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Scanned Document Enhancement of these distortions individually. The system architecture comprises two specific modules
Shadow Removal that include the shadow removal module and the haze/blur reduction pipeline. The shadow

Haze Reduction

Blur Restoration removal algorithm employs background estimation with median filtering and illumination

normalization, and then a refinement step with the DRUNet pre-trained model to avoid

residual noise, at the expense of fine textual features. In addition to that, the haze reduction

Correspondence: o . ) o )
Zahraa Ali Mohamed Nather system utilizes a soft-enhancement technique employing Contrast Limited Adaptive
(Ziah_raa‘24°spl8@St“dem‘“°mos“1'e Histogram Equalization (CLAHE) combined with Gaussian smoothing to achieve local
u.1q

contrast enhancement with no visual artefacts. Experimental results indicate that the
proposed modular approach produces a neater background and sharper edge definition in
the text than the traditional single-stage method. MSE, PSNR, SSIM, and GMSD
measurements are quantitative analyses of the framework's effectiveness, and the results
indicate that all document types have similar improvements.
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1. Introduction

The image of the scanned text in documents is also critically important to the digital archiving system, where a clear
text representation is essential to ensure that the text can be stored, retrieved, and processed. But most of the scanned documents
have been subjected to several forms of degradation like haze, blur, shadows, and uneven illumination. Such distortions have a
severe impact on text readability and badly impact the performance of Optical Character Recognition (OCR) systems, and
therefore, reliable digitization of documents is difficult [1][2].

A number of image enhancement methods have been suggested in order to deal with these degradations. Most current
methods are based on single-stage processing structures, in which all the distortions are handled together in one model or
improvement process. In spite of the fact that these methods may enhance the quality of the image in general, they usually fail
to coordinate various forms of degradation simultaneously [3][4]. More specifically, single-stage approaches can either over-
correct or under-correct in some areas, or lose fine textual detail where various degradations coincide [5]. Because of this, they
are still limited in the ability to repair complex distortions of documents.

Some recent developments on the application of deep learning to enhance certain document degradation types have
been studied. As an example, the shadow removal techniques like DDSR-Net can learn the features of the shadows at various
levels to achieve consistency in the illumination of document images [6][7]. Similarly, DICNet deals with the issue of
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illumination differences by estimating the background distribution with the help of a median-based approach and improving
local contrast [8]. Nonetheless, survey research has also shown that these methods are still susceptible to issues like complicated
backgrounds, unbalanced lighting environments, and less training data [9].

Conducted studies to restore text clarity have included some models, such as DRUNet, which has produced positive
results for recovering the structural integrity of fine textual patterns and removing the appearance of artefacts caused by haste
[10]. Other architectures, namely, dehazing by contrast and attention-based networks, such as HAA-Net and PromptRestorer,
increased the capabilities of restoring documents as well [11][12][13]. Most new approaches to restoring documents either
address individual types of degradation separately or address both types together within a framework that may not be sufficient
to handle cases where there are multiple types of degradation present.

Research should focus on the establishment of modular restoration frameworks in order to address the multiple forms
of degradation more effectively. In scanned documents, where multiple degradations occur simultaneously, such as haze and
shadows or an artefact, a unified correction can cause instability. Consequently, this paper proposes a multi-step processing
model to restore scanned documents. The proposed system divides the restoration process into two modules: the haze restoration
module and the shadow reduction module. The hierarchical design of these modules allows for greater specificity in the handling
of all forms of degradation, thus aiding in the preservation of textual frameworks, thereby improving background clarity.
Additionally, the proposed restoration system is evaluated using standard metrics for image quality (MSE, PSNR, SSIM, and
GMSD) and provides experimental evidence of improved contrast and readability of scanned documents as compared to the
original scanned documents.

2. Literature Review

Recent areas of research have enhanced typically simple techniques such as filtering, lighting adjustment,
normalization, and contrast quality improvement to diminish shadows, haze, and blur in scanned documents, thus making them
transparent and easier to read. Many works focus on median filtering, smoothing, sharpening, and adaptive thresholding to make
the text clearer and bring back small details [14]. Even though these techniques are basic, they still help improve damaged
documents and give better OCR results without using deep learning [15].

Zhou et al. have designed a new type of image processing technique named DocDeshadower. DocDeshadower utilizes
the characteristics of the Multi-Frequency Laplacian Pyramid (MFLP) to break an image into multiple frequency bands where
shadow artefacts can occur. The MFLP contains a high-frequency image and a low-frequency image in order to create a complete
shadow-free output using an Attention-Aggregation Network (AAN). Zhou et al. (2024) state that their technique should
outperform existing methods for removing shadows. As a result, preserving more document information will improve OCR
performance [16].

The LWF technique developed by Wang and Chen views a document image like a simple topographic surface to
eliminate shadows. Using a flooding-style process, the LWF method derives a light map that provides an estimate of the umbra,
the full shadow, and the penumbra, which is the partial shadow projected by an object onto another object from a point light
source. To improve the visual quality of the image, the umbra will be enhanced using Retinex Theory, and the penumbra will be
corrected through a local water-filling operation. Both processes have the effect of removing shadows from the image, which in
turn improves legibility for the text [17].

According to Chen et al., ShadocNet is a simple model for removing shadows that is based on Transformers. ShadocNet
detects shadows and enhances pixels around them, and also uses a Vision Transformer to enhance shadow regions throughout
the image. This causes shadows to appear with softer edges and results in clearer documents [18]. According to Fathallah et al.,
EHDI is an image restoration model based on a GAN. This model restores historical documents through image-to-image
translation. EHDI can remove noise and watermarks from historical documents with high accuracy while preserving text
legibility, making it a useful tool for restoring damaged or extremely old documents [19].

The work presented by Neji et al., Blur2Sharp, is an example of a blind deblurring CycleGAN model that focuses on
producing a method of deblurring images that exhibit either motion or defocus blur. The proposed algorithm utilizes a method
that does not require a dataset of photographs in order to create the necessary direct links between images that have been blurred
due to the processes of motion and defocus, such as scanned documents. This is accomplished by the way the algorithm is able
to connect the two types of image sets [20]. Yang et al. created a diffusion-based model called DocDiff, which was developed
for the production of improved quality document images through the removal of blur, noise, and watermarks. The model also
contains a High-Frequency Residual Refinement (HRR) module that creates sharper edges for the text in the document and helps
to restore small details. Due to this added quality to image restoration, DocDiff has outperformed many of the earlier generation
methods that performed similar tasks when tested in various environments [21].

Abdulmunim and Saleem created a pre-processing and image enhancement framework for medical X-rays and CT-
scans with an emphasis on denoising, contrast maximization, and illumination, emphasizing the enhanced diagnostic accuracy;
these concepts may also be used to enhance the readability of documents [22]. Hameed and Abdullah proposed an electronic
student monitoring system using face movement detection with digital image processing. They included real-time image
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enhancement and feature extraction to make sure that their system can stay constant despite different lighting conditions, which
directly relates to the difficulties of scanned document restoration and enhancement [23].

Abdulla et al. suggested the use of the curvelet transform that is driven by a correlation analysis to selectively suppress
coefficients that have weak correlation. This technique is quite effective in reducing noise as well as preserving salient structural
and textual information in images. It therefore adds the accuracy and sharpness of the downstream image processing tasks, such
as optical character recognition [24].

The research is unique in its relation to the previous studies, as it suggests a multi-stage modular system to counteract
various degradations in scanned documents by individually processing the document. Techniques like DocDeshadower, LWF,
and ShadocNet can concentrate on the problem of shadow removal but are primarily aimed at removing artefacts due to
illumination and do not fully compensate for haze or blur. On the same note, other models, such as the Blur2Sharp and DocDiff,
only focus on deblurring and restoration but deal with only certain distortions. Conversely, the proposed system combines a
specific shadow removal stage with a haze/blur refinement system, allowing covering a wider range of document legibility and

background consistency than single-stage or single-task systems.
Table 1. Comparative Overview of Previous Studies

Author Document Datasets Preprocessing Methods Training Models Evaluation Criteria
VAT E RICE —I dataset Image normalization deep learning NS VLS et
al. FSIMc
Jung’s, RDSRD, I lizati
BMVC, Blurry backer noiimatl'zant('m’ FM, p-FM, DRD, PSNR
I i ackground estimation, . , p-FM, R s
Zhou et al. DIBCO, H-DIBCO, SWT, and data Deep learning SSIM. CER, and WER
DoclmgEN, augmentation
DocImgCN datasets & )
Jung Shadow Image decomposition, Attention-Aggregation
Zhou et al. Dataset, Kligler feature ext.ractlon, and Network, Gateq Multi- PSNR, SSIM, and RMSE
Document Shadow preparation of the scale Fusion
Dataset shadow Transformer
Local Water-Filling .
OSR, Adobe . MSE, RMSE, ErrorRatio,
Wang et al. Dataset, and HS Image mapping, LWF, (LWE) and.LBWF SSIM, and computational
and LBWF correction . .
Datasets . time analysis
implemented
June’s dataset and Image normalization, PSNR, SSIM, RMSE, and
Chen et al. g patch extraction, and ShadocNet qualitative visual

Fathallah et

Kligler’s dataset

DIBCO / H-DIBCO

data augmentation
Image normalization,
grayscale conversion,

Generative Adversarial

comparison

PSNR, SSIM, FM, and
visual qualitative

al. datasets noise reduction, and data Network .
: comparison
augmentation
.. DIBCO / H-DIBCO Ly normahzau.on, Generative Adversarial PSNR, SSIM, and visual
Neji et al. grayscale conversion, . .
datasets X Network quality comparison
and data augmentation
DocUNet, Doc3D, Image normalization, PSNR, SSIM, F-measure
Yang et al. and DIBCO / H- patch extraction, and DocDiff (FM), and qualitative
DIBCO datasets data augmentation visual evaluation
Chest X-ray images  Image resizing, grayscale Traditional image
Abdulmajee  and CT-scan images normalization, noise processing PSNR, MSE, and visual
d et al. from public removal, and contrast enhancement comparison
repositories enhancement techniques
Face detection, frame ..
Facial image extraction, image Accuracy, precision, and
Saeed et al. d L7 PCA system response time for
atasets resizing, and . o
& real-time monitoring
normalization
Abdulla et benchmark_1mages Image no.rmahz_anon, Trad1t19nal image PSNR, MSE, and visual
for denoising noise simulation, processing method . .
al. quality comparison

experiments

Curvelet Transform
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decomposition, and Transform—based
inverse transform denoising

3. Methodology

The paper involves a systematic methodology to compare the proposed modular framework with the conventional
methods of improvement. The methodology relies on a set of actual shadowed documents and hazy images and evaluates the
effect of the system on the legibility of the images. The research applies to the background homogeneity and text restoration of
various types of degradation using classical and proposed pipelines, which allows the research to be strictly comparative.
3.1 Model Architecture

The model architecture incorporates the processes of the proposed image enhancement system. The process of shadow
removal and haze/blur reduction is done individually, and the final results are verified jointly. The traditional processes are the
conversion of the picture into grayscale, the enhancement of contrast, and the use of various filters. The DRUNet model is
applied only during the shadow-removal step of the proposed method in order to enhance the lighting and preserve the text
details, whereas the haze and blur are addressed with the assistance of exclusively classic image-processing approaches. The
MSE, PSNR, SSIM, and GMSD are then used to measure the performance of the system. Figure 1 illustrates the architecture of
the proposed image-enhancement system.

\l==| Input: Scanned Document Images

I

N

v R

— ) Shadow Removal Module 5 | Haze and Blur Removal Module
Classical Shadow Removal (Grayscale + Classical Haze & Blur Removal :
Median Background Estimation) @ (Grayscale + Gaussian Blur)

DRUNet Refinement (Pretrained) Local Contrast Enhancement =T
CLAHE S
Brightness & Contrast Adjustment ( ) l;\‘
u Output: Shadow-Free Image &= )j Output: Haze & Blur Reduced Image

- —

Compute Image Quality Metrics

MSE PSNR SSIM GMSD

Figure 1. Overview of the proposed image enhancement workflow
3.2 Shadow Removal
The steps of the shadow-removal include two approaches: a classical baseline and a proposed one, which plays a
complementary role in correcting illumination.
A. Initial lllumination Normalization
To initiate the process, first convert any scanned document to grayscale. Then, to correct for light irregularities, we
estimate a background B(x,y) using the median filter method as we have done previously, and then use that to identify the
shadowed areas of the image. After that, perform normalization of the image as follows:

I (x,y)
lnorm (x, y) = %

Where is Ijq, the input in this equation, whereas € refers to a small constant which adds to input I (gray) and provides
numerical stability, allowing for the avoidance of a zero denominator in deep shadow regions. Even though this classical
technique is effective in balancing background, it can also create residual artefacts and subtle shadowing resulting from improper
smoothing techniques, which may hinder the readability of small fonts.

B. Proposed DRUNet Refinement

To remedy the drawbacks associated with the classic method, a refinement stage is added using DRUNet as the
backbone causal prediction structure of interest (a causal prediction model). DRUNet is a pre-trained model that implements a
U-Net architecture utilizing residual learning to reduce noise and soft shadow artifacts while maintaining the clarity of the main
text from getting blurred out due to the removal of shadows. The skip connection used in DRUNet is valuable for preserving
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character clarity and simplifying the manner in which the shadow pattern's complexity changes as the shadow ‘refinement'
process occurs and is described below:
Ler = forunet (horm) (2)

The pre-trained restoration model is denoted by f. Once that has been completed, we make the final brightness and
contrast adjustments to guarantee consistency visually. This hybrid technique replaces previously outlined approaches where
textural data integrity cannot be maintained across all images due to shadow-elimination problems encountered at times, and
produces an alternative output mode that provides greater fidelity when working on any single document having complex/non-
uniform degradation occurring throughout its pages.

3.3 Haze/Blur Reduction

The second step of the process is clearing the scanned images, which are blurred and hazy. It is accomplished in two
simple ways: an elementary classical manner and a further soft manner. The two methods act on the grayscale renditions to
render text more decipherable.

A. Classical Approach Limitations

The traditional processing pipeline consists of the following: converting the image to grayscale, removing noise with
the median filter, sharpening the image using rigid techniques, and finally applying an adaptive threshold. While all steps of this
pipeline are computationally inexpensive, the first and last steps are the most likely to create artefacts and/or noise when there
is uneven luminance across the image.

B. Proposed Soft Enhancement Method

To resolve the issue of insufficient color and brightness enhancements, a "soft" enhancement approach was proposed,
focusing on image accuracy and print clarity. To achieve this, we will take the following key steps:

e Noise Reduction: A light Gaussian filter G(Igmy, O') is used to remove high-frequency noise without smoothing the edges
of text.

e Contrast Boosting: To increase local contrast, the Contrast-Limited Adaptive Histogram Equalization (CLAHE) technique
was used, allowing faint text to be clearly seen while ensuring the image background is not oversaturated. This process is
defined as follows:

lennancea = CLAHE (G(lyray,@)) L 3)

e Refined Sharpening: Finally, the process is complete with a quick soft sharpen to re-establish text boundaries. This process
provides additional sharpness to the text and eliminates halo effects that usually occur with conventional sharpening. Final
products are represented in the figure below:

Ifinal = Ienhanced + A(Ienhanced - G(Ienhanced' 0)) ~~~~~~~~~ (4)

Compared with traditional methods, the pipeline yields superior quality texture and clean text segments. Consequently, the
documents produced through the refined pipeline are ready to be quantitatively evaluated using MSE, PSNR, SSIM, and GMSD
methods.

4. Implementation

Python was used to create the image processing application, and a few simple libraries were utilized to complete this
process (e.g., OpenCV, NumPy, and PyTorch). To extract shadow attenuation from the images, the following processing
techniques are used: median filtering, contrast-limited adaptive histogram equalization (CLAHE), and the use of a pre-trained
deep learning model, DRUNet. Next, lightweight smoothing, CLAHE, and a light sharpening technique were applied, resulting
in a clear image. The results from the processing were stored as images before being assessed by traditional metrics such as
mean squared error (MSE), peak signal to noise ratio (PSNR), structural similarity index (SSIM), and gradient magnitude
similarity deviation (GMSD).

An introductory, dual-level modular processing pipeline for shadow removal also includes the addition of haze/blur
enhancement. First, the input image(s) are converted to grayscale images, and then a median filter with a 5 x 5 kernel is applied.
This will provide an approximation of the background illumination and reduce noise in the images. Illumination normalization
will then be performed to reduce shadowing effects from the images, and the result will then be filtered using the predetermined
denoising feature of the DRUNet model to remove any remaining noise, while retaining all of the detail of the original image
and, specifically, text from the images. The second level in the processing pipeline includes using Gaussian Filtering with a 3 x
3 kernel, 0=1.0, in order to perform minimal smoothing and using CLAHE with a clip limit of 2.0 and tile size of 8 x 8 to increase
the local contrast of the image. To fine-tune the edge clarity of the text, a light sharpening filter will then be applied with a

convolution kernel modified by a sharpening factor A. The kernel used in this research is as follows:
[0—20 —21442 -20 —20]

where A = 0. 5 was empirically selected to enhance text boundaries while avoiding ringing artefacts or over-sharpening.
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5. Dataset Description

A curated collection of 20 high-resolution scanned documents was used to evaluate the system. These samples have
been chosen to depict various degradation challenges, i.e., non-uniform shadows, atmospheric haze, and complex atmospheric
effects. In order to monitor evaluation robustness, the synthetic augmentation of the dataset was performed through changes in
brightness, contrast, and Gaussian noise. This has made it possible to evaluate the performance of the model rigorously on the
basis of PSNR, SSIM, GMSD, and MSE.

6. Results

The scanned documents have become much more readable as per what was proposed, and DRUNet has managed to
remove any remaining shadows in the image, yet it has also managed to keep a huge part of the text detail in the image. The
combination of the basic filters and the enhancement of light (to reduce haze and blur) has improved the legibility and sharpness
of the text within the image. Combining the DRUNet images with the basic filters resulted in cleaner and sharper final output
than was available from either source alone, thus making them more appropriate for use by OCR and subsequent data processing.
6.1 Shadow Removal Results

It was found that using DRUNet for shadow removal was very effective, as it cleared most of the remaining shadows
while keeping the text details. The median filter, normalization, and CLAHE helped estimate the background and balance the
light on the page. This made the dark areas clearer and improved the overall look of the document, which also helped the OCR
accuracy.

A comparison of the techniques of shadow removal is provided in Figure 2. The initial images (a, d, g) have severe
non-uniform shadow degradation. Although classical restoration techniques (b, e, h) can attain partial illumination normalization,
the DRUNet-based pipeline (c, f, i) proves to be better in overcoming complex shadows. Moreover, the suggested approach
considerably improves the contrast between the text and the sharpness of its edges so that the document will be optimized to
complete the data processing procedures.

6.2 Blur and Haze Reduction Results

The haze and blur reduction module helped improve the quality of scanned documents. While classical methods
sometimes reduced text sharpness, the proposed soft-enhancement approach kept the fine details and edges clear. Overall, it
improved readability without losing important text features and worked well with the shadow-removal results, as shown in Figure
3.
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Figure 2. Compares shadow removal performance: (a, d, g) original shadowed documents, (b, e, h) classical restoration, and
(c, f, 1) proposed DRUNet-based enhancement
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7. Evaluation Metrics

Four standard measures are used to measure the quality of document restoration at the pixel-level fidelity and structure
[25][26]:
o Mean Squared Error (MSE): Measures the average squared difference between the original and reconstructed pixels [27].
MSE =¥, SR, uep-fepr o (6)
e Peak Signal-to-Noise Ratio (PSNR): It is the ratio between the maximum power of a signal and the power of corrupting

noise in decibels (dB) units [28].

PSNR=10-logpo () L %

MSE

e  Structural Similarity Index (SSIM): Evaluates the perceived quality by comparing luminance (/), contrast (c¢), and structure
(s) [29].

SSIM(L,D) = [I(1,D]* - [c(1,D)® - [s¢, DY (8)

Values close to 1 indicate high structural similarity and preserved visual perception.

o Gradient Magnitude Similarity Deviation (GMSD): Assesses edge preservation and fine details. A lower GMSD value
reflects higher perceptual similarity to the reference image [30].

oo 2610 )NGEN+C
GMS()) = G wiyee

Then, the overall quality score is computed as the standard deviation of the GMS map: All of the four measures
contribute to a balanced assessment system as contributing to each other; they constitute edge preservation, human-perceived
similarity, and structural integrity, all of which are important when performing an analysis of denoised document images. As
shown in Table 2 and Figure 4.
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Table 2. Quantitative evaluation of shadow removal results using MSE, PSNR, SSIM, and GMSD for Classical and Proposed

methods

Image MSE MSE PSNR PSNR SSIM SSIM GMSD

Classic DRUNET Classic DRUNET Classic DRUNET Classic
Scanned_1 6446.18 4976.36 10.03 11.16 0.274 0.785 0.363
Scanned 2 5216.74 1757.07 10.95 15.68 0.390 0.857 0.370
Scanned_3 2730.09 2478.23 13.76 14.19 0.317 0.817 0.346
Scanned_4 4076.29 3975.40 12.02 12.14 0.292 0.788 0.369
Scanned 5 6778.25 3189.84 9.82 13.09 0.090 0.772 0.342
Scanned_6 8876.64 5573.58 8.65 10.67 0.108 0.716 0.344
Scanned 7 5300 1700 10.0 15.5 0.36 0.84 0.36
Scanned_8 6300 5200 10.1 11.2 0.32 0.81 0.36

MSE PSNR

—&— Old Method

GMSD
DRUNET
0.076
0.078
0.075
0.078
0.086
0.089
0.08
0.08

—8— Old Method

80001 _g— proposed Method

—8— Proposed Method

w 6000

MS
PSNR

4000 +

2000 A

Image Image
SSIM GMSD
0g 4 /\'\‘\‘\./\. 035 1 .——w‘.
0.30 A
0.6 4
= a 0251 —a— 0Old Method
‘d”q 0.4 1 % 0.20 - —8— Proposed Method
0.15 4
0.2 4 —®— Old Method
—e— Proposed Methed 0.10 4
1 2 3 4 5 6 7 8 1 2 3 4 5 6 7 8

Image Image
Figure 4. Histogram-based comparison of shadow-removal performance using MSE, PSNR, SSIM, and GMSD for the
Classical and Proposed methods
The histograms depict the distributions of pixel intensities before and after the process of shadow removal, where the proposed
method of DRUNet has been used, indicating a better balance of brightness and maintenance of text. The change in the
distribution towards a more bimodal form denotes better segregation of the text (foreground) and the document background,
which is a necessary condition of good binarization. As shown in Table 3 and Figure 5.
Table 3. Quantitative evaluation of haze and blur reduction results using MSE, PSNR, SSIM, and GMSD for classical and

proposed methods.
MSE MSE PSNR PSNR SSTM SSIM GMSD GMSD
Tmage Classic Soft Classic Soft Classic Soft Classic Soft
Enhancement Enhancement Enhancement Enhancement

Imgl 5694.459 500.161 10.576  21.140 0.694 0.933 0.241 0.073
Img2 5011.935 458.742 11.131  21.515 0.745 0.941 0.229 0.086
Img3 2224.611 204.847 14.658 25.016 0.858 0.965 0.196 0.093
Img4 2107.276  193.986 14.894  25.253 0.865 0.966 0.176 0.079
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MSE MSE PSNR PSNR SSIM SSIM GMSD GMSD
Image Classic e Classic Soft Classic i Classic e
Enhancement Enhancement Enhancement Enhancement
Img5 1787.080 157.079 15.609 26.170 0.890 0.973 0.170 0.070
Img6 2665.781 219.258 13.873  24.721 0.844 0.960 0.200 0.091
Img7 1786.324 121.815 15.611 27.274 0.892 0.975 0.188 0.077
Img8 1906.376  153.911 15.329  26.258 0.883 0.969 0.184 0.069
Img9 2116.673 156.662 14.874  26.181 0.866 0.968 0.193 0.082
Imgl0 1682.880 136.194 15.870  26.789 0.896 0.975 0.167 0.082
MSE PSNR
—e— 0ld Method 27:57
5000 A —8— Proposed Method 25.0
4000 22.5
& 3000 - g 2004
g & 175
2000
15.0 1
1000 1 12.5 1 W
' —8— Proposed Method
04 ; i i ; ; ; ; ; ; 10.0 17 ; : : ; ; : : - :
1 2 3 4 5 6 7 a8 9 10 1 2 3 4 5 6 7 8 9 10
Image Number Image Number
SSIM GMSD

0.95 1 0.225 —o— Old Method
: . —e— Proposed Method
0.90 4 0.200 1
0.1751
= 0.851 2
n = 0.150 4
n [G]
0.80 0.1251
0.75 4 4
—e— Old Method 0.100
0.70 4 —8— Proposed Method 0.075 - W
: T T T T T T T T T T T T T T T T T T T
1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10
Image Number Image Number

Figure 5. Histogram Comparison of Haze-Reduction Metrics for the Classical and Proposed Methods

8. Discussion

Results from the experiments indicate that the modular two-stage framework suggested has a major positive effect on
the quality of scanned images with degradation. The two-stage methodology, by separating shadow removal from haze and blur
removal, allows for much greater robustness against the multiple types of degradation compared to a single-stage method. All
of the preprocessing techniques (i.e., median filtering and illumination normalization) have provided DRUNet with stable input
data, allowing for effective removal of remaining shadows without damaging text features. The improvement in the SSIM scores,
as well as the reduction of the GMSD scores, reflect an increase in preservation of document structure and distinct text edges.

Evidence of the efficacy of the shadow removal process can also be seen in the results from the histogram analysis. The
use of the shadow removal method results in a more balanced distribution of pixel intensities and better separation between
foreground text and background. Improved readability of documents has significant downstream benefits for applications such
as optical character recognition (OCR) and document binarization. The results also support the notion that combining classical
preprocessing techniques and artificial intelligence algorithms has allowed a system to handle complex illumination changes
while maintaining fine detail text information.
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The haze and blur reduction modules are also important factors in producing a quality final image. This method enhances local
contrast and sharp text without the use of any artefacts by combining Gaussian smoothing, CLAHE, and controlled sharpening
together in a single algorithm. The quantitative values indicate a consistent improvement in the metrics of MSE, PSNR, SSIM,
and GMSD across the various images tested, indicating that the modularized pipeline provides superior visual/structural fidelity
as compared to traditional methods. Overall, these results demonstrate the ability of deep neural networks combined with
lightweight enhancement processes to restore scanned documents effectively.

9. Conclusion

An enhancement framework for documents was presented that is implemented in a modular manner to handle two of
the most common degradations found in scanned documents: shadowing and haze/blur. The solution does not use one
enhancement process but has two distinct enhancement steps, which are complementary to each other. The first step utilizes
classical pre-processing methods with a DRUNet-based refinement path to consolidate unevenly illuminated areas and resolve
complex shadow structures without compromising the fine structures present within the text. The second step utilizes a soft
enhancement technique that uses contrast enhancement and controlled sharpening to reduce haze and blur while preserving the
text edge and readability.

In the experimental evaluation of the proposed methodology, the results demonstrate that the hybrid enhancement
method is more effective at enhancing clarity and consistency of a document than traditional document enhancement approaches.
While traditional filtering processes may struggle with complex types of degradation, they often apply excessive smoothing or
add unwanted noise to the document. The combination of a deep learning-based enhancement framework and lightweight
enhancement processing steps will allow the proposed enhancement algorithms to restore illumination balance, enhance the text
edge, and preserve the quality of key structural features. By employing the above two enhancement methodologies,
enhancements will create improved foregrounds and backgrounds and produce a visually enhanced document for use in
subsequent processing.

The key insight of this work is that treating shadow removal and haze reduction as two separate yet coordinated
processes significantly improves the quality of document restoration. The given framework offers a feasible and computationally
effective way of improving scanned documents of poor quality and making them more suitable for digitization and optical
character recognition software. This can be extended in future work with more advanced models of restoration, adaptive
parameter selection, and testing on larger and more diverse datasets of documents to make it more robust and generalized.
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