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Abstract - Document deterioration Image processing is a
specialized field that has recently drawn an influx of
researchers. The first step in preparing a document for
further processing is binarization. Depending on the degree
of degradation of the original document, global or local
thresholding methods are preferred. The threshold
phenomenon is a useful technique for identifying the cluster
of pixels that are most likely associated with background
information while simultaneously separating the object
information. In this paper, we propose a technique based on
the complement of the original image. This technique is used
to evaluate ancient text documents and palm leaf
manuscripts, and the quality of the resulting images is
assessed using various qualitative metrics.
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1. INTRODUCTION

Researchers faced numerous challenges as a result of
degraded document image analysis. Degraded conditions of
historical documents (e.g., bleed-through, ink stains, torn
pages, etc.) prompted researchers to develop binarization
and enhancement algorithms that are appropriate for these
challenges. Binarization is the first stage of pre-processing in
all image processing and analysis systems. The majority of
the cultural heritage document collection consists of
digitised images. These priceless documents are available for
manual annotation on the Internet in order to make their
content more accessible. Light, particularly ultraviolet light,
which is present in daylight, can damage documents. Having
original documents at home or visiting a local archive or
history centre allows us to handle old material with
historical evidence, which comes at a cost.Frequent handling
of these original documents causes physical wear and tear,
eventually leading to document loss. Furthermore, changes
in environment and light can harm the documents. In this
context, image analysis for removing background noise and
improving document readability requires distinguishing
between ancient and modern documents, as well as
processing.

Binarization techniques based on a global or local
threshold are straightforward and practical. The Global
threshold specifies a global value for all pixel intensities in
an image in order to distinguish them as text object or
background [1]. This method fails to remove image noise

thatis not distributed uniformly. In contrast, local threshold
provides an adaptive solution for images with varying
background intensities, with the threshold varying according
to the properties of the local region [6,8]. There are a
plethora of general-purpose Binarization methods available
that can handle any document image with a complex
background. These methods are categorized as either local
or adaptive thresholding. Bernson proposed[2] a
neighborhood-based local threshold, Niblack evaluated the
threshold at each pixel using local mean and standard
deviation, and Sauvola used two algorithms[4] to calculate a
different threshold for each pixel. The authors [9] all
proposed a fast entropy-based segmentation method for
producing high-quality binarized images of documents with
back-to-back interference. Xiao et al. proposed an entropic
thresholding algorithm based on gray-level spatial
correlation (GLSC) histograms [12]. They revised and
expanded on Kapur et al algorithm. Syed Saqib Bukhari etal.
proposed [11] a local binarization method adaptation that
uses two distinct sets of free parameter values for the
foreground and background regions. They show how to
estimate foreground regions in a document image using
ridge detection. Using a different set of free parameter
values, this information is then used to calculate an
appropriate threshold for the foreground and background
regions. Chien-Hsing Chou an et al. [13] proposed a method
for segmenting an image and determining how to binarize
each segment. The decision rules are the result of a learning
process that starts with training images. Rachid Hedjam.A et
al. [14] proposed an adaptive method based on maximum-
likelihood (ML) classification that uses apriori information
and spatial relationships on the image domain in addition to
main data to recover weak text and strokes. Mehmet Sezgin
et al. proposed[5] a comprehensive assessment of existing
local infrastructure as well as global thresholding methods.
Mitianoudis and Papamarkos [18] proposed a three-stage
approach to document image binarization. The background
was removed in the first stage using an iterative median
filter, then misclassified pixels were separated in the second
stage usinglocal co-occurrence mapping (LCM) and Gaussian
mixture clustering, and finally, morphological operators
were used to identify and suppress misclassified pixels for
better classification of text and background image pixels.
Khan and Mollah [19] proposed a binarization technique that
involved first removing background noise and improving
document quality, then using a variant of Sauvola's
Binarization method, and finally performing post-processing
to find small areas of connected components in an image and
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removing unnecessary components. A more recent study
[20] used a hierarchical deep supervised network (DSN) to
binarize document images. The network architecture is split
into two sections. The first section of the network
distinguishes between foreground and noisy background
using high-level features, while the second section preserves
foreground (text) information while dealing with noisy
background.To accomplish this, the network is designed in
such a way that different level features are used to preserve
high details of the foreground. The proposed network is
made up of three distinct DSNs, the first of which has a small
number of convolution layers to generate the low-level
feature maps. The second DSN is a slightly deeper structure
for producing mid-level feature maps, while the final DSN is
a deep structure for producing high-level feature maps. The
experimental results on three public datasets show that the
proposed model completely outperforms the state-of-the-art
binarization algorithms. Westphal et al. [21] proposed
document image binarization using a recurrent neural
network. To incorporate contextual information into each
step of the binarization process, they used grid LSM cells to
handle multidimensional input in this method. They were
able to accomplish this by dividing the input image into 64
64 pixel non-overlapping blocks. These blocks serve as the
input sequence for the RNN model. The output of four
distinct grid LSTM layers is combined and aligned to produce
the mid-level feature sequence (L1). The mid-level features
are then fed into two different grid LSTM layers (L2), which
are combined with a bi-directional LSTM to produce the
high-level feature map. After that, a full connection layer
(L3) was applied to the high-level feature map to produce
the binarization result. The experimental results show that
the quality of binarization has significantly improved.

The average value of the image is used as a threshold
in the algorithm in this paper to propose a general technique
for cleaning degraded documents. One method for
distinguishing object information from background noise is
to compute a global threshold of intensity value that can
distinguish two clusters. We used an algorithm based on the
average value of the image. It works best with documents
with non-uniform noise distribution.

There are four sections to the paper. The first
section provided a brief overview of the introduction,
literature review, and problem definition. The second
section discussed the algorithm for cleaning the noisy
documents. The third section discussed the experimental
results. Section four discusses the findings and the scope of
future work.

2. METHODOLOGY

We present (Fig-1) a technique for binarizing
ancient degraded documents and palm leaf manuscripts that
falls under the clustering of pixels from an image's
background and foreground. Grey level data is subjected to a
clustering analysis in this class of technique, with the

number of clusters always set to two. These two clusters
correspond to the two peaks of the histogram. This method
computes the average pixel value that can be used as a
threshold. The flowchart of the proposed model, shown in
Fig-1, will explain all of the algorithm's details.
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Fig.1 flowchart of the proposed model

The traditional approach in a Global thresholding
technique[15] is to find a unique threshold to eliminate all
pixels representing image background while preserving
others as image foreground. Many real-world images have
complicated backgrounds or poor image foregrounds (some
foreground pixels have grey values very close to some
background pixels). It is difficult to find a single threshold
that can completely separate the object information from the
background in such cases. The same is true for local
thresholding, which determines threshold values locally,
such as pixel by pixel or region by region. In the proposed
algorithm, image equalisation is performed after each
thresholding operation while evaluating the relative
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importance of a respective pixel intensity toward
background. The new threshold is computed to perform
background elimination. This procedure will be carried out
until the sensitive threshold is reached.

2.1. BINARIZATION ALGORITHM

The Binarization algorithm suitable for noisy
documents requires a series of sequential steps, which
are as follows:

1. Document extraction from a degraded (noisy) state
I (xy)

2. Determine the average intensity Avg of the
degraded document (x,y)

3. Using the average value, set the pixels to black;

4. Calculate the degraded document's average value
Avgl, excluding the black pixels.

5. Usetheimage's second average to set the pixels to
white (Avgl).

[ stand in for the given image (x,y). Where x and y
are the horizontal and vertical coordinates of the image,
respectively, and I(x,y) can take any value between 0 and 1,
with I=1 representing white and I=0 representing black. The
proposed algorithm necessitates shifting the image's
intermediate tones to the background. In general, any
document image contains few useful pixels (foreground) in
comparison to the image size (foreground+ background).
Object information is typically less than 10% of the total
pixels in the document. Taking advantage of this advantage,
it was assumed that the background would determine the
average value of the pixels, even if the document was quite
clear.

There is no proper differentiation between
foreground and background because the pixel values in the
degraded documents are not uniform. Some pixels from the
foreground and background will occupy the same region in
the image histogram. As a result, the proposed algorithm will
distinguish pixels between the foreground and background
regions. The threshold value of the image is critical in this
segregation. In this case, the average value serves as the
threshold for distinguishing the object information from the
background information in the document. So, to begin, we'll
compute the average value of the degraded document.
Values that exceed the threshold value are set to black,
which equals zero. Recreate the image using the
complementary threshold value to the original image. Again,
we must compute the average of the image while
disregarding the black pixels. This will allow for proper
separation of the image's foreground and background. Apply
this second average to the image as a threshold value; values
above the threshold value are set to white, indicating one. As

aresult of this action, the noise in the image's background is
removed..

3. RESULTS AND DISCUSSIONS

This algorithm is tested on a set of 30 document images.
They are 50 to 60 years old and gathered from the Internet
(a Telugu old book titled "Thiagarajaswami Krithis" was
published in 1933 at Kesari Printing Press in Chennapuri)
and scanned copies of old story books (a Telugu old book
titled "vydula kathalu" was published in 1942 at Madras
Printing Press). Figure 2(a) shows an example of a noisy
document with non-uniformly distributed noise. The
background of the noisy image is golden brown in colour. As
shown in Fig.2, it is first converted into a complementary
image, which means the background is black and the
foreground is white (b). As shown in Fig. 2, the
complemented image is then transformed into a noise-free
image.

ST i3SesoT B TUOEY) FHHH a*:&ﬂ
587 ém;o—,re ¥HToNB. SIS oKa'o-vgﬁ
0 3‘66&%@ o?@?as’g,—ocso aioa‘r&ae»m;

I\ EOBoRD, A Do émmvoa o‘&)gl&
BED BpowsR $Bo zs‘rsz;Soé::é& Bw‘s‘g,— owéz

(a)

s‘l

R T

2 MET e

HRRYT SIS

(c)

Fig 2. (a) Degraded Telugu text sample (b)
Complementary of image (a) (c) Resultant image

The algorithm is then applied to over 100-year-old palm leaf
manuscripts collected from the Internetin the second phase.
Nearly 30 palm leaf samples are tested using this algorithm.
Figure 3 shows an example of a palm leaf manuscript (a).
This is the typical case for testing palm leaf manuscripts with
this algorithm because the noise concentration varies from
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one area to another within the sample. As a result, it is
difficult to distinguish the background from the foreground.
In this case, the image's background is also golden brown.
Figure 3 shows the complement to the original image (b).
After applying the defined algorithm to the complemented
image, the resultant image is displayed in Fig 3.(c).

(b)

(c)

Fig 3. (a) Palm leaf manuscript sample (b) Complementary
of image (a),(c) Resultant image

4. PERFORMANCE EVALUATION

Three metrics are used to assess the algorithm's
performance: Peak Signal to Noise Ratio, Mean Square Error,
and Average Difference. These parameters are evaluated in
order to compare the proposed algorithm's performance to
that of the Otus method. Palm leaf manuscripts and antique
text documents. When compared to the Otus method, the
proposed algorithm's metrics show a significant
improvement. The PSNR quantity increases in both graphs
(Figs 4&5). This algorithm works best with older text
documents. It needs to be improved if palm leaf manuscripts
are to produce better results.
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Fig 4: Comparison of PSNR for palm leaf manuscripts
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Fig 5: Comparison of PSNR for old text documents

5. CONCLUSION

The current work proposes using the average value
of the image as a threshold. The image of the document
under test is binarized using the average value of the image.
The first average value of the image is used in this algorithm
to complement the image and avoid unnecessary
background information. The second average removes any
residual background noise from the first average value.
During the cleaning process, some text information and
background noise are removed. This algorithm has been
shown to be effective on low-noise historical document
images as well as palm leaf manuscripts. However, it has
been discovered that palm leaf manuscripts require further
improvement.

6. FUTURE SCOPE OF THE WORK

The procedure described above could be extended
to noise-free samples that are manually contaminated with
various noises at various levels, such as pepper, Gaussian
noise, and so on. The noisy documents are then cleaned
using a defined algorithm and other methods, and
quantitative metrics for identifying information loss during
the cleaning process are established.
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