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Abstract: Color image binarization plays a pivotal role in image preprocessing work, significantly impacting
subsequent tasks, particularly in text recognition. This paper concentrates on Document Image Binarization (DIB),
aiming to separate a image into foreground (text) and background (non-text content). Through a thorough analysis
of conventional and deep learning-based approaches, we conclude that prevailing DIB methods leverage deep
learning technology. Furthermore, we explore the receptive fields pre- and post-network training to underscore
the Transformer model’s advantages. Subsequently, we introduce a lightweight model based on the U-Net
structure, enhanced with the Mobile ViT module to better capture global information features in document images.
Given its adeptness at learning both local and global features, our proposed model exhibits superior performance
on two standard datasets (DIBCO2012 and DIBCO2017) compared to state-of-the-art methods. Notably, our
proposed DIB method presents a straightforward end-to-end model devoid of additional image preprocessing or
post-processing. Moreover, its parameter count is less than a quarter of the HIP’23 model, which achives best
results on three datasets(DIBC0O2012, DIBCO2017 and DIBC0O2018). Finally, two sets of ablation experiments were
conducted to verify the effectiveness of the proposed binarization model.

Keywords: document image binarization; U-Net; transformer; mobile ViT

1. Introduction

Document Image Binarization (DIB) is one of the crutial image preprocessing works, and is
applied as a basic approach for image processing, such as text recognition [1-5], feature extraction
[6] and so on. A well preprocessed binarized image has significant effect on the results of Optical
Charactor Recognigion (OCR) [7]. The goal of DIB is to separate the image into foreground (text) and
background (non-text content). The foreground pixel value is 0 and the background pixel value is 255,
which is what we usually call "black words and white paper".

The document images like the ancient text data, always suffered serious degradations as shown in
Figure 1 and Figure 2. These images are from the datasets of the International Frontiers in Handwriting
Recognition Conference, which started in 2009 and held almost every year [8-18]. Document image
binarization holds substantial practical application value and significance in this regard. The digital
processing of degraded documents is a crucial method for addressing challenges in historical document
preservation and cultural heritage conservation. Manual processing of large volumes of historical
text materials entails significant time and labor, and is susceptible to errors. Therefore, employing
computers for automatic processing of images of ancient text materials is imperative.

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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a (b)
Figure 1. Two document images and their binarized result image. (a) Original document images from
DIBCO dataset [12,16], (b) binarization results obtained by method [19].

Figure 2. Some document image. Source: DIBCO dataset [14,15,17].

As depicted in Figures 1 and 2, various textual issues are evident in the document images. For
instance, Figure 1 illustrates text inconsistencies such as variations in texture, font size, and color,
alongside distortions in the alignment of text content lines, yellowing of paper, and ink contamination.
Similarly, Figure 2 showcases damaged and incomplete textual elements, significant blurring, and
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the presence of strong background textures causing interference within the text area. In summary,
the analysis and recognition of textual information within handwritten document images of ancient
books or early printed materials pose formidable challenges. Therefore, research into document image
binarization for text segmentation holds particular significance.

Many approaches have been proposed to realize document image binarization. The typical
methods include thresholding methods, such as the Otsu algorithm [20], Niblack’s method [21],
Sauvola’s method [22], Wolf’s method [23], among others [24-35]. There are also other traditional
algorithms based on edge detection [36—40], and others utilizing fuzzy logic [41-45]. Additionally,
there is one method, the winner of DIBCO2018 [46].

In recent years, the achievements in document image binarization research have primarily been
realized through deep learning [19,47-63]. Neural networks have demonstrated remarkable ability to
segment foreground text and background of document images, as demonstrated by a comparison of the
deep learning algorithm [63] with the traditional method [46] (winner of DIBCO2018) for binarization
of handwritten document images, as shown in Figure 3.
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Figure 3. Comparison of a document images with its true binarization result and the results obtained
by two binarization methods. (a) original color image, (b) true binarization result (GT), (c) binarization
result of Xiong et al. [46], and (d) binarization result of Rezanezhad et al. [63].

From Figure 3, it is evident that Rezanezhad et al. [63] segmented the foreground text and the most
prominent background textures. Their model attained the top performance across three document
image datasets (DIBCO2012, DIBCO2017, and DIBCO2018) at the 2023 International Symposium
on Imaging and Processing Historical Documents. The model is based on the U-Net structure and
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the locally applied transformer, which has significant segmentation capability. Based on the further
research and analysis of their model, we propose a new model of document image binarization with
fewer parameters and better performance.

This paper introduces a novel model that combines the U-Net architecture with Transformer,
integrating Mobile ViT for document image binarization for the first time. The main contributions of
this paper are as follows:

¢ We have discussed the characteristics of different types of deep learning methods for document
image binarization and have also illustrated the receptive fields of the CNN and Transformer
models.

¢ By incorporating the Mobile ViT block into the U-Net structure, we aim to broaden the receptive
fields of the image, capturing both global and local characteristics more effectively. This marks the
first application of Mobile ViT in document image binarization. The parameters of the proposed
model are only one-fourth of those of a similar model [63] based on U-Net for document image
binarization.

® MVT-Unet is a straightforward end-to-end model trained only once, without employing pre- or

post-processing steps or ensemble methods.
* MVT-Unet demonstrates superior performance compared to state-of-the-art results on two

standard Document Binarization Competition (DIBCO) datasets, for both handwritten and
machine-printed documents.

The paper is structured as follows. In section 2, we review various document image binarization
methods. Section 3 discusses the proposed model. We present the experimental results and compar-
isons with other approaches on several DIBCO datasets in section 4. Section 5 showcases two sets
of ablation experiments on the core modules of the proposed model. Finally, section 6 concludes the

paper.

2. Related Work

In this section, we overview the different algorithms or models for ducoment image binarization
and analysis the characteristics of each methods. It is well known that, many approaches have been
proposed to address this issue. These techniques can be roughly categorized into traditional approaches
[20—40] based on edge detection, [41-45] using fuzzy logic other kinds like [46] and deep learning
methods [19,47-71].

2.1. Traditional Binarization Techniques

The Otsu algorithm, pioneered by Otsu [20], stands as one of the most renowned thresholding
methods for document image binarization. It endeavors to ascertain an optimal threshold value
through comprehensive grayscale image analysis. However, its single threshold approach proves
inadequate for handling low-contrast or unevenly illuminated images. Consequently, alternative
methodologies have been proposed to mitigate the limitations inherent in employing a fixed threshold.
Noteworthy among these are Niblack [21], Sauvola [22], Wolf [23], and others [24-35].

Recognizing the significance of stroke continuity, particularly in degraded handwritten document
images, Holambe et al. [39] introduced a methodology integrating contrast mapping with Canny’s
edge detection, aimed at identifying text stroke edge pixels. Subsequently, thresholding techniques are
applied to delineate background and foreground regions. Similarly, conventional algorithms [36—40]
predominantly rely on edge detection for document image binarization. Numerous other traditional
approaches [42-46] have been proposed in pursuit of achieving optimal document image binarization.

Among these, the work of Xiong et al. [46] merits attention as the victor of the 2018 Document
Image Binarization Competition. This method exemplifies a conventional approach that leverages
background estimation and Laplacian energy segmentation techniques exclusively for document
image binarization. Despite its accolades, limitations become evident, particularly when the image is
afflicted by similar background textures and text, as illustrated in Figure 3(c).


https://doi.org/10.20944/preprints202404.1594.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 25 April 2024 d0i:10.20944/preprints202404.1594.v1

50f29

2.2. Deep Learning Binarization Approaches

As we can seen the binarization result of the document image obtained by Rezanezhad et al. [63]
in Figure 3(d), it is almost well segmented the text information in the original document image. Even
the binarization result of Rezanezhad et al. [63] still has some areas that are not well segmented. For
example, the background information far away from the text information is incorrectly classified as
foreground. But it can also be clearly seen that the results of document image binarization based on
deep learning are far better than those of traditional methods, so the algorithms of document image
binarization in the past three years are basically studied on the technology of deep learning. Such as
literature [57-63,66—-69,72,73].

The models of document image binarization based on deep learning technology are mainly
divided into two research directions. One is the model obtained based on Convolutional Neural
Network (CNN) [19,47-63], and the other is based on Generative Adversarial Networks (GANs)
[66-69].

Calvo and Gallego [19] use of convolutional auto-encoders devoted to learning an end-to-end
map from an input image to its selectional output through the activation functions to indicate the
pixels to be either foreground or background. This model is once trained, and outperform the existing
binarization strategies in the same period. While it is not as good as Rezanezhad et al. [63], which is
the U-Net based structure with adding attention mechanism (Transformer). The detailed comparison
of these two modesl and the reasons will explained in the next section. Other CNN-base models
[48,49,51,53,55,64-72,74] or using U-Net structure models [52,54,56,62,73] are developed in the past
years.

Generative Adversarial Networks (GANSs) [75] include generator networks and discriminator
networks. Souibgui et al. [66] apply conditional generation adversarial networks (cGANs) to develop
an Document Enhancement Generative Adversarial Networks (DE-GAN) to restore severely degraded
document images, including the binarization task. They input a degraded image with its Ground Truth
(GT) to the discriminator, which forces the generator to generate an output that is indistdistinguishable
from the GT. After training, the discriminator becomes unnecessary and only the generator network is
used to enhance the degraded image. Differently, Rajesh et al. [70] employ the Dual Discriminator Gen-
erative Adversarial Network (DD-GAN) [65] to achieve binarization directly using JPEG compressed
stream of document images. Others GAN-based models [64,67,70,71] are constructed to realize the
binarization issure.

In summary, the above CNN-based models [19,47,50,57-61] generally have the advantages of
CNN, simple structure design, fewer parameters, and high computational efficiency, especially friend-
liness to limited computing resources. While the models [64-71] operating within the GAN framework
have the characteristics of GANs. Through the unsupervised generative model, on the basis of a
well-trained discriminator, it can produce clearer and more realistic sample results. Nevertheless,
GAN s also suffer from certain drawbacks, such as mode collapse and mode shock in the training
process, which may lead to the unstable quality or lack of diversity of the generated document image.
GAN training procedures are typically intricate and necessitate meticulous design and parameter
tuning, often requiring considerable time investment to achieve desired outcomes.

3. Methodology

3.1. Baseline Network for Document Image Binarization

Based on the above analysis and summary of the document image binarization task using CNN
and GAN, we found that the essence of the document image binarization work is the segmentation
task of the target image (that is, the segmentation of the foreground text and the background). U-Net
network was proposed by Olaf et al [76] in 2015, which is used for medical image segmentation
tasks and has achieved excellent results. Due to its excellent performance on segmentation tasks, this
structure has attracted the attention of binarization related research. There are several U-Net based
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document image binarization methods [54,63,77,78]. Because U-Net has two advantages, one is the
simple left-to-right symmetric convolution model, the other is the skip connection. The first point is
the essence to realize the process of encoding and decoding through pure convolution, downsampling
and upsampling, these are the process of compressing the image features, retaining only the key
information, and restoring the image, ensuring that the output image is consistent with the size of the
input image. The second point is that the a skip connection in the process of encoding and decoding,
makeing the features at the pixel level of the image and the semantic features are fused, and this
feature fusion of different scales is very beneficial for the recovery of the image through upsampling.
Therefore, U-Net network can do semantic segmentation at the pixel level, so it is very suitable for the
segmentation task of text and background of document images. In addition, U-Net has the advantage
that it can learn well even with a small amount of labeled data through the use of data augmentation
and special network architecture, which is very suitable for datasets with a small amount of labeled
document images.

In short, pure convolutional networks can be easily adjusted and optimized according to different
task requirements due to their simple structure design, and adapt to various sizes and types of image
processing tasks, which U-Net has, while pure cascaded convolutional neural networks cannot achieve
the structure designed by U-Net due to its symmetric structure and skip connections. It can transfer
information between different levels of the network, can fuse feature maps of different resolutions,
and effectively combine depth and context information in order to retain more detailed information,
so as to achieve better document image binarization effect.

Because of the advantages of convolution and U-Net network, we will conduct experimental
exploration on the document image binarization model [19] and the pure U-Net model. However, we
found problems in several cases, as shown in Figure 4. In Figure 4, the binarization results presented
in (c) and (d) show that the textural background information similar to photocopied content and text
information in the original document image cannot be segmented reasonably. However, the original
document image of Figure 4(a) is severely polluted, and even the texture in the background has strong
contrast. Relying only on simple cascaded convolution or U-Net network training cannot fully capture
the overall features and achieve the "black and white" binarization effect we want. This problem
mainly stems from the limitation of receptive field range, that is, simple cascade convolution and
U-Net network are difficult to learn a wider range of receptive field features.
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Figure 4. A comparison of a document image and the results obtained by GT and two binarization
methods. (a) original color image, (b) true binarization result (GT), (c) binarization result of Calvo and
Gallego [19], and (d) binarization result of Rezanezhad et al. [63].
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3.2. Improving Network Receptive Field Range

In the previous subsection, we mentioned the concept of receptive field, let’s first briefly introduce
this concept. The receptive field in a biological neural network is the input region that the neuron
“sees”, while in a deep learning convolutional neural network, the computation of an element in the
feature map is affected by a region of the input image, which is the receptive field of that element.
There are two ways to calculate the receptive field specifically. A began to calculate step by step input
layer [79], typical calculation formula formula such as Iy = Iy_1 + (fy — 1) Hff;ll Si, Ik, fr, Sk represents
the receptive field, kernel size and step size of the klayer, respectively. Another approach, proposed by
Luo et al. [80], uses backpropagation to compute the “effective receptive field”. In their literature, the
effective receptive field is defined as the region of input pixels that have some influence on the central
output unit. By analyzing the distribution of the effective receptive field with different weights, they
deduced the mathematical characteristics of the effective receptive field in the general case involving
nonlinear activation functions, which were calculated by the main formulas (1) and (2). And the
variance formula (3) and expectation (4).

ol
3,0 ::2: . 340
dxj %J’ayiJ ox;

1)

Where lis the loss function, the pixels of each layer are indexed by (i, j)and its center is (0,0). Where
xg jfor the network’s input, y; ; = xi”].for the first nlayer of output, the purpose is to want to measure
each xto y contribution.

S k=1k=1
g, jp—1) = af]. Z Z wglhg(l +a,i+b,p) (2)
a=0b=0

Where g(1, j, p) for the first player gradient, o} ;for the first player on pixel (i, j)activation function

gradient, wf{bis the convolution kernel layer in p (4, b) convolution weights.

Var(g(i,j,p — 1)] = E[o!}"] Y Y- Var([w], Var[g(i + a,i + b, p)] = 0 3)
a=p
Elo??] = Varlo??] = 1/4 (4)

We use the effective receptive field calculation method proposed by Luo et al. [80], and plot
the receptive field of a representative RestNet and Transformer before and after training in Figure 5.
From the comparison effects of Figure 5(c)(d), it can be clearly seen that after Transformer training,
the receptive field range of the central element covers almost the entire image, which is significantly
better than the effect of ResNet (pure convolution)(the larger the value, the stronger the influence).
This shows that the model of the Transformer architecture can effectively deal with long-distance
dependencies through the self-attention mechanism, so that the model can better understand the
association between distant locations, so as to better capture the global dependencies. In addition,
the flexibility and versatility of the Transformer architecture makes it suitable for various computer
Vision tasks (Vision Transformers, or Vits), and it is their powerful modeling capabilities that allow
their architectural form to flourish.
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Figure 5. Comparison of receptive field effects of RestNet and Transformer before and after training for
the central element. The color change from light yellow to dark green indicates that the receptive field
of the region has a greater influence on the central element.

In 2021, the Mobile ViT model proposed by Sachin and Mohammed upcite 2021MobileViT is a
lightweight Vision Transformer architecture. The model architecture of Mobile ViT is also explained in
detail in Chapter 2 of this paper. The core components of the model are MV2 and Mobile ViT block,
which makes it a fusion of the advantages of CNN and Transformer attention mechanisms. The most
important module Mobile ViT block has the advantage of flexibly combining global self-attention
and local feature extraction, and has the following four advantages in balancing performance and
computing efficiency. The first is its lightweight structure, which makes it suitable for mobile devices
with limited computing resources. The second is hierarchical feature extraction. The Mobile ViT block
contains multiple sub-layers, which can effectively extract features of different abstract levels of the
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image. The third is cross-layer connection. Because it introduces a horizontal connection or jump
connection mechanism, it is conducive to improving the efficiency and accuracy of feature transfer.
Finally, the multi-scale processing feature can support inputs of different scales (i.e. input images of
different sizes). These advantages make the Mobile ViT model perform well in balancing performance
and computing efficiency.

3.3. Proposed Model

Just as the advantages of Mobile ViT block mentioned above, we introduce Mobile ViT block
under U-Net architecture to build a document image binarization model. This study draws on the
successful experience of Rezanezhad et al. [63] in the field of document image processing. Their model
was featured in the 2023 International Symposium on Imaging and Processing of Historical Documents,
in particular at DIBCO2012 [11], The best results were achieved on three datasets: DIBCO2017 [15]
and DIBCO2018 [16]. With traditional algorithms [20,22,46] and other deep learning-based models
[49,59,64,69,81], the model showed obvious advantages in visual effect and four commonly used
indexes. One of the biggest advantages of the model [63] is the low requirement of graphics card
resources and short training time. Using only an Nvidia 2080 graphics card, you can train a suitable
document image binary model in two days. In addition, the model has a relatively small number of
parameters, is based on the U-Net architecture, and the attention mechanism of Transformer is cleverly
added at the bottom right side.

However, the Transformer structure in Rezanezhad et al. [63] model is used only after several
convolution subsampling encodations, which results in insufficient learning of the overall structure
information of the original image, as shown in Figure 4. In contrast, the model proposed in this study
takes advantage of the lightweight advantages of Mobile ViT block to effectively learn the information
features of document images during each convolution expansion process. This allows the model in
this study to better integrate global and local image features. The overall structure of the document
image binarization model in this study is shown in the figure. Due to the portability advantage of
Mobile ViT block, the number of model parameters in this study has been greatly reduced, specifically
by about 76% (the number of model parameters in this paper is 8923370, while the number of model
parameters in Rezanezhad et al. [63] is 36980426). This makes the model studied in this paper more
suitable for lightweight hardware devices.
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Figure 6. The proposed document image binary model of the overall architecture diagram. On the left
side of the U-shaped structure, we introduce the MV2 and Mobile ViT block structures. The number of
jump connections of the model framework is five, which can better integrate local and global features.
The right annotation section of the model structure details the operation of the different colored arrows.

4. Experiments and Analysis

In this section, we give the specific operation process of the experiment in detail, mainly including
the experimental description, the qualitative analysis and quantitative analysis of the experimental
results. In the following, we will introduce the specific details of the three parts in turn.

4.1. Introduction of Experiments

This part introduces the preparation work before model training. In order to objectively evaluate
the performance of our proposed model, we used the same data set as that of Rezanezhad et al. [63]
for experimental training. To be specific, We used the recent DIBCO dataset [8-16], the Bali Palm
Leaf dataset [82] and the PHIBC [83] dataset of the Persian Heritage document image Binarization
Competition.

For comparative experimental analysis, we selected DIBCO2012 [11], DIBCO2017 [15]DIBCO 2018
[16] as validation data set. The rest of the data set serves as the training data set, This is consistent
with the model of Rezanezhad et al [63] and others [49,59,64,69,81] is consistent.

The training image size, learning rate, and number of epochs for our document image binarization
model were all tuned through extensive experiments. The specific training process of the model was
divided into two stages. In the first stage, the images of the training dataset were not cut, so as to
learn the model from the overall structural features, and the complete image information after data
enhancement processing was used for training, and the training epoch was set to 30. The second stage
focuses on the learning ability of local detail information. In this stage, the original document image is
diced, which results in the amount of training data increasing to more than four times that of the first
stage, so the training epoch is set to 20.

The loss function for training document image binarization models is often the F-measure (FM),
as described in [19,63]. The F-measure (FM) of an image, which is defined as the formula (5).

EM — 2 X Precision x Recall
" Precision + Recall

(5)
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Where Precision = %, Recall = #fnj, and the three quantities TP, FP, F Nrespectively indicate
that the experiment obtained correct positive values (the pixels in the foreground of the text were
correctly divided into text). False positive values (pixels of the background are incorrectly classified as
text foreground), and false negative values (text foreground is incorrectly classified as background).
During our training, we set the foreground pixel value to 1 (" positive ") and the background pixel
value to 0 (" negative ") in the true binary label (GT). Putting the calculation of Precisionand Recallinto
the formula (5), the simplified objective function can be obtained as follows.

_ 2TP
" 2TP+FP+FEN

An important problem in model training is the insufficient amount of training data. This is
because the recent DIBCO datasets [8—17] only 11 datasets containing a total of 146 pairs of original
document images and their true binarized label images (GT), Together with the 50 pairs of Bali palm
leaf dataset [82] and the 16 pairs of images and their GT of PHIBC dataset [83], there are only 212 valid
image pairs and labels in total. If the training target is DIBCO2017 dataset [15], only 172 pairs of images
and their GT can actually be used for training (20 pairs without DIBCO2017 [15], and 20 pairs without
DIBCO2017 [15]). It also does not contain the 20 pairs of DIBCO2019 [17], because the document image
of this dataset is more complex, the degree of pollution type and the characteristics of the text are very
different from those shown in other datasets. And other models for comparison [49,59,63,64,69,81] is
trained without any data [15,17]). This is not sufficient for neural network model training, so similar to
Rezanezhad et al. [63], We applied data augmentation to an existing dataset [60,84], including image
rotation, scaling, brightness adjustment, and image chunking. In the specific training process, we
trained DIBC0O2012 [11], DIBCO2017 [15] and DIBCO2018 [16]. An input image size of 512 x 512 was
chosen. The training process is divided into two stages, the first stage is a learning rate of le-3 or 8e-4
(depending on the training curve and the results), and the second stage uses a learning rate timer, the
learning rate is halved every five iterations, and the initial learning rate is the same size as in the first
stage.

In summary, through the comparative analysis of experimental results, the binarization model
of document image proposed in this paper, We get better results on DIBCO2012 [11] and DIBCO2017
[15] datasets (compared to Rezanezhad et al. [63]). That is, it performs better in the four indicators
of document image binarization. The results on the DIBCO2018 [16] dataset are not very good and
we analyze this. In addition, this paper also conducts verification and comparison experiments on
the DIBCO2019 [17] dataset (because the images of this dataset are severely damaged and the image
features are different from the training dataset). It outperforms [63] and other traditional methods with
the same parameters. In the following, we will analyze and discuss the experimental results through
qualitative and quantitative aspects.

FM (6)

4.2. Qualitative evaluation

The experiments in this paper are compared and analyzed on DIBCO2012 [11], DIBCO2017 [15]
and DIBCO2018 [16] datasets respectively. We compare the document image binarization model pro-
posed in this paper with the deep learning-based model [49,59,63,64,69,81] and the classic traditional
method [20,22,46] are compared on the three datasets [11,15,16]. By enumerating the visual comparison
maps of the binarization results and calculating the relevant evaluation indicators, the comparative
analysis is carried out. First, we show the visual comparison of different methods on different datasets
in the Figures 7, 8, 9, 10, 11 and 12.
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Figure 7. Comparison of image H01-2012 and its GT and the results obtained by different binarization
methods. Binarization result of (a) Otsu [20], (b)Sauvola [22], (c) Xiong et al. [46], (d) binarization
results of Rezanezhad et al. [63], (e) binarization results of Calvo and Gallego [19], and (f) the proposed
method.

From Figure 7, we can clearly see that Otsu [20] cannot distinguish the pollution in the second line
of the original article image from the text content very well. This is mainly because the method is based
on a global threshold. However, the traditional method Sauvola [22], which is based on local threshold,
can basically separate the polluted background content from the text. Xiong et al. [46] method (as the
champion algorithm of DIBCO2018 [16]) also cannot perfectly segment the text information in the thick
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area of the stroke, which indeed illustrates the limitations of the traditional binarization method. The
model of Calvo and Gallego [19] is a simple cascade convolutional network. Obviously, it is found that
its binarization results cannot distinguish well the features in the background far from the text area, so
that there is a lot of noise in the result map. This shows that the pure convolution model indeed has a
strong ability to learn only local features. The results of Rezanezhad et al. [63] do not perfectly extract
only some of the thinner strokes and the sliding lines of the last two letters, and the rest of the text is
almost completely separated from the background content.
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Figure 8. Comparison of image H11-2012 and its GT and the results obtained by different binarization
methods. Binarization result of (a) Otsu [20], (b) Sauvola [22], (c) Xiong et al. [46], (d) binarization
results of Rezanezhad et al. [63], (e) binarization results of Calvo and Gallego [19], and (f) the proposed
method.
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Figure 9. Comparison plots of image 19-2017 and its GT and the results obtained by different binariza-
tion methods. Binarization result of (a) Otsu [20], (b) Sauvola [22], (c) Xiong et al. [46], (d) binarization
results of Rezanezhad et al. [63], (e) binarization results of Calvo and Gallego [19], and (f) the proposed

method.
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Figure 10. Comparison plots of image 18-2017 and its GT and the results obtained by different
binarization methods. Binarization result of (a) Otsu [20], (b) Sauvola [22], (c) Xiong et al. [46], (d)
binarization results of Rezanezhad et al. [63], (e) binarization results of Calvo and Gallego [19], and (f)

the proposed method.
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Figure 11. Comparison plots of image 4-2018 and its GT and the results obtained by different binariza-
tion methods. Binarization result of (a) Otsu [20], (b) Sauvola [22], (c) Xiong et al. [46], (d) binarization
results of Rezanezhad et al. [63], (e) binarization results of Calvo and Gallego [19], and (f) the proposed
method.

We can see from figure 8 that the traditional methods based solely on global or local thresholds
Otsu [20] and Sauvola [22], The result of binarization for the document image with uneven illumination
is not very satisfactory. However, because Xiong et al [46] method estimates the overall background of
the image and uses a variety of processing techniques, this kind of uneven illumination document
image can also get better binarization results. At this point, the deep learning based models Calvo and
Gallego [19] (just without the fully clean separation of background content), Rezanezhad et al [63]’s
model and our model have achieved satisfactory binarization results for document images.

Only the proposed method obtains fully satisfactory results for binarization of document images
in Figure 9. From the binarization results of the traditional methods (Otsu [20], Sauvola [22] and Xiong
et al. [46]) in Figure 9, we can see that, For shadows with similar text information in the background, it
is difficult for these methods to correctly segment them into background content. For the binarization
results of Rezanezhad et al. [63], compared with Calvo and Gallego [19], the background content near
the text can be segmented well, but the photocopy contaminated area far away from the text area
cannot be correctly segmented. This is because the model of Rezanezhad et al [63] has limited feature
learning ability for the global information of document images. The advantage of the proposed model
is that it can use the lightweight Mobile ViT block module to effectively fuse the global information
into the local information features extracted by convolution.
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Figure 12. Image 5-2018 and its GT and comparison of the results obtained by different binarization
methods. Binarization result of (a) Otsu [20], (b) Sauvola [22], (c) Xiong et al. [46], (d) binarization

results of Rezanezhad et al. [63], (e) binarization results of Calvo and Gallego [19], and (f) the proposed
method.

In Figure 10, the binarization results of Rezanezhad et al. [63] and the proposed model are
basically satisfactory. This is because the model by Rezanezhad et al [63] uses the Transformer
structure in the bottom local region of the U-Net network architecture, and the document image has a
shallow background photocopy pollution compared to the document image in Figure 9. As a result,
Rezanezhad et al. [63] do a good job of separating background from text content.

Similar to the binarization results in 10. In 11, the binarization results of Rezanezhad et al. [63]
and the proposed model are both relatively satisfactory. Figure 11 shows that the binarization of
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Otsu [20] is significantly better than that of Sauvola [22] because the photocopied text content in the
background is lighter in color than the text content in the foreground. As a result, the Transformer
used by Rezanezhad et al. [63] does a good job of separating background content from real text content
in small regions of the model. In addition, for the model training process of DIBCO2018 [16] dataset,
10 more effective datasets (6.2%) are used than that of DIBCO2017 [15], which plays an important role
in improving the performance of the model.

For the binarization results of all methods in Figure 12, visually, there is a big difference between
the binarization results of all methods and the true result (GT). The traditional three methods [20,22,46]
fail to correctly preserve the shallow text content of the last two lines, and the pure convolutional
method [19] also has the same problem. Rezanezhad et al. [63] show strong performance, especially in
the last two lines of text display closer to the real label. This may be attributed to the large number
of parameters and the integration design of multiple models. The reason may be that the model has
a large number of parameters (more than four times that of the proposed model) and is based on
the integration of multiple models. Specific analytical explanations will be provided in the following
section on the model robustness study in quantitative experiments. Therefore, it is undeniable that the
model of Rezanezhad et al. [63] does exhibit strong performance.

4.3. Quantitative Evaluation

For the quantitative numerical evaluation of the results of document image binarization process-
ing, there are four commonly used evaluation indicators that are popular at present: Image F-measure
FM, pseudo F-measure pFM [83], Peak Signal to Noise Ration (PSNR) and distance reciprocal distortion
(DRD) [85]. These four evaluation metrics are used to show the quality of the obtained binarized image
through different aspects, and they are significantly better than simple Accuracy.

(1) FM

Before giving the definition of FM and pFM, we first need to know the following four concepts,
that is, TP, FP, TN, EN these four quantities are the correct positive value, the wrong positive value, the
correct negative value, and the wrong negative value. The relationship between these four values can
be clearly seen in the table below.

Table 1. Predicted Values and Ground Truth

Predicted Values\Ground Truth  Possitive (1) Negtive (0)
Possitive (1) TP FP
Negtive (0) FN TN

The usual definition of Accuracy is:

Accuracy = IP+IN (7)
YT TPYFP+TN+FN
The F value of the image (FM), it’s defined as in equotion(8).
2 X Precision x Recall
FM = - 8
Precision + Recall ®)
Where Precision = FPEiIJTP’ Recall = % In the binarization process, Precision is the probability

that a value of 1 is correct, and Recall is the probability that a value of 1 accounts for the probability of
a value of 1. We can see from the formula (7) and formula (5) that FM is more reasonable than Accuracy
for the evaluation of document image binarization. Because the proportion of text in binarized text is
much smaller than the pixels in the blank space, using FM metric is more scientific than simply looking
at the pixel Accuracy of the whole image.

(2 pPFM
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The pseudo F-value (pFM) of an image, defined as:

pEM — 2 x pRecall x PT’('E‘C'I'SZ'OI’Z
pRecall + Precision

©)

Where Precision is the same as defined in FM, and pRecallis the percentage of the character structure
in the standard image compared to the binarized image. From the above definition of FM and pFM
values (59), we can clearly see that the size of these two indicators are positively correlated with the
quality of the document image after binarization.

(3) PSNR

Peak signal-to-noise ratio (PSNR) is an indicator of image quality related to mean square error.
It is an objective evaluation index that mainly expresses the difference between the results of image
processing and the real image. In this paper, it is used to evaluate the difference between the binariza-
tion result of the document image and the binarization image of the real document image, which is
calculated as follows:
(2" -1y

MSE

Where MSEis the mean squared error between the binarized image and the real binary image.
For general 8bit image representation method, n = 8, the peak value is 255 = 28 — 1. The unit of PSNR
is dB, the larger the value is, the more similar the binarization result is to the real binarized document
image, which is a widely used objective index to evaluate image quality.

(4) DRD

Distance reciprocal distortion measure DRD [85] is to objectively express the distortion of visual
perception of binarized document image through the distance between pixels. The specific definition
is as follows:

PSNR = 10 x log,, (10)

0] kDRD K
NUBM

Where DRDyis the distortion of the KTH flipped pixel and NUBNis the number of non-uniform
(not all black or white pixels) blocks in the real binarized image. The larger the value of DRD, the
greater the distortion of the visual perception of the binarization result. Therefore, the smaller the
value of DRD, the better the binarization result of the text.

Below we have listed respectively in DIBC0O2012 [11], DIBCO2017 [15] and DIBCO2018 [16]. The
average values of the four indicators of the binarization results on three datasets obtained by methods
[20,22,46,49,59,63,64,69,81] and our method. The results are shown in Table 2, Table 3, and Table 4.

DRD = (11)

Table 2. Comparison of the results of different binarization methods and the proposed method on the
DIBCO2012 [11] dataset. The best and second best index values are plotted in red and blue, respectively.

Algorithm PSNR FM pFM DRD

Otsu [20] 15.03 80.18 82.65 26.45
Sauvola at el. [22] 16.71 8289 8795 6.59
Xiong at el. [46] 21.68 9426 9516 2.08
Kang at el. [59] 21.37 9516 96.44 1.13
Tensmeyer atel. [49] 20.60 9253 96.67 248
Zhao at el. [64] 2191 9496 96.15 155
Jemni at el. [69] 2200 9518 9463 1.62
Souibgui at el. [81] 2229 9531 9629 1.60

Model 1 [63] 2316 96.02 9731 114
Model 2 [63] 2324 9626 9729 1.12
Model 3 [63] 2324 9625 9751 1.12

Ensenbel model [63] 23.27 9625 9758 1.11
Proposed method 2332  96.37 97.73 1.08
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Table 3. Comparison of the results of different binarization methods and the proposed method on the
DIBCO2017 [15] dataset. The best and second best index values are plotted in red and blue, respectively.

Algorithm PSNR FM pFM  DRD
Otsu [20] 13.83 77.73 77.89 1554
Sauvola at el. [22] 1425 7711 841 8.85
Xiong at el. [46] 1799 89.37 90.80 5.51
Kang at el. [59] 1585 9157 9355 292
Winer Algorithm [15] 1828 91.04 9286 3.40
Zhao at el. [64] 17.83 90.73 9258 3.58
Jemni at el. [69] 1745 89.80 8995 4.03
Souibgui at el. [81] 19.11 9253 95.15 237
Model 1 [63] 1899 9250 95.05 249
Model 2 [63] 19.04 92,60 9483 244

Ensenbel Model [63] 19.04 93.01 9542 229
Proposed method 19.29 93.23 9590 2.22

From Table 3 and Table 3 we can clearly see that, Our simple end-to-end model outperforms
other traditional methods on the mean of four common document image binarizations [20,22,46] and
deep learning model with the same training dataset [49,59,63,64,69,81]. Of particular note is that the
performance of our individual model also exceeds the ensemble model of Rezanezhad et al. [63],
showing the absolute superiority of our model performance. However, from Table 4, Our model did
not exceed the model of Jemni et al. [69] and Rezanezhad et al. [63] on the DIBCO 2018 dataset, and
we also conducted experimental analysis here.

Table 4. Comparison of the results of different binarization methods and the proposed method on the
DIBCO2018 [16] dataset. The best and second best index values are plotted in red and blue, respectively.

Algorithm PSNR M pFM  DRD
Otsu [20] 9.74 51.45 53.05 59.07
Sauvola at el. [22] 13.78 67.81 74.08 17.69
Xiong at el. [46] Winner ~ 19.11 88.34 90.37 4.93
Kang at el. [59] 19.39 89.71 91.62 251
Zhao at el. [64] 18.37 87.73 90.60  4.58
Jemni at el. [69] 20.18 92.41 9435  2.60
Souibgui at el. [81] 19.46 90.59 9397  3.35
Model 1 [63] 19.79 90.65 9350  3.63
Model 2 [63] 19.94 91.87 95.62 277
Model 3 [63] 19.88 91.46 95.00 3.00

Ensenbel Model [63] 20.29 92.47 95.99 2.50
Proposed method 19.517 90.5907 94.796  3.29

From Table 4, Our model performed worse than the model [16] on four metrics on the DIBCO2018
[16] dataset. To find out why, The four evaluation indexes of the binarization results of ten document
images in the DIBCO2018 [16] dataset obtained by the model are listed in Table 5.
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Table 5. Four evaluations of the results of the proposed method on each image of DIBCO2018 [16]

dataset.

Imagename PSNR FM pFM DRD
1-2018 2023 8996 97.52 3.18
2-2018 16.70 7835 8388 8.78
3-2018 1840 9538 99.05 1.5
4-2018 20.77 85.61 96.81 2.65
5-2018 19.02 90.17 9396 425
6-2018 21.96 96.67 9791 176
7-2018 2286 9321 9487 225
8-2018 16.78 9031 95.09 271
9-2018 2339 97.01 9744 123

10-2018 1505 89.24 9144 5.61
Average 1952 9059 9480 3.39

We find from the specific values in Table 5 that the binarization of images 2-2018 and 10-2018 has
lower PSNR values and smaller FM values. Then we list the comparison between the binarization
results of these two images obtained by our model, the original document image and GT, as shown in

Figure 13.
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Figure 13. Images 2-2018 and 10-2018 and their GT compared with our method. (a) GT, and (b)

binarization result of our method.

From Figure 13(b), we can see that the difference between the binarization results of our model
and the real binarization results is mainly due to the black area at the top of the image, especially the
binarization results of image 2-2018 obtained by our method. The text part is almost the same as GT.
It’s just that the top black area is not segmented by our model as background content. As you can see,

our model is weak in learning large black areas far from the text area, which leads to the poor results


https://doi.org/10.20944/preprints202404.1594.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 25 April 2024 d0i:10.20944/preprints202404.1594.v1

22 of 29

of our model on the DIBCO2018 [16] dataset. The main reason for this phenomenon is that the training
data set contains a smaller number of original document images with large dark areas.

Next, we will compare the robustness of the model with other methods [20,22,46,63]. The ex-
periment is carried out on the DIBCO2019 [17] dataset with severe image damage. The specific deep
learning model used is trained on the DIBCO2017 [15] dataset, because the model is obtained using
the minimum number of training dataset images (162 pairs of labeled document images and their real
binarization results). We also use the mean of the twenty results of the four binaryzation metrics PSNR,
FM, pFM and DRD in the DIBCO2019 [17] dataset for quantitative comparison. The means for the
various methods are shown in Table 6.

In Table 6, in order to more objectively and fairly measure the robustness of the model [63] and
the model in this paper, Here are two examples of the [63] model. This is because the model provided
by Rezanezhad et al. [63] is an ensemble of several trained models and has about 37.0M parameters,
while our model has about 8.9M parameters, which are not on the same order of magnitude. In the
literature [86], experiments are carried out in detail and it is verified that the corresponding changes
in the network scale adjustment in depth can maintain the good performance of the original model.
Therefore, we use the method proposed in [86] (the study in (d) of [86], that is, the method of reducing
the number of parameters in depth) to adjust the parameter setting of the model of Rezanezhad et
al. [63]. The parameter number of the proposed model is about 9.0M, which is on the same order of
magnitude as that of the proposed model. At this point, the model is trained with the other training
conditions being the same.

Table 6. Comparison of the results of different binarization methods and the proposed method on the
DIBCO2019 [17] dataset. The best and second best index values are plotted in red and blue, respectively.

Algorithm PSNR FM pFM  DRD
Otsu [20] 9.029 4767 48.01 109.84
Sauvola at el. [22] 13.12  64.71 6637 21.24
Xiong at el. [46] 11.84 46.61 47.06 24.13
Model-9.0M [63] 1499 6581 6810 9.98

Model-37.0M [63] 15.64 7207 7346 7.72
Proposed Model-89M 1525 6592 6620 897

From Table 6 it is clear that the Otsu [20] method has the worst numerical performance in the
binarized metrics PSNR and DRD. Although Xiong et al. [46] won the champion algorithm of the
year on the DIBCO2018 [16] dataset, However, the FM and pFM numerical results on the DIBCO2019
[17] dataset are the worst, indicating that the robustness of the method is not very good. The model
[63]-37.0M is optimal in Table 6 for the four indicators of image averaging in the DIBCO2019 [17]
dataset. The main reason for this is that the model has a large number of parameters, which makes it
the most robust. The model in this paper ranks second in the mean value of PSNR, FM and DRD for
all images of the DIBCO2019 [17] dataset, and only the pFM index is inferior to the model [63]-9.0M.
It can be said that the model in this paper is superior to the model of Rezanezhad et al. [63] in the
same number of parameters. For the binarization results of DIBCO2019 [17] obtained by the model of
this paper, we observe that there is an image (8-2019-a), the binarization obtained by the model of this
paper hardly sees any real text information, and the evaluation index value is particularly low. See
Figure 14.
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Figure 14. Image 8-2019-a, comparison plot of the binarized results obtained by GT and the two
methods. (a) Binarization results of model [63]-9.0M (pFM=39.69), (b) binarization results of the
proposed model (pFM=6.76).

As you can see from Figure 14, our binarization model performs poorly on images with light font
colors (8-2019-a), resulting in a pFM value about 33 lower than that of [63]-9.0M. This directly leads to
the lower pFM index of the proposed model on the DIBCO2019 [17] dataset.

5. Ablation experiment

In this subsection, we analyze the effect of the core module role in the model and its correspond-
ing channel Settings on the network performance. All ablation experiments are validated on the
DIBCO2017 [15] dataset.

5.1. Experiments on the Performance of Mobile ViT Block

The first set of ablation experiments is an exploration of the number of components of the
proposed model Mobile ViT block. The specific experiment is completed by changing the number of
this module and replacing the three Mobile ViT blocks in the network with MV2 in turn under the
condition that other variables are the same. We use zero, one, two and three Mobile ViT blocks to train
the proposed model, and the resulting four models are denoted as M0, M1, M2, M3 (the proposed
model). The four models were used to binarize the DIBCO2017 [15] dataset, and their respective
average evaluation metrics (FM, pFM, PSNR, DRD) values were calculated. The results were recorded
in7.

In Table 7, we observe that the average value of PSNR increases gradually from MO through
M1, M2, and M3. This indicates that with the increase of the number of Mobile ViT blocks, the word
similarity between the binarization results obtained by network training and the true binarization
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improves. From MO to M1 to M2, and finally to M3, the values of FM and pFM experienced a process
from small to large to small, and finally to the largest (DRD has a similar trend). Finally, the values of
these four evaluation indicators reach the best level in M3 (the proposed model). Therefore, our choice
of three Mobile ViT blocks is reasonable.

Table 7. Comparison of results on the DIBCO2017 dataset [15] using zero, one, two and three (proposed)
Mobile ViT block modules.

Name PSNR M pFM  DRD

MO 1856 9157 9491 294
M1 18.84 9245 9537 2.55
M2 18.88 9239 9512 275
M3 19.29 93.23 9599 2.22

5.2. Experiments on the Number of Channels in Mobile ViT Block

The second ablation experiment is to analyze the effect of the number of channels in the three
Mobile ViT blocks on the performance of the model. The specific operation is that the number of
channels of 32, 64 and 96 are used for the first Mobile ViT block, the number of channels of 40, 80 and
96 are used for the second, and the number of channels of 48, 96 and 144 are used for the third to train
the model. The number of channels used in this paper is 64, 80 and 96 in turn. In the experiment, the
number of channels in the first two modules is controlled, and different numbers of channels are used
in the third module. The average FM and PSNR of the final binarization results with different numbers
of channels are shown in the respective line charts in Figure 15.

9 2.00
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Figure 15. FM line plots and PSNR line plots were obtained using different number of channels in
different MobileViT blocks, respectively.

From Figure 15, we can see that for both FM index value and PSNR value, when the number of
three channels is selected as the intermediate value, the two evaluation indexes achieve the best level
in each Mobile ViT block. Therefore, the number of intermediate channels selected by the proposed
model is reasonable.

6. Conclusions

The work of this paper mainly implements the model of document image binarization by in-
troducing the Mobile ViT block module into the architecture of U-Net. The proposed model is a
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simple end-to-end model with 76% fewer parameters compared to the similar Rezanezhad et al. [63]
model. On the two datasets of DIBCO2012 and DIBCO2017 [11,15], the proposed model shows better
performance, and significantly improves common evaluation indicators such as FM, pFM, PSNR and
DRD. To verify the robustness of the model, we performed document image binarization processing
on the DIBCO2019 [17] dataset by comparing the models of Rezanezhad et al [63] with two parameter
quantities and the classic traditional method with our model. By comparing the mean values of the
four evaluation indexes of the binarization results obtained by different methods, it is confirmed that
the proposed model has good robustness. Finally, in order to analyze the role of the core module in the
proposed model and the influence of its corresponding channel Settings on the network performance,
we conduct two sets of ablation experiments, verified the rationality of the proposed model through
the comparative analysis of experimental results.
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