional GAN 

capable of producing near-photorealistic 

reconstructions even at exceptionally high 

upscaling factors. CycleGAN, introduced 

in [27], addresses multiple image-to-image 

translation tasks involving imperfect data. 

The "pix2pix-HD" model, featured in [28], 

focuses on high-resolution photorealistic 

image-to-image translation tasks, such as 

2048x1024. Additionally, the authors in 

[29] developed an unsupervised image 

translation technique using a "DualGAN", 

which consists of two GANs trained 

concurrently. These developments 

highlight the adaptability and potential of 

GANs in tackling a wide array of image 

processing challenges. However, it does 

not thoroughly detail the architecture, the 

number of layers and the size of images 

present in the dataset. Further, there is no 

mention about potential challenges of 

employing GANs to an unseen data, an 

approach that would ensure model 

generalization. 

2.3 Deep learning-based dewarping 

rectification techniques 

Leveraging a convolutional neural 

network (CNN), Das et al. [30] developed 

a method for detecting page creases, 

subsequently dividing them into blocks for 

correction. To address document distortion 

and camera tilt, Xing et al. [31] employed 

a CNN-based approach. Ramanna et al. 

[32] used a conditional GAN (cGAN) 

trained on a pix2pix-HD network [27] to 

correct document images affected by 

curling or geometric distortion. However, 

this technique was primarily effective for 

minor deformations and images with a 

solid color background. Ma et al. [33] 

introduced a stacked U-Net for predicting 

forward mapping for warping, trained from 
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scratch. However, due to the significant 

differences in their contributed dataset 

from other heterogeneous datasets, the 

model performed poorly on unseen 

images. To overcome the limitations of 

synthetic dataset training, Das et al. [34] 

utilized real-world documents and 

rendering software that encompassed 

various types of document image ground 

truth, ultimately proposing dewarping and 

refinement networks to rectify geometric 

and shading errors in document images. To 

capture the realistic intricacies of distorted 

document images, Li et al. [35] generated 

a training dataset in 3D space and 

processed it using a rendering engine. 

More recently, Rahman et al. [36] 

suggested the application of Retinex 

theory to enhance illumination in 

underexposed images. These 

advancements demonstrate deep learning 

techniques' continuous evolution and 

potential for document image dewarping 

and enhancement. 

Although attempts have been made 

using specific examples of deep learning 

methods for document dewarping, the 

limitations of these techniques are only 

briefly discussed. For instance, the 

technique proposed by Ramanna et al. [37] 

is primarily effective for minor 

deformations and images with a solid color 

background. Additionally, the model 

proposed by Ma et al. [33] underperforms 

on unseen images due to the significant 

differences between their contributed 

dataset and other heterogeneous datasets. 

Thus, a robust approach that addresses 

these challenges incorporating a wider 

variety of images for training dataset, and 

appropriate fine-tuning that leverage pre-

existing models trained on large datasets of 

3500 document images is proposed.   

 

 

3.  METHODOLOGY  

 

The methodology of the proposed 

work along with the dataset used for the 

study, are discussed in detail in the 

subsequent subsections.  

3.1  Dataset Description 

Two datasets are used in this work 

to evaluate the effectiveness of the 

proposed technique. The first dataset, 

CBDAR2007 [37], was initially introduced 

as part of a page dewarping dataset. It 

consists of 102 camera-captured 

photographs of documents, along with 

their corresponding ASCII text ground-

truth. This dataset was developed to aid the 

research community in addressing 

complex document image processing 

challenges and to enable the comparison of 

different approaches. 

In addition to the CBDAR2007 

dataset, we have created another dataset 

comprising 250 camera-captured images. 

These images were specifically used to test 

the robustness of the proposed technique 

in handling various types of degradation, 

including poor exposure and distortion. 

With these two datasets, the proposed 

work is thoroughly evaluated for 

performance and compared with other 

state-of-the-art results. 

3.2  Proposed Methodology 

The proposed approach is an 

ensemble of Retinex and Generative 

Adversarial Neural Networks models that 

aims to improve the process of English 

document image dewarping. The network 

consists of two main components. The first 

is Retinex-based pre-processing [11] and, 

the second one is Generative Adversarial . 

Table 1: Parameters for image 

augmentation on the CBDAR2007 dataset  
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The rescale factor is applied to the 

pixel values of images. In the augmented 

setting, pixel values are divided by 255, 

converting them into a range between 0 and 1. 

This normalization helps to improve the neural 

network's performance by scaling input values 

to a consistent range. The Zoom range 

parameter defines the range of random zoom 

levels applied to images. In the default setting, 

no zooming is applied followed by a random 

zoom level between -25% and +25%. This 

augmentation helps the neural network in 

learning to recognize objects and features at 

different scales. The x-Shift and y-Shift 

parameters represent the range of random 

horizontal (x) and vertical (y) translations 

applied to the images that randomly shifted the 

value between -10% and +10% in both 

directions. This augmentation helps the neural 

network learn to recognize objects and features 

with varying positions in the input image. 

The x-Scale and y-Scale parameters 

refer to the range of random horizontal (x) and 

vertical (y) scaling applied to the images. The 

Adjusted image parameter represents the final 

image size after preprocessing. The images are 

arbitrarily resized to 128 x 128 pixels. This 

resizing ensures that all images have a 

consistent size before being fed into the neural 

network. 

 

Subsequently, a Multi-scale Retinex 

(MSR)[36] is employed for illumination 

correction. The formula for brightness 

correction known as the “luma” is indicated in 

equation 1. 

    (1) 

Where C = Image coordinates in decimals 

R, G, B represents the Red, Green, and Blue 

color channels. 

 Width, Height corresponds to the image 

dimensions 

Neural Network [23]. The integration 

of these two components forms an ensemble 

technique that enhances the dewarping 

process. 

Retinex is a color image enhancement 

technique, based on the premise that the 

observed image can be decomposed into the 

product of illumination and reflectance. In the 

context of document image dewarping, the 

Retinex algorithm is used to correct uneven 

illumination and improve the contrast of the 

text, making it more legible and easier for the 

GAN to process. 

The proposed method includes 

preprocessing the input images to eliminate 

noise using a median filtering technique. To 

ensure uniformity with the layers of models 

pre-trained networks, these images are then 

resized to the standard 128 x 128 pixels. The 

specific parameters used in this process are 

detailed in Table 1. The process culminates in 

the dewarping of the images, thereby readying 

them for further analysis. The justification for 

choosing these parameters is to enhance the 

training data by creating diverse and 

augmented images, helping the model to 

generalize better and improve its performance 

on real-world distorted and degraded 

document images. 

The flow diagram for dewarping process 

employed in the work is shown in Fig. 2.  

 

 

 

Method Default Augmented 

Rescale - 1./255 

Zoom range - 0.25 

x-Shift, 

y-Shift 

None [-0.1, +0.1] 

x-Scale, 

y-Scale 

None [0.75, 1.25] 

Adjusted 

image 

Varies 128 x 128 
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Figure 2: The block diagram of the proposed methodology 

 

Image enhancement using 

CLAHE[44] and GAN involves two separate 

techniques combined to improve an image's 

quality, specifically in terms of contrast. 

CLAHE is an image enhancement technique 

that improves the local contrast in images, 

particularly useful for images with uneven 

lighting or poor contrast. CLAHE works by 

independently dividing the input image into 

small, non-overlapping regions (tiles) and 

applying histogram equalization to each tile. 

The algorithm then interpolates the histograms 

between adjacent tiles to eliminate artificial 

boundaries introduced by the independent 

processing of each tile. This results in a more 

natural-looking enhanced image. A contrast 

limit is also applied during histogram 

equalization to prevent excessive noise 

amplification, hence the name "Contrast 

Limited." 

GAN are a class of deep learning 

models that consist of two primary 

components: a generator and a discriminator. 

In this paper, GANs are used to improve the 

quality of images by generating high-quality, 

refined versions of the input images. The 

generator learns to generate dewarped images 

from the input warped images, while the 

discriminator tries to differentiate between real 

dewarped images and those generated by the 

generator. This competition leads the generator 

to produce better quality dewarped images 

over time. The generator is trained using a 

combination of adversarial loss (to ensure the 

generated images are indistinguishable from 

real images) and content loss (to maintain the 

content and structure of the input image). 

3.2.1 The Generator 

It is common practise to employ auto-

encoder models while performing the task of 

image-to-image translation [38-40]. Most of 

these models are made up of a series of 

convolutional layers, collectively called an 

encoder, that carry out downscaling until a 

given layer. After that, the up-sampling and 

convolutional layers of the decoder take over. 

A great deal of unnecessary redundancy is 

often exchanged, which wastes time and 

resources. As a result, we use skip connections 

organised in the fashion of the U-Net 

model[41]. Adding skip connections for every 

two layers helps to recover images with less 

degradation, and using them during deep 

model training helps avoid gradient 

disappearing and explosion issues. Additional 

training time is saved by adding batch 

normalization layers. The generator utilised in 

this investigation is shown in Fig. 3; its 
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architecture is similar to that introduced in for biomedical picture segmentation[41].

 

 

 

Figure 3: Block diagram of the proposed generator model 

3.2.2  The Discriminator 

The discriminator employed in this 

work is a 6-layer Convolutional Neural 

Network (CNN) that generates a 2x2 

probability matrix, indicating the likelihood of 

the generated image being real, as illustrated in 

Figure 4. This discriminator is designed to 

accept both dewarped and unaltered images, 

either as ground truth or cleaned by the 

generator. By concatenating these images, a 

tensor of shape 128x128x2 is formed. This 

tensor is then processed through the model, 

resulting in a 16x16x1 matrix at the final layer. 

If the cleaned image accurately represents the 

real scenario, the probabilities within this 

matrix should approach 1. Conversely, if the 

image is generated by the generator, the 

probabilities should be close to zero. A 

squashing function (sigmoid) is employed as 

the activation function for the last hidden layer 

to achieve this. Once the training is complete, 

the discriminator is no longer required. 

Instead, when presented, the generative 

network alone is relied upon to enhance low-

quality images.  

 

 

           

 

Figure 4: The discriminator block diagram as a decoder 

 

By combining CLAHE and GAN, an 

image enhancement pipeline that first 

improves the local contrast and visibility using 

CLAHE is achieved. This combination leads 

to more visually pleasing images with better 

contrast, detail, and overall quality, which is 

Conv, ReLU 

MaxPool, Same 

Conv, Sigmoid 
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particularly beneficial for applications such as 

OCR, where image quality directly impacts the 

accuracy and reliability of the extracted 

information. 

By utilising the proposed network, we 

forecast the displacement and the categories 

(foreground or background) at the pixel level. 

Next, the background of the input image is 

removed, and the foreground pixels are then 

interpolated into the rectified image following 

the expected displacements. Since the 

architecture is based on a generator-

discriminator model, we provide a description 

of the process through an algorithm.   

 

The pseudocode for the proposed method is highlighted in Algorithm 1 

 

Algorithm 1:  Strategy for warped image correction 

      1: Load input images: Resize (128 x 128)  

      2: Perform illumination correction:  

      3: For  

      4:     Apply GANs for all images  

      5:            Apply CLAHE 

      6:            ProposedNet  

      7:                    Label (Pi
j) ← Label (Pi) in Fn vector space 

      8: If Label (Pi
j) = K, then 

      9:        Label (Pi) ← max(Label (Pi
j)) 

      10: else 

      11:        Label (Pi) ← Null 

      12: endFor 

      13: return dewarped image 

 

The Algorithm 1 outlines a strategy 

for correcting warped document images by 

employing a combination of preprocessing, 

image enhancement, and dewarping 

techniques. It starts by resizing the input 

images and correcting their illumination using 

Retinex theory. Next, it applies a GAN to 

refine the images and improve their quality, 

followed by CLAHE to enhance the local 

contrast. Finally, the proposed model is 

utilized to dewarp the images by adjusting the 

labels of the points in the vector space. The 

resulting output is a set of corrected and 

enhanced images that are more suitable for 

further processing, such as OCR document 

analysis, and information extraction. 

Overall, the dewarping process for the 

proposed network is illustrated in figure 5 

in the form of a flow diagram.

 

 

 

 

Figure 5: The block diagram of the proposed model 

The process begins with pre-

processing of the scanned document images, 

involving resizing, grayscale conversion, and 

labeling the images for training, validation, 

and testing. A suitable Generative Adversarial 

Network architecture, such as a conditional 

Preprocessing using 

Retinex + CLAHE Training + Testing the GAN 

Dewarp Document Design a GAN Architecture 

Evaluation 
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GAN or CycleGAN, is then chosen to dewarp 

the scanned documents, involving designing a 

generator network for creating dewarped 

images and a discriminator network for 

differentiating between the generated and 

original images. The GAN, is specifically 

trained using the labeled images with 

parameters fine-tuned for satisfactory results. 

Following training, the GAN dewarps the 

scanned documents by processing them 

through the generator network, with the 

dewarped images subsequently saved. Finally, 

the results are evaluated using metrics like 

mean squared error (MSE), structural 

similarity index matrix (SSIM), and peak 

signal-to-noise ratio (PSNR), with these results 

compared to the original images and ground 

truth labels. 

3.3 The training process and experimental 

setup 

The proposed model was trained and 

tested using CBDAR2007 dataset, consisting 

of camera-captured document images and their 

corresponding ASCII text ground-truth. The 

dataset is randomly partitioned into 70%, for 

training and 30% for testing. In addition, the 

model was evaluated on a private dataset that 

we have created. 

A discriminator component that takes in 

both the created and degraded images was 

used to distinguish between real and generated 

images. The discriminator forces the generator 

to produce outputs that are indistinguishable 

from genuine images. Further, an Adaptive 

Momentum (ADAM) optimizer [43] with a 

learning rate of 0.00001 was used to train the 

model. The proposed approach was 

implemented on a NVIDIA 1060 GPU with a 

memory of 16GB, which enabled the analysis 

of 20 input images in a batch. As a result, the 
approach was able to process an image in 

approximately 0.8 and 0.7 seconds for training 

and test phases, respectively. 

4 RESULTS AND DISCUSSION  

 

Figures-6 through figures-10 depicts 

the results of each stage in the methodologies.  

 

4.1  Illumination Correction Results 

The result of illumination correction is 

presented in figure 6. The results are evaluated 

on CBDAR2007 dataset, described in [37] and 

includes examples of various forms of 

degradation. 

  

Figure 6: (a) Input 

Image (Poorly 

illuminated) 

Figure 6: (b) Output 

Image (After 

illumination 

correction) 

4.2 Image Enhancement Correction Results 

To enhance the image quality further, 

GAN was applied, followed by an adaptive 

histogram equalization that stretches the 

intensity values. The results are in figure 7. 

  

 

Figure 7: (a) Image 

enhancement (GAN) 

 

Figure 7: (b) Image 

enhancement (GAN, 

followed by CLAHE) 

The results of the proposed technique to various warped English documents are presented in 

figure 8 (a-d), and figures 9 (a-d). These images were chosen to represent various degrees of 

illumination and deformations. 
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Figure 8: (a) Input 

image 

 

(b)After illumination 

correction 

 

(c) Effects of GAN +   

CLAHE 

 

(d) Dewarped image 

 

 

Figure 9: (a) Input 

image 

 

 

(b) After illumination 

correction 

 

 

(c) Effects of GAN +   

CLAHE 

 

 

(d) Dewarped image 

 

4.4   Dewarping results on a private dataset 

Experiments are conducted on a personal dataset to test the robustness of the proposed 

methodology. The results are presented in figure 10. 

 

               
          

Figure 10: (a) Poorly illuminated images with 

warped horizontal and diagonal lines 

Figure 10: (b) Image enhancement & 

dewaping using GAN, and the proposed 

network 

 

 

The dataset contained a variety of 

poorly illuminated images with warped 

horizontal and diagonal lines, simulating real-

world challenges that OCR systems often 

encounter. 

Figure 10(a) showcases the original images 

from the dataset, demonstrating the 

complexities arising from poor illumination 

and distortions that hinder the OCR process. 
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These images exemplify the difficulties in 

accurately recognizing and extracting text 

information due to uneven lighting, document 

warping, and other degradations. 

Figure 10(b) displays the results of the 

proposed methodology for image document 

enhancement. The output images exhibit 

significant improvements in both illumination 

and geometric corrections. The combination of 

Retinex theory for illumination correction, 

GANs for dewarping has effectively mitigated 

the issues presented in the original images. 

The experimental results provide 

insightful evidence that the proposed 

methodology effectively addresses the 

challenges posed by document distortions and 

poor illumination. By significantly enhancing 

the quality of the images, the approach not 

only improves the legibility of the text but also 

increases the reliability and accuracy of OCR 

systems in extracting valuable information 

from distorted and degraded document images. 

4.5   Comparative Analysis 

Comparative analysis on methods 

proposed by [33,34,43], respectively are 

presented in Table 2. For effective 

representations, we computed the mean 

squared error (MSE), structural similarity 

index matrix(SSIM), and peak signal to noise 

ratio (PSNR) according to equations 2, 3 and 

4. 

Structural Similarity Index Matrix(SSIM)  

measures the similarity between two images. 

Given an input windows (M x N), the measure 

between both is calculated as: 

 

 (2) 

Where: 

 µx, µy represents the sample mean of x 

and y; 

 σxy = the covariance of x and y  

σx
2 = the variance of x; 

σy
2 = the variance of y; 

 

Mean Square Error (MSE): This measures the 

sum of all the squared differences in a given 

image, computed as: 

MSE =       (3) 

Where:  

 Y = Actual value  

 y = predicted value 

 n = number of images 

Peak Signal to Noise Ratio (PSNR): This 

metric is defined via the MSE and expressed 

as: 

 PSNR (in dB) =  (4) 

Where: 

 MAX = the maximum pixel values in 

an image 

 MSE = the Mean Squared Error 
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Table 2: Comparison with other methods 

 Author Methods SSIM MSE PSNR (dB) 

Ma et al.[32] DocUNet 0.41 NA NA 

Das et al.[33] DewarpNet 0.47 NA NA 

Pratikakis et al.[42] Adaptive 

Binarization 

NA NA 17.53 

Ours Proposed 0.83 0.00057 65.21 

 

The table 2 presents a comparison of different 

methods for document image restoration and 

binarization, evaluated using three metrics: 

Structural Similarity Index (SSIM), Mean 

Squared Error (MSE), and Peak Signal-to-

Noise Ratio (PSNR) in decibels (dB). 

Ma et al.'s DocUNet achieves the lowest SSIM 

score of 0.41, indicating poor image quality 

compared to the other methods evaluated. 

However, the MSE and PSNR values are not 

available for comparison. Das et al.'s 

DewarpNet performs better than DocUNet 

with an SSIM score of 0.47, but again, MSE 

and PSNR values are not available for 

comparison. Pratikakis et al.'s 

AdaptiveBinarization has the highest PSNR 

value of 17.53 dB, indicating high image 

quality with low noise levels. However, the 

SSIM and MSE values are not available for 

comparison. 

In comparison to these methods, our proposed 

method achieves the highest SSIM score of 

0.83, indicating superior image quality 

compared to the other methods. Additionally, 

our method also achieves the lowest MSE 

value of 0.00057 and the highest PSNR value 

of 65.21 dB, indicating that our method is 

robust in handling image degradation and 

producing high-quality results. 

Overall, the comparative analysis shows that 

the proposed method performs better than 

other methods evaluated in terms of image 

quality and robustness to image degradation. 

 

 

 

5.  CONCLUSION  

 

This paper presents a technique that 

employs a Retinex theory and Generative 

Adversarial Network ensemble to rectify 

distorted document images. The proposed 

approach ensures the local and global pixels of 

the rectified image are enhanced through a 

background information-based function. The 

proposed methodology demonstrates a 

significant improvement in OCR performance 

compared to the reference implementation. 

The method displays the capability of learning 

and generalization from incomplete and 

warped images on the validation dataset 

(CBDAR2007). However, further work is 

required to improve the dewarped images' 

boundary regions and the calculation speed. 

Future research will involve using a wide 

range of noisy documents, each presenting 

unique challenges, such as distortion and 

occlusions. Overall, this work represents a 

promising step forward in the development of 

robust image processing algorithms for 

document analysis and OCR applications. 
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