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Abstract: This paper presents a new adaptive binarization technique for degraded
hand-held camera-captured document images. The state-of-the-art locally adaptive bi-
narization methods are sensitive to the values of free parameter. This problem is more
critical when binarizing degraded camera-captured document images because of distor-
tions like non-uniform illumination, bad shading, blurring, smearing and low resolution.
We demonstrate in this paper that local binarization methods are not only sensitive
to the selection of free parameters values (either found manually or automatically),
but also sensitive to the constant free parameters values for all pixels of a document
image. Some range of values of free parameters are better for foreground regions and
some other range of values are better for background regions. For overcoming this prob-
lem, we present an adaptation of a state-of-the-art local binarization method such that
two different set of free parameters values are used for foreground and background
regions respectively. We present the use of ridges detection for rough estimation of
foreground regions in a document image. This information is then used to calculate ap-
propriate threshold using different set of free parameters values for the foreground and
background regions respectively. The evaluation of the method using an OCR-based
measure and a pixel-based measure show that our method achieves better performance
as compared to state-of-the-art global and local binarization methods.
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1 Introduction

Scanners are traditionally and widely used in document image capturing for
document analysis systems, like optical character recognition (OCR). Scanners
produce planar document images with a high resolution. From decades many
novel approaches have been proposed for planar document image segmenta-
tion [Shafait et al., 2008d] and OCR [Mori et al., 1992]. Nowadays cameras are
available widely at low cost and embedded with around all mobile devices, that
offer fast, flexible and non-contact document imaging. On one hand, these ad-
vantages make camera a potential substitute of scanner for document capturing
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and on other hand open doors for many new applications, like mobile OCR,
digitizing thick books, digitizing fragile historical documents, finding text-in-
scene-images, etc. But the quality of unconstrained hand-held camera-captured
document images is lower than the quality of scanned document images because
of the degradations which are not very common in scanned images, like perspec-
tive distortions, non-uniform shading, image blurring, character smearing (due
to low resolution) and lighting variations.

In the case of scanned document images, most of the state-of-the-art doc-
ument analysis systems have been designed to work on binary document im-
ages [Cattoni et al., 1998]. Therefore document image binarization is an impor-
tant initial step in most of the scanned document image processing tasks, such as
OCR [Mori et al., 1992], page segmentation [Shafait et al., 2008d], layout analy-
sis [Shafait et al., 2008b] etc.

In the case of camera-captured document images, current OCR systems
which are designed for scanner based planar document images do not have ca-
pability to deal with geometric and perspective distortions. Therefore, current
OCR systems give poor performance when applied directly to warped camera-
captured document images. Designing dewarping techniques for flattening the
document images is a possible solution for improving the performance of OCR
systems on camera-captured document images. Over last decade, different ap-
proaches have been proposed for document image dewarping [Liang et al., 2005,
Shafait and Breuel, 2007]. These approaches can be divided into two main cate-
gories based on the document capturing methodology: (i) approaches in which
specialized hardware arrangement, like stereo-camera, is required for 3D shape
reconstruction of warped document [Cao et al., 2003, Brown and Seales, 2004,
Tan et al., 2006] and (ii) approaches in which dewarping method is designed for
image which is captured using a single hand-held camera in uncontrolled environ-
ment [Zhang and Tan, 2003, Lu and Tan, 2006, Lu et al., 2005, Fu et al., 2007,
Ulges et al., 2005, Gatos et al., 2007, Bukhari et al., 2009a]. Most of the monoc-
ular dewarping techniques work on binarized images.

This discussion concludes that binarization is the most important initial step
for both scanned and camera-based document image analysis. But binarization of
hand-held camera-captured document images is more challenging than scanned
images because of one or more of the following distortions in camera-captured
document images: bad shading, blurring, non-uniform illumination and low res-
olution.

1.1 Related Work

From decades, many different approaches have been proposed for the bina-
rization of the grayscale document images [Otsu, 1979, White and Rohrer, 1983,
Bernsen, 1986, Niblack, 1986, O’Gorman, 1994, Sauvola and Pietikainen, 2000,
Kim, 2004, Gatos et al., 2006, Lu and Tan, 2007, Shafait et al., 2008¢] and color
images [Sobottka et al., 2000, Tsai and Lee, 2002, Badekas et al., 2006] in the
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literature. Additionally, grayscale binarization techniques can be applied to color
documents by first converting them into grayscale. Grayscale binarization ap-
proaches can be classified into two main groups: i) global binarization methods
and ii) local binarization methods.

Global binarization methods (like Otsu [Otsu, 1979]) estimate a single thresh-
old value for the binarization of whole document. Then, based on the inten-
sity values, each pixel is assigned either to foreground or background. Some re-
searchers [Sezgin and Sankur, 2004, Badekas and Papamarkos, 2005] have eval-
uated different state-of-the-art global binarization methods and reported that
Otsu binarization method [Otsu, 1979] is better than other types of global bina-
rization methods. Global binarization methods are computationally inexpensive
and perform better for typical scanned document images. However, they pro-
duce marginal noise artifacts [Shafait et al., 2008a] if grayscale document con-
tains non-uniform illumination, which is usually present in case of scanned thick
book, scanned historical document and camera-captured document images.

Local binarization methods [Bernsen, 1986, Niblack, 1986, O’Gorman, 1994,
White and Rohrer, 1983, Sauvola and Pietikainen, 2000] try to overcome these
problems by calculating threshold values for each pixel differently using local
neighborhood information. Evaluations of local binarization methods have re-
ported that Sauvola binarization method [Sauvola and Pietikainen, 2000] is bet-
ter than other types of local binarization methods. Generally, local binarization
methods perform better than global binarization methods on degraded document
images but are computationally slow, sensitive to the selection of free parameter
values [Rangoni et al., 2009] and do not work well for degraded camera-captured
document images.

In recent years, some special global binarization and local binarization tech-
niques [Kim, 2004, Gatos et al., 2006, Lu and Tan, 2007] have been proposed for
improving the binarization of degraded historical and camera-captured docu-
ment images. Gatos et. al [Gatos et al., 2006] proposed local binarization method
for scanned degraded historical document images. This technique has not yet
been tested on blurred and low-resolution camera-captured document images.
Kim [Kim, 2004] proposed multi-window based local binarization method for
camera-captured document images, which is a modification of Sauvola binariza-
tion method. This approach contains more free parameters than Sauvola bina-
rization method. Lu and Tan [Lu and Tan, 2007] proposed global binarization
method for camera-captured document images. But their method is based on
the assumption that document image contains uniform illumination and uniform
background, which is not usually the case.

In this paper, we deal with the binarization of degraded grayscale camera-
captured document images having distortions like bad shading, blurring, low
resolution and non-uniform illumination. Here, we describe a local binarization
method which is less sensitive to free parameter values than well know existing
methods. Instead of using the same free parameter values for all pixels in a docu-
ment image, unlike other local binarization methods, we select different values of
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free parameters for pixels that belong to roughly estimated foreground regions
and pixels that belong to background regions. Here we use a combination of
multi-oriented multi-scale anisotropic Gaussian smoothing and ridges detection
technique for estimating foreground regions information, which we have already
reported in [Bukhari et al., 2009¢c, Bukhari et al., 2009d].

Part of the work presented here was published in [Bukhari et al., 2009b] for
timely dissemination of this work. This paper is a substantially extended version
of the previous conference publication.

The rest of this paper is organized as follows: Section 2 explains the binariza-
tion sensitivity over the selection of values of free parameters. Section 3 describes
the technical details of our binarization algorithm. Section 4 deals with experi-
mental results and Section 5 describes conclusion.

2 Local Binarization Methods Sensitivity to Selection of Free
Parameters Values

Most of local binarization methods have free parameters. Suitable values of these
parameters are highly dependent on the context of targeted application and
type of document. For achieving high performance on heterogeneous documents
manual procedures of parameters values estimation are not suitable. Some tech-
niques have already been proposed for automatic estimation of free parameter
values [Rangoni et al., 2009, Badekas and Papamarkos, 2005]. But the concern
of their work is to estimate best parameters values which can be fixed for all
pixels in the document image. Here, we would like to highlight the problems of
using the same free parameters values, either found manually or automatically,
for all pixels in a document image.

For demonstration we are using Sauvola binarization method, because it
is one of the best among local binarization methods [Sezgin and Sankur, 2004,
Badekas and Papamarkos, 2005]. The threshold ¢(z,y) in Sauvola binarization
method is computed using the mean p(x,y) and standard deviation o(x,y) of
the pixel intensities in a w x w window centered around the pixel (z,y):

ten) = o) |18 (T2 1)) )

where R is the maximum value of the standard deviation (R = 128 for a grayscale
document), and k is a parameter which takes positive values. The formula (Equa-
tion 1) has been designed in such a way that, the value of the threshold is
adapted according to contrast in the local neighborhood of the pixel using local
mean p(z,y) and local standard deviation o(z,y). Because of this, it tries to
estimate an appropriate threshold ¢(x, y) for each pixel under both possible con-
ditions: high and low contrast. In the case of high contrast region (o(z,y) ~ R),
the threshold ¢(z,y) is nearly equal to p(z,y). In a quite low contrast region
(0 << R), the threshold goes below the mean value thereby successfully remov-
ing the relatively dark regions of the background. The parameter k controls the
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value of the threshold in the local window such that the higher the value of k,
the lower the threshold from the local mean m(z,y).

The statistical constraint in Equation 1 gives acceptable results even for de-
graded documents. But there is no consensus regarding the appropriate value of
k in research community. Badekas et al. [Badekas and Papamarkos, 2005] exper-
imented with different values and found that & = 0.34 gives the best results, but
Sauvola[Sauvola and Pietikainen, 2000] and Sezgin[Sezgin and Sankur, 2004] pro-
posed k = 0.5. This indicate that a suitable value of parameter k should be found
experimentally for a target document collection.

We have analyzed Sauvola binarization method with different values of &
(with fixed w) and different values of w (with fixed k) for degraded camera-
captured document images. Some of the experimental results are shown in the
Figure 1 and Figure 2 for different values of k and w respectively. As shown in
Figure 1, Sauvola binarization results are sensitive to the selection of appropriate
value of k. But Sauvola binarization results are not much sensitive to the value of
w, as shown in figure 2. Therefore in this paper we further analyze the sensitivity
of k on binarization results.

Additionally, already reported values of k, i.e k = 0.5 which is reported
by [Sezgin and Sankur, 2004, Sauvola and Pietikainen, 2000] and k& = 0.34 which
is reported by [Badekas and Papamarkos, 2005], do not give acceptable result un-
der blurring or non-uniform illuminations in case of degraded camera captured
document images, as shown in Figure 1. However, in our experiment (Figure 1)
we have noticed that, small values of &k (like k& <= 0.05) give low noise in the
background but produces broken characters. On the other hand, comparatively
large values of k (like k >= 0.2) give good results for foreground text pixels with
unbroken characters but with noise in the background (Figure 1).

3 Foreground-Background Guided Binarization

These experiments allows us to claim that, Sauvola as well as other local bi-
narization methods can perform better on degraded camera-captured document
images if we use two different set of values of free parameters during binarization.
For example, in case of Sauvola binarization small value of k is used for pixels
roughly belonging to foreground regions and large value of k is used otherwise.

In this paper we modify Sauvola binarization method according to our ap-
proach. Our approach can also work with other types of local binarization meth-
ods. But we have selected Sauvola binarization because it is best among other
types of local binarization methods, as reported by [Sezgin and Sankur, 2004,
Badekas and Papamarkos, 2005]. In this section we describe the technical de-
tails of our algorithm.

3.1 Foreground Regions Detection

As a first step of our binarization method, we roughly estimate foreground re-
gions from grayscale camera-captured document images. We have already de-



3348 Bukhari SS, Shafait F., Breuel T.M.: Adaptive Binarization ...

UProb ey

(a) Camera-captured im- (b) kK =0.5.
age with non-uniform illu-
mination.
*Pmble;,r I— T 1 Problem
ESVAL . . TSVAL aptiggige s
il VOB iization ol bengs e b it a6 l Loptinization problems can pe written as 5

ratie olyjecj

atie )
ective s g
wned icar ot Ho:

o Ve aid binear constraints. Unforti
I

00 efficio o ¢

ik g Y B globally optinat s

a2 19775 Wapnik and Trcherson
U searcl o figd the globial opt

bl g5,
- Snilarly,
L Betinett and Deaiviz (199

4 Software |

Vi

SR CPLEN 1 e

ke CPLEX to solve 4
(c) k= 0.34. (d) k=0.2.

\ Problem
TSVM optim, ..o - e 'Tsvf\, R : ‘
dratic ‘;;l:)l.xmaizatxon problems can be written 23 mie Bdmﬁc‘;l:m?mon problems can
nowy o eée:ihve and linear constraints. Un!anﬂm"i'i - nown tg elﬁ)ec? ve and linear eonstr
Vapnik apq Sent}y find a globally optimal solutios ¥ ¢ Vabnik anq Sem‘ly find & globally opt ot 5
anch-gq, d_bufﬂnn. 1977; Wapnik and Tscherwod Y erin, 1977; Wapnik and T wa;
Obleny, sjmnm“lnd search to firid the global optim™®, § blem, g, " d sedirch, to 551 the glotat pEEIES
Hamming mr- Bennett and Demiriz (1999) °* o xg%‘mﬂﬂrx + Betett, and Denisi (1099) 957

are like CPLEX to solve a Wit § 5 softwraze like CPLEX: 16 o0y

(e) k = 0.05. (f) k = 0.02.

Figure 1: Sauvola binarization results for different values of k, with fixed
w = 15. k = 0.5 is reported by Sauvola[Sauvola and Pietikainen, 2000]
and Sezgin[Sezgin and Sankur, 2004]. £ = 0.34 is used by Badekas et
al. [Badekas and Papamarkos, 2005]. We have also added some more values,
like £k = 0.2, k£ = 0.05 and k& = 0.02. With k£ >= 0.2, results have cleaned-
background and broken-foreground-characters. And with k& <= 0.05 results
have uncleaned-background and unbroken-foreground-characters.
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Figure 2: Sauvola binarization results for different values of w with fixed
k = 0.05.

scribed (foreground) textline detection techniques for grayscale camera-captured
document images using multi-oriented multi-scale anisotropic Gaussian smooth-
ing and ridges detection [Bukhari et al., 2009¢, Bukhari et al., 2009d]. Detected
ridges represent the central lines structure of foreground objects. In this paper,
we use same technique for finding foreground regions. For the completeness of
this paper we describe this method [Bukhari et al., 2009¢] here.

Foreground regions detection method is divided into two steps: (i) image
smoothing using multi-oriented multi-scale anisotropic Gaussian smoothing and
then (ii) ridges detection. Following sections discuss these steps in detail.

3.1.1 Image Smoothing

As a first step we need to smooth document image in order to find foreground
regions, especially textline regions. Gaussian filter is used for image smooth-
ing. Basic isotropic Gaussian smoothing formula is given in Equation 2, where
o is standard deviation. In document images, textlines are usually horizon-
tal in nature and can be enhanced well by selecting different standard devia-
tions for width (o) and height (o,) in Gaussian filter, with o, is greater than
oy. Therefore, anisotropic Gaussian filter (given in Equation 3) is better than
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isotropic Gaussian filter for document image smoothing or enhancement. Apart
from this, camera-captured document images usually contain curled and skewed
textlines structure because of geometric and perspective distortions respectively.
Therefore we use oriented anisotropic Gaussian filter for camera-captured doc-
ument image smoothing, given in Equation 4, where o, is x-axis standard de-
viation, o, is y-axis standard deviation and ¢ is the orientation of Gaussian
filter. Anisotropic Gaussian smoothing is a slow operation, therefore here we use
fast implementation of anisotropic Gaussian filtering proposed by Lampert and
Wirjadi [Lampert and Wirjadi, 2006].

1 (22 +y?)
SN 1 2
9(@,y;0) = g—geap{—5—3—} (2)
1 1, 22 y?
M = - 3
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(4)

But a camera-camera document image may contain different directions of
curl/skew with different font sizes. Therefore fixed values of o,, o, and 6 for
Gaussian smoothing for a complete document image can not produce reasonable
enhanced textlines structure. Matched filter bank approach has been used for
enhancing the structure of multi-oriented blood vessels [Chaudhuri et al., 1989]
and finger prints [Gorman, 1988]. We have described multi-oriented multi-scale
anisotropic Gaussian smoothing based on matched filter bank approach for en-
hancing textlines structure in [Bukhari et al., 2009d, Bukhari et al., 2009¢|. In
this paper, we use multi-oriented multi-scale anisotropic Gaussian smoothing
for enhancing curled textlines structure, where a set of filters is generated from
different combinations of o, o, and 6. The values of o, o, and 6 are selected
from their predefined ranges. Similar range can be selected for both o, and o,
with some small step size. Similarly, a suitable range for 6 is from -45 to 45 de-
grees with some small step size. Then from these ranges of o,, o, and 0 a set of
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Gaussian filters is generated for all possible combinations of o, o, and 6. This
set of filters is applied to each pixel of grayscale image and then maximum re-
sulting value is selected for resulting smoothed image. Multi-oriented multi-scale
anisotropic Gaussian smoothing is not much sensitive to the ranges of o, o, and
f. One can select these ranges from reasonably small to large values with small
step size, which depends upon the targeted result. For example if one would like
to enhance vertically written textlines as well as drawing structures than one
should select the ranges for 0., o, and ¢ appropriately. Generally large set of
filters takes long execution time as compared to small set of filters. In our case
we have given more focus to horizontal nature of textlines and chosen following
ranges: o, from 15 to 30 pixels with step size of 3 pixels, o, from 3 to 15 pixels
with step size of 3 pixels and 6 from -20 to +20 degrees with step size of 5 degrees.
Figures 3(a) and 3(b) show the input and smoothed images respectively.

3.1.2 Ridges Detection

Multi-oriented multi-scale anisotropic Gaussian smoothing enhances the fore-
ground structure well, which is clearly visible in Figure 3(b). Now the task
is to find the foreground regions information. Ridges detection technique has
been used for producing rich description of significant features from smoothed
grayscale images [Horn, 1970] and speech-energy representation in time-frequency
domain [Riley, 1987]. Ridges detection over a smoothed image can produce cen-
tral lines structure of foreground textlines/images. In this paper, the Horn-
Riley [Horn, 1970, Riley, 1987] based ridges detection approach is used. This
approach is based on the information of local direction of gradient and second
derivatives as a measure of curvature. From this information, which is calculated
by Hessian matrix, ridges are detected by finding the zero-crossing of the appro-
priate directional derivatives of the smoothed image. Detected Ridges over the
smoothed image of Figure 3(b) are shown in Figure 3(c). It is clearly visible in
the Figure 3(c) that detected ridges cover the central line structure of foreground
objects.

3.2 Foreground-Background Guided Local Binarization

We have already discussed in Section 2 that no single value of parameter k
in Sauvola method is suitable for different types of degraded camera-captured
documents. But according to our experiment (Figure 1), small values of k (like
k <= 0.05) give better results for foreground textlines with background noise
and comparatively large values of k (like k >= 0.2) gives noise free background
with broken characters. As shown in Figure 3(c), ridges are present near the
foreground pixels. Therefore, instead of using a fixed value of k for all pixels, we
use different values of k& for foreground and background pixels to improve the
binarization result. We redefine Sauvola binarization method, such that:
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Figure 3: Binarization algorithm snapshots. (a) Input Image, (b) Smoothed
Image generated by using match filter bank approach, (¢) Horn-Riley
method [Horn, 1970, Riley, 1987] is used for detecting ridges, which
are visible in the zoom area of document image, (d) Result of fore-
ground/background guided Sauvola binarization (zoomed-in area).

tar) =t} 1+ o) (252 - 1)) )

where k(x,y) is equal to a small value of k if a ridge found in the local neighbor-
hood window, otherwise equal to comparatively large value. After thresholding,
median filter can also be applied to further remove the salt and pepper noise. Bi-
narization results based on foreground/background guided Sauvola method are
shown in Figures 3(d). The results of Otsu, Sauvola and foreground-background
guided Sauvola binarization methods on some example documents images are
shown in Figures 4 and 7.
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Figure 4: Binarization results of Otsu, Sauvola and our Guided-Binarization.
Note that Otsu results have large amount of noise. For Sauvola binarization
we have manually selected the appropriate parameter values w = 15 and
k = 0.15 for given dataset (subset of CBDAR-2007). Sauvola results (w = 15,
k = 0.15) have broken-characters for blured images. Our proposed guided
binarization method shows better results in the presence of degradations,
like blurring.

4 Experiments and Results

We tested the performance of our binarization approach on both low and high
resolution degraded camera-captured document images. We conducted two ex-
periments for evaluating our binarization approach:

— for high resolution degraded camera-captured document images we perform

OCR-based evaluation.

— for low resolution degraded camera-captured images we perform pixel-based
evaluation.

One can compare the quality of high and low resolution of grayscale camera-
captured document images in Figure 5. For these experiments, we have used k =
0.05 for pixels near roughly estimated foreground region and k = 0.2 otherwise.
But we have also shown the robustness of our method over two different values of
k for foreground and background regions respectively in pixel-based evaluation
Section 4.2.
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Figure 5: High vs Low Resolution Image Comparison: (left) 6 mega-pixels
high resolution camera-captured image and (right) 2 mega-pixels low resolu-
tion camera-captured image.

Pixel-based evaluation has been inspired from Document Image Binariza-
tion COntest (DIBCO-2009) [Gatos et al., 2009] in which the binarization result
of an algorithm is compared with semi-automatically generated binary image
ground truth. DIBCO dataset consists of 10 scanned images with distortions like
smudge, bleed-through, show-through and shadows. As compared to degraded
scanned document images, camera-captured document images contain different
types of degradations like non-uniform illumination, blurring, smearing of char-
acters at low resolution and bad-shading. Therefore, we have used our own small
datasets of camera-captured document images which are representative of above
mentioned degradations for both pixel-based and OCR-based evaluation.

4.1 OCR-based Evaluation

OCR-based evaluation is very important for a comparison of reported algorithm
with different state-of-the-art binarization methods. OCR-based evaluation can
also be considered as goal-oriented evaluation, because at the end we need better
OCR results in most of the document analysis tasks.

Here, we evaluate our binarization approach on hand-held camera-captured
document images dataset used in CBDAR 2007 for document image dewarping
contest [Shafait and Breuel, 2007] having resolution of 6 mega-pixels. For this
purpose, we have selected 10 degraded documents from the dataset. State-of-the-
art Otsu and Sauvola binarization methods are used for OCR-based comparative
evaluation.

We compare the OCR error rate of all three binarization methods for 10
selected documents. As mentioned earlier in the introduction, after binarization
we can not apply OCR engine directly. First, we have to dewarp all binarized
images. We have already reported a dewarping method for binarized document
images [Bukhari et al., 2009a]. We apply this dewarping algorithm on the results
of all three binarization methods. Then dewarped documents of all methods are
processed through a commercial OCR system ABBYY Fine Reader 9.0. After
obtaining text from the OCR software, the block edit distance! with the ASCII

'http:/ /sites.google.com /site/ocropus/release-notes
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ground-truth has been used as the error measure. Table 1 shows the comparative
results of all methods with respect to mean edit distance and the number of
documents for each algorithm on which it has the lowest edit distance (in case of
tie, all algorithms having the lowest edit distance are scored for that document).
It is shown in the Table 1 that our algorithm achieved lowest mean edit distance
as well as performed binarization better than other methods on a large number
of document images.

Table 1: OCR error rates of different binarization algorithms on subset of
dataset of CBDAR 2007 Document Image Dewarping Contest using ABBY'Y
Fine Reader 9.0.

Algorithm Mean Edit Distance %|Number of documents®
Otsu Binarization 6.96 2
Sauvola Binarization® 4.92 3
Guided-Binarization 4.62 5

“Number of documents for each algorithm on which it has the lowest edit distance.
*manually selected: (w = 15, k = 0.15); tested different values for k in between 0.1
to 0.5 and found 0.15 is the best for the given dataset.

4.2 Pixel-based Accuracy Evaluation

Similar to OCR-based evaluation, here we also compare our algorithm with dif-
ferent state-of-the-art global (Otsu binarization [Otsu, 1979]) and local (Sauvola
binarization [Sauvola and Pietikainen, 2000]) binarization methods using pixel-
based binarization accuracy. First, we explain about the dataset, ground truth
generation and evaluation measure. Then we analyze and compare our binariza-
tion results with Otsu and Sauvola binarization results.

4.2.1 Dataset

We have selected small portions of degraded text having distortions like bad-
shading, non-uniform illumination, blurring and smearing of characters at low
resolution from four different camera-captured document images. Furthermore,
these document images have been captured at low resolution of 2 mega-pixels
as compared to document images captured at high resolution of 6 mega-pixels
for OCR-based evaluation (Section 4.1). The dataset and corresponding ground-
truth images are shown in Figure 6.



3356 Bukhari SS, Shafait F., Breuel T.M.: Adaptive Binarization ...

Iy T$VMs 10 8 problem of ecognizing entiies (s, g
\ sedical tex. They find that TSVMs substantily
dumsised trll Ap "

stive learning method based on Fisher kernels.

5,it appears that TSVMs are particularly well uteltr
sral other (ypically high-dimensional) learning probes.
a5 the TSVM performs roughly equivalently to an nd.
wen worse. This is to be expected, since it is el it
<pace according to margin size is inappropriate forsme
+1t s likely that the difficulty of finding the optimmd
Toblem has led to suboptimal results in somo cases B
g the TSVM optimization problem next.

—_—

| Problerg

m]dx,vn.x °Plimization problems ean be written 85 B8
m',,";""‘"‘"“ and linear constraints, Us
Vapnik peg 241 find a globally optimal solots®
22d Stern, 1977, Wapnik and T
hlem, g, Bearch to fnd the globel optia®,
kY .s"“"‘" M‘v. Bennett anq nqm}‘!,: (mﬂ)"_"‘;
vare like CPLEX to salve &

(a) Image-1 (b) Ground-truth

e o L
Yy o the environment in which it

gy € w EMe ey h
v ""““m ,-r,,‘:““h“"”d:ﬁn!im
€valuated any other

(c) Image-2 (d) Ground-truth

Mﬂ"' e outer ist sl;tem;m will
pow W€ aptured, but thercafier ;P
» dett B ion 8 9P T (e mnlinu;:i"ﬂl
e oy

oS & ont ra
o e U by 9 P
7838 71y b8 U e inued"
M“mm 4 the “continucd vmm:.wulnmm,,
LT bSO which it vas ‘CIpUUred:. It iy 1t
iaﬂ’,,mwﬁjﬂim,dems‘;‘m % environment i \yh‘;'d' thay Captyye
e poitt " private” variable, en
freert ot feing w14 P SPeilieg
Fore
accued-
widin® = st

(e) Image-3 (f) Ground-truth

Database Management: A Survey

Michaet L. Brodie and Frank Manola
GTE Labocatories Incorporated.

e -
i
= e ey v,
L T e e e el L
et et e s o e r e, g o 7, g

recktindy
%mmwmmmmwmm.mumﬁﬁm

e
U

[ —

(g) Image-4 (h) Ground-truth

Figure 6: Dataset and Ground-Truth: 4 image-portions have been selected
from low resolution (2 mega-pixels) camera-captured images, which contain
degradations like, blurring, non-uniform illumination and smearing. Binary
ground-truth generatrion process is described in Section 4.2.2
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4.2.2 Ground-Truth Generation

We have generated ground-truth binarized images using a semi-automatic pro-
cess. In this process, we have manually compared different binarized results
generated using Sauvola binarization method with different combinations of pa-
rameter values of k and w. The results show that for the given dataset k = 0.02
and w = 15 preserve character strokes at foreground regions better than other
values of k and w. However, this combination of & and w produces too much
noise in the background regions. Therefore, we have generated binary image
ground-truth in two steps: first, we applied Sauvola binarization method with
k = 0.02 and w = 15. Then, we manually removed noise from the background
regions. Semi-automatically generated binary ground-truth images are shown in
Figure 6 with their corresponding grayscale images.

4.2.3 Evaluation Measure

We use one of the evaluation measure mentioned in [Gatos et al., 2009] for the
comparison of different binarization algorithms. The main reason of using only
one evaluation measure is to simplify the analysis of different binarization al-
gorithms. Here, we use ‘F-measure’ [Gatos et al., 2009] for evaluation purpose,
which is described below in Equations 6, 7 and 8, where TP, FP, and FN repre-
sent the true-positive (total number of matched foreground pixels), false-positive
(total number of misclassified foreground pixels in binarization result as com-
pared to ground-truth) and false-negative (total number of misclassified back-
ground pixels in binarization result as compared to ground-truth) values respec-
tively.

2 x Recall x Precision

FM =
CAE = TRecall + Precision N
TP
= ———-
Reca TP + FN v
o TP
Precision = TP + FP )

4.2.4 Analysis

Based on the above mentioned setup for pixel-based evaluation, comparative
results of Otsu binarization, Sauvola binarization and our guided-binarization
methods are shown in Table 2. For Sauvola binarization method, we have tested
different combinations of & and w and found k£ = 0.05 and w = 15 is the best for
given dataset. Similarly, for our guided-binarization we fixed w = 15 and chose
k = 0.02 if a ridge is found within the neighborhood region, otherwise k = 0.2. It
is mentioned in our algorithm (Section 3.2) that we can apply median-filter after
binarization. But for pixel-based evaluation we use raw results of our algorithm
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Figure 7: Binarization results of different algorithms on the low resolution
dataset mentioned in Figure 6. For Sauvola and our guided-binarization
method in this figure, best parameter values for k have been selected manu-
ally which give good compromise between character-strokes and noise.



Bukhari SS, Shafait F., Breuel T.M.: Adaptive Binarization ... 3359

Table 2: Pixel-based performance evaluation of different binarization meth-
ods using low resolution dataset mentioned in Figure 6.

FMeasure (%)
Image-1 | Image-2 | Image-3 | Image-4 |Average
Otsu Binarization 32.71 22.41 27.64 54.79 34.39
Sauvola Binarization®| 90.33 89.77 87.82 93.55 90.37
Guided-Binarization® | 90.74 93.10 90.66 92.19 91.67

“manually selected: (w = 15 and k = 0.05); tested different values for widow-size
and k and found (w = 15 and k = 0.05) is the best for the given dataset.

’manually selected: (w = 15 and k = 0.02 in the presence of ridge(s) otherwise
k=0.2)

to do a fair comparison. Comparative binarization results on some of the images
from dataset (Figure 6) are shown in Figure 7.

We have also analyzed the sensitivity of Sauvola binarization method and
robustness of our guided-binarization method with respect to the different val-
ues of k. We have conducted this experiment on the same dataset mentioned
in Figure 6. Figure 8 shows the pixel-based accuracy of Sauvola binarization
method for different values of k. Similarly Figure 9 shows the pixel-based accu-
racy of our guided-binarization method for different values of pair of k. Note
that Sauvola uses a single value of k while our guided method uses two values of
k i.e. (k_r,k_nr). Therefore, the range of appropriate values of k is much larger
for Sauvola’s method than for our method. It can be concluded from Figure 8
that Sauvola binarization method is sensitive to the parameter selection for k in
the presence of degradations in camera-captured document images, whereas our
guided binarization method is robust against parameter selection for the pair
(kr, k_nr).

5 Conclusion

In this paper we have explored the sensitivity of fixing free parameters values
for all pixels of a camera-captured document image. We have demonstrated
that no matter how to find the free parameters values (either manually or au-
tomatically), some range of values of free parameters gives better binarization
results for foreground (text-area) document image regions and some other range
of values gives better binarization result for background regions. We overcome
this sensitivity by introducing the idea of not using the constant values of free
parameters for all pixels, but use different values of free parameters for pixels
belong to roughly estimated foreground and background regions. For this pur-
pose, we have presented the idea of using multi-oriented multi-scale anisotropic
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Figure 8: Analysis of the sensitivity of Sauvola binarization method with
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Figure 9: Analysis of the robustness of our guided binarization method with
respect to different values of pair of k over degraded low resolution camera-
captured document images shown in Figure 6 (Note: k_r: value of k in the
presence of ridges; k_nr: value of k in the absence of ridges).
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Gaussian smoothing and ridges detection for roughly estimating foreground re-
gions from grayscale document image. Execution time of our method is quite
slow as compared to other locally adaptive binarization methods because of the
approximation of foreground regions before applying local binarization method.
Memory cost is approximately similar to other local binarization methods, like
Sauvola. We have performed OCR-based and pixel-based comparative experi-
mental evaluation of our reported method with other state-of-the-art Otsu and
Sauvola binarization methods. We have shown an improvement over Sauvola
binarization method by selecting different values of parameter k for foreground
and background regions respectively. Our idea of foreground-background guided
binarization is also adaptable with other types of local binarization methods.
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