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ABSTRACT

Document image binarization is of great significance in the document image analysis and recognition process because it affects
further steps of the recognition process. The variation between the foreground text and the background of different document
images is a challenging task. This paper presents a new document image binarization technique that focus on these issues using
adaptive image contrast. The adaptive image contrast is a combination of the local image contrast and the local image gradient
so as to tolerate the text and background variation caused by different types of document degradations. In the proposed image
binarization technique, an adaptive contrast map is first constructed for an input degraded document image which is then
adaptively binarized and combined with Sobel’s edge detector to identify the text stroke edge pixels. The document text is

further segmented using a local threshold.
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I. INTRODUCTION

Documents are a ubiquitous medium in our daily life.
Importing documents into a computer calls for a mechanism
of converting handwritten and printed characters into an
electronic form. Characters are often captured optically, such
as using scanners or cameras, to create images. Successfully
extracting characters from an image background is a necessary
first step before further analysis. This process is known as
document binarization. Document image binarization is of
great importance in the document image analysis and
recognition pipeline since it affects further steps of the
recognition process.

Document image binarization aims to divide a document
image into two classes, namely, the foreground text and the
document background. It is wusually performed in the
document preprocessing stage and is very important for
ensuing document image processing tasks such as document
image retrieval and optical character recognition (OCR). It
converts a gray-scale document image into a binary document
image and accordingly facilitates the ensuing tasks such as
document skew estimation and document layout analysis. As
more and more text documents are scanned, fast and accurate
document image binarization is becoming ever more
important.

Though document image binarization has been studied for
many Yyears, the thresholding of degraded document images is
still an unsolved problem. This can be justified by the fact that
the modeling of the document foreground/background is very
difficult due to various types of document degradation such as
image contrast variation, uneven illumination, bleeding-
through, and smear as illustrated in Fig. 1. We try to develop
robust and efficient document image binarization techniques

which are able to produce good results for badly degraded
document images.
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Fig.1. Five degraded document image examples (a)—(e) are
taken from DIBCO series datasets

The proposed method is simple and able to handle different
types of degraded document images with minimum parameter
tuning. In the proposed image binarization technique, an
adaptive contrast map is first constructed for an input
degraded document image which is then adaptively binarized
and combined with Sobel’s edge detector to identify the text
stroke edge pixels. The stoke width is taken as a constant
value. After that the document text is segmented by a local
threshold.
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1. RELATED WORK

Though document image binarization has been studied for
many years, the thresholding of degraded document images is
still an unsolved problem due to the high inter/intra-variation
between the text stroke and the document background of the
different document images. The handwritten text within the
degraded documents often shows a certain amount of variation
in terms of the stroke brightness, stroke connection, stroke
width, and document background. In addition, historical
documents are usually degraded by the bleed through where
the ink of the other side seeps through to the front. These
different types of document degradations tend to generate the
document thresholding error and make degraded document
image binarization a big challenge to most state-of-the-art
techniques.

Document image binarization plays a key role in document
processing since its performance affects quite critically the
degree of success in subsequent character segmentation and
recognition. In general, approaches that deal with document
image binarization are categorized in two main classes: (i)
global and (ii) local. In a global approach, threshold selection
results in a single threshold value for the entire image. Global
thresholding [2, 10, 15] has a good performance in the case
that there is a good separation between the foreground and the
background. However, in the case of degradations (e.g.
shadows and non-uniform illumination, ink seeping) the
current trend is to use local information that guides the
threshold value pixel wise in an adaptive manner. Adaptive
thresholding [1, 6, 9, 16, 17, 14, 19], which estimates a local
threshold for each document image pixel, is often a better
approach to deal with different variations within degraded
document images.

For example, the early window based adaptive
thresholding techniques [17, 14] estimate the local threshold
by using the mean and the standard variation of image pixels
within a local neighbourhood window. The main drawback of
this window-based thresholding approach is that the
thresholding performance depends heavily on the window size
and hence the character stroke width. Other approaches have
also been reported to binarize historical document images
through background subtraction [13, 8], texture analysis [12],
decomposition method [4], morphological operations [11],
shape based local thresholding [7], classification framework
[20], and cross section sequence graph analysis [5], and so on.
These approaches combine different types of image
information and domain knowledge and are often complex
and time consuming.

The local image contrast and the local image gradient are
very useful features for segmenting the text from the
document background because the document text usually has
certain image contrast to the neighbouring document
background. They are very effective and have been used in
many document image binarization techniques [3], [1], [17],

[14]. In Bernsen’s paper [1], the local contrast is defined as
follows:

CQ, )= fru @ D—frmn@. ) @

where C(i, j ) denotes the contrast of an image pixel
(i, J ), fmax(i, j ) and fmin(i, j ) denote the maximum
and minimum intensities within a local
neighbourhood windows of (i, j ), respectively. If
the local contrast C(i, j ) is smaller than a threshold,
the pixel is set as background directly. Otherwise it
will be classified into text or background by
comparing with the mean of fmax(i, j ) and fmin(i, j ).
Bernsen’s method is simple, but cannot work
properly on degraded document images with a
complex document background. There is an earlier
document image binarization method [3] by using
the local image contrast that is evaluated as follows:

fmax('! J)_ fmin (I’ J) (2)
fmax(|1 J)+ 1:min (I’ J)—|—g

Cq@, j)=

where ¢ is a positive but infinitely small number
that is added in case the local maximum is equal to
0.

Compared with Bernsen’s contrast in Equation 1, the local
image contrast in Equation 2 introduces a normalization factor
(the denominator) to compensate the image variation within
the document background. However, the image contrast in
Equation 2 has one typical limitation that it may not handle
document images with the bright text properly. This is
because a weak contrast will be calculated for stroke edges of
the bright text where the denominator in Equation 2 will be
large but the numerator will be small. To overcome this over-
normalization problem, the local image contrast is combined
with the local image gradient and derives an adaptive local
image contrast [18] as follows:

Ca(i' .I) = aC(IJ)+ (1_a)(fmax (l, J) - fmin (Iv J)) (3)

where  C(i,j) denotes the local contrast and
(forae (s §) — .o @0, §)) refers to the local image gradient that

is normalized to [0, 1]. The local windows size is set to 3
empirically and « is the weight between local contrast and
local gradient that is controlled based on the document image
statistical information.

M. PROPOSED METHOD

This section describes the proposed document image
binarization techniques. Given a degraded document image,
an adaptive contrast map is first constructed and the text
stroke edges are then detected through the combination of the
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binarized adaptive contrast map and the sobel’s edge map.
The text is then segmented based on the local threshold that is
estimated from the text stroke edge pixels.

A. Contrast Image Construction

In the proposed method the input image is subjected to an
adaptive filtering for smoothing the image. The average filter
is used for this purpose. The filtered image is given to a
wiener filter for adaptive noise removal. The degraded
document images may contain Gaussian noise. This can be
effectively removed by the wiener filter. Then the contrast
C(i,)) is calculated using the Equation 4.

C(, j) =C, =(0.01)° 4)

where C, is the contrast calculated using the equation 3. In
equation 3, a is the weight between local contrast and local
gradient found as described in [18].

_ [%) 5)

In the proposed method we set the value of y in the
equation of o as 1. The S in contrast equation is used to denote
the matrix by rearranging each 3-by-3 block of the contrast
image C, into a column of a temporary matrix, and then
applying the standard deviation function to this matrix . The
output of this step is used to detect the text stroke edge pixels
in next step.

Fig.2. Contrast image map

B. Text Stroke Edge Pixel Detection

The constructed contrast image has a bi-modal pattern,
where the adaptive image contrast computed at text stroke
edges is obviously larger than that computed within the
document background. To detect the text stroke edge pixels
we compute a value T which is used to binarize the contrast
image. The mean and standard deviation of S is calculated and
added together to get the value of T. Here we use an adaptive
thresholding using the value of T which helps to extract the
text stroke edge pixels properly. The binary maps are shown
in Fig. 3(a).

The binary map can be further improved through the
combination with the edges by Sobel’s edge detector, which
helps to find the edges that are close to real edge locations in
the detecting image. The Sobel’s edge detector help to extract
a large amount of non-stroke edges as illustrated in Fig. 3(b)
without tuning the parameter manually.
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Fig. 3: (a) Binary contrast maps, (b) sobel edge maps, and their (c) combined
edge maps of the sample document images in Fig. 1(a) and (e), respectively.

In the combined map, we keep only pixels that appear
within both the high contrast image pixel map and sobel edge
map. The combination helps to extract the text stroke edge
pixels accurately as shown in Fig. 3(c).

C. Local Threshold Estimation

The text can then be extracted from the document
background pixels once the high contrast stroke edge pixels
are detected properly. Document images possess the following
characteristics: First, the text pixels are close to the detected
text stroke edge pixels. Second, there is a distinct intensity
difference between the high contrast stroke edge pixels and
the surrounding background pixels. The document image text
can thus be extracted based on the detected text stroke edge
pixels as follows:

Estd
R(X,Yy) = 1 f(x,y)< Emean + 5 (6)
0 Otherwise

where Emean and Estd are the mean and standard deviation of
the intensity of the detected text stroke edge pixels within a
neighbourhood window W, respectively. In this method the
window size is taken as a constant and we used W=6 in this
method.
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Fig. 4: Binarized result of the sample document images in Fig.1(a) and (e).

IV. EXPERIMENTAL MEASURES AND

RESULTS

A. Experimental Measures
There exist several experimental measures to evaluate and
compare the binarization methods.

1) F-Measure
F-measure (FM) is the harmonic mean of precision and
recall. F-measure is calculated at the pixel level.

2x Recall x Precision )

F —Measure= —
Recall + Precision

where Recall =TP/TP+FN, Precision =TP/TP+FP, TP, FP,
FN denote the True positive, False positive and False
Negative values, respectively.

2) PSNR
The peak signal to noise ratio (PSNR) is defined as,

c? 8
MSE) ®)

Here, C is a constant that denotes the difference between
foreground and background. This constant is set to 1. MSE is
the mean square error.

3) Negative Rate Metric (NRM)

The negative rate metric NRM is based on the pixel-wise
mismatches between the GT and prediction. It combines the
false negative rate NRgy and the false positive rate NRep. It is
denoted as follows:

PSNR =10 log(

NRM — NRFN ;_NRFP (9)
Whel’e NR — NFN f NR — NFP NTP
" Ney + Npp " NFp + Ny

denotes the number of true positives, Nep denotes the number
of false positives, Nty denotes the number of true negatives,
Nen denotes the number of false negatives. In contrast to F-
Measure and PSNR, the binarization quality is better for lower
NRM.

4) Distance Reciprocal Distortion Metric (DRD)

The Distance Reciprocal Distortion Metric (DRD) has
been used before to measure the visual distortion in binary
document images [21]. It properly correlates with the human

visual perception and it measures the distortion for all the S
flipped pixels as follows:

S
> DRD,
DRD =kt
NUBN

where DRDK is the distortion of the k-th flipped pixel and it is
calculated using a 5x5 normalized weight matrix WNm as
defined in [21]. DRDk equals to the weighted sum of the
pixels in the 5x5 block of the Ground Truth GT that differ
from the centered kth flipped pixel at (x,y) in the binarization
result image B.

(10)

2 2
DRD, =" Y[GT, (i, j) - B, (x, Y)| x Wy, i, j) (D)
i=—2 j=—2
Finally, NUBN is the number of the non-uniform (not all
black or white pixels) 8x8 blocks in the GT image.

5) Misclassification penalty metric (MPM)
_ MP, + MP,

MPM (12)

Nen gi

Nep 4
where MP., :@ & .diFN
D D
and diep denote the distance of the i false negative
and the j™ false positive pixel from the contour of
the GT. D is the sum over all the pixel-to-contour
distances of the GT object.

1 MPFP =

B. Experimental Results

We compared our proposed method with other state-of-
the-art techniques on DIBCO 2009[22], H-DIBCO 2010 [23]
and DIBCO 2011 [24] datasets. The methods used for
comparison are Sauvola’s method (SAU) [17] and the
adaptive contrast binarization method (ADA) [18]. We have
taken a total of 26 images from the datasets given above. Our
datasets consist of four degraded handwritten documents and
five degraded printed documents from DIBCO 2009 dataset,
nine degraded handwritten documents from H-DIBCO 2010
dataset and eight degraded handwritten documents from
DIBCO 2011 dataset. The evaluation results are shown in
table.

TABLE |
EXPERIMENTAL RESULTS
Method
MPM
FM NRM PSNR DRD (x10%)
SAU
61.47 0.1105 11.17 21.34 16.68
ADA
51.25 0.3070 13.44 6.66 1.31
Our
Method
70.86 0.1500 13.86 5.37 2.33
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V.

CONCLUSIONS

This paper presents document image binarization technique
which is based on an adaptive image contrast using the
standard deviation that is tolerant to different types of
document degradation. Experimental results on the dataset
show that the proposed method provides better performance
than existing methods. The proposed technique is simple and
executes in less time, only few parameters are involved.
Moreover, it works for different kinds of degraded document
images. The method is compared with two other method and
the results are also given.
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