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ABSTRACT
In this paper, a novel Markov random fields (MRF) based
binarization algorithm is proposed to segment foreground
text from document images captured using hand-held de-
vices (such as cell-phone or digital camera). In the MRF
based framework, an edge potential feature is extracted to
preserve the strokes of foreground text and to remove iso-
lated noise and an intensity feature is used to smooth the
entire document image. Prior to binarization, we use a non-
linear function to enhance the quality of document images
which suffer from insufficient or uneven illumination. Ex-
perimental results show that our method outperforms other
state-of-the-art approaches.
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1. INTRODUCTION
After decades of research and development, document pro-

cessing systems have attained reasonable success, in that
large volumes of paper documents can be digitized and pro-
cessed quickly to facilitate various levels of search and re-
trieval based on the textual content of the documents. The
underlying components of most document processing sys-
tems, such as document layout analysis and optical character
recognition (OCR), rely on high quality binarized document
images. Hence, pre-processing steps such as binarization
play a critical role in the success of these systems. The tra-
ditional and most popular device for document image acqui-
sition has been the scanner which provides the most reliable
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digitizing result as users can control the capture environ-
ment. However, the advent of small, high resolution digi-
tal cameras and hand-held devices such as mobile phones
with imaging capabilities have led to hand-held devices be-
ing widely used by lay users to capture document images of
interest for future use.

Despite the convenience provided by hand-held devices,
there are a number of factors that hinder downstream doc-
ument processing tasks on images captured by these de-
vices. The first obstacle is a lack of control of lighting
conditions which causes insufficient, non-uniform or over il-
lumination of document images. This causes most global
thresholding based binarization algorithms, such as Otsu’s
[14] method, to be ineffective. To overcome the limitations
of single threshold based methods, researchers have tried
mapping the original document image to a new feature do-
main prior to binarization. Valizadeh et al. [20] used a sig-
moid function to enhance the document image before Otsu
thresholding. Lu and Tan [10] employed two rounds of poly-
nomial smoothing procedure to normalize gray scale images
and binarized them using a single threshold. Similarly, a
linear plane estimation method was proposed by Shi and
Govindaraju [18] to segment text from degraded historical
documents. Pilu and Pollard [15] used a retinex algorithm
to estimate the reflectance surface on which they applied
their binarization.

For images with a wide variation in intensities across the
document image, researchers have used many local or adap-
tive thresholding methods for binarization. The earliest
attempt at using local thresholds can be traced back to
Niblack’s method [13] which utilizes mean value and vari-
ance within a small window to determine the property of
centered pixels and is formulated as:

T (i) = µ(i) + k × σ(i) (1)

where µ(i) and σ(i) are mean value and standard variance
in a small window centered on pixel i, k is a parameter less
than 0. The potential problem of this method is that large
amount of noise is introduced in pure blank background ar-
eas and it is sensitive to the window size. An improvement of
Niblack’s method was described by Sauvola et al [17] using



the formula:

T (i) = µ(i) +

[
1 + k

(
σ(i)

R
− 1

)]
(2)

where µ(i) and σ(i) have the same meaning as Equation 1, k
takes positive values and R is 128 for a grayscale document.

Both Niblack’s algorithm and Sauvola’s algorithm are sen-
sitive to the parameter k and window size s which limit their
performances, so Bukhari et al. [3] suggested an adaptive
method to estimate free parameters according to local ridge
properties. By using Otsu method locally, Moghaddam and
Cheriet [12] calculated the optimal window size based on
stroke width and text line height within the document im-
age.

Another drawback of a document image captured using a
hand-held devices is that the low cost lenses that are typ-
ically used can cause out of focus blur and down sampling
blur and produce lots of noise [19, 21, 11, 4].

In this paper, we focus on enhancing the quality of the
binarized image and suppressing noise due to uneven or in-
sufficient lighting. In section 2, a non-linear function based
segmentation surface is proposed which is followed by a novel
Markov random field based relabeling method described in
section 3. The experimental setup and results are described
in section 4 and we present our conclusions in section 5.

2. INITIAL BINARIZATION
Due to uneven or bad illumination, the intensity of back-

ground may not be consistent within a camera captured doc-
ument image. Fig.1(a) shows an example document image
captured under uneven lighting condition whose background
is darker on the left part of image than on the right side.
Fig.1(b) shows the vertical profile intensity of this document
image and it is apparent that any single threshold based bi-
narization method will not work since the intensity varies
gradually from left to right. Ideally, the thresholding should
be an adaptive curve that tracks the intensity. The mean
value of intensity in a window around a given pixel is a likely
threshold which is the basis of many adaptive thresholding
binarization techniques [13, 17]. As shown in Fig. 1(b), the
average of profile intensity which is calculated using a 10
sized window crosses the intensity curve and can be used as
a starting point to estimate an optimal local threshold.

In our work, prior to estimating the adaptive threshold
surface, we compute the mean value µi =

∑
x,y I(x, y)/(m×

n) and variance δi =
√∑

x,y(I(x, y)− µi)2/(m× n) for a

given pixel i using a m × n sized window centered on this
pixel. The maximum variance δmax and minimum variance
δmin are also obtained over the entire document image. The
adaptive threshold for each pixel is calculated according to
a logistic function as described in Equation 3:

O(i) = µi


1− k(

1 + e
−B

(
δi−δmin

δmax−δmin
−M

))1/ν
+ k

 (3)

where B controls the growth rate of the logistic curve, M
and ν affect the time for which maximum growth occurs and
k is the minimum value the curve can achieve.

The idea behind Equation 3 is that text areas have larger
values of variance and mean value of given pixel i can be

(a)

(b)

Figure 1: A sample image and its vertical profile

(a)

(b)

Figure 2: Adaptive threshold surface and initial bi-
narization result

a candidate threshold. On the other hand, the variance
of background pixels is small and the threshold should be
smaller than the mean value to avoid noise. Then the free
parameters of Equation 3 are chosen such that the thresh-
old is close to mean value µi if variance δi is big and the
threshold is smaller than the mean value if variance δi is
small.

Fig. 2 shows the adaptive threshold surface calculated
using Equation 3 and the initial binarization result of Fig.
1(a) using this surface. From Fig. 2 we can see that the
intensity of the threshold surface changes gradually along
with the intensity of the document image and the result of
binarized image has consistent text stroke width which is
not affected by the variation in intensities caused by uneven
lighting.

3. MRF BASED RELABELING
Normally, noise in the background and holes within text

cannot be avoided by using adaptive threshold based bina-
rization only as shown in Fig. 2 (b). In this paper, we pro-
pose a Markov random fields based relabeling procedure to



remove noise and holes from the initial binarized document
image.

3.1 MRF and Gibbs Model
In recent years, Markov Random Fields (MRF) based

image restoration algorithms have attracted interest from
researchers in document processing. Considering the ideal
document image to be a binary image which is down-sampled
and blurred to a gray-scale image by adding Gaussian noise,
document binarization can be looked at as a special restora-
tion problem. Lelore and Bouchara [8] proposed a MRF
model for binarization which can remove noise and improve
the character connectivity. Lettner et al. [9] used a similar
framework but defined the Gibbs distribution in a differ-
ent form to binarize the degraded documents. To binarize
unevenly illuminated documents, Kuk et al. [7, 6] initially
segmented the entire document image using mean filter re-
sponse as features and relabeled the pixels using a mini-
mization technique which can be looked at as a variant of
Gibbs model. As proved by Hammersley and Clifford [5],
Markov random fields can be considered equivalent to Gibbs
fields. In the following sections, we use these two terms in-
terchangeably.

The relabeling of the initial binarized document image
which assigns one of two labels (black or white) to each pixel
of the document can be modeled as a maximum a posteriori
Markov random field (MAP-MRF) estimation of ideal bina-
rized document image X given only the degraded camera
captured image Y . In our MRF framework, the observed
degraded image Y is the original gray-scale document im-
age along with its initial binarized image and our task is
to calculate an optimal configuration of X which maximizes
the posteriori:

X = arg max
X

P (X|Y )

= arg max
X

n∏
i=1

P (xi|yi, xN−{i}) (4)

where yi is the observed feature and xi is hidden configura-
tion of pixel i respectively, and N −{i} denotes all pixels in
document image except pixel i.

By taking Bayesian rule and considering Markov property,
the MAP-MRF estimation can be re-written as:

X = arg max
X

n∏
i=1

P (yi|xi, xN−{i})P (xi|xN−{i})
P (yi|xN−{i})

= arg max
X

n∏
i=1

P (yi|xi, xN−{i})P (xi|xN−{i})

= arg max
X

n∏
i=1

P (yi|xi)P (xi|xN(i))

= arg min
X

[
−

n∑
i=1

logP (yi|xi)−
n∑
i=1

logP (xi|xN(i))

]
(5)

where likelihood P (yi|xi) represents the dependency of ob-
servations on hidden configuration and prior P (xi|xN(i))
shows the influence from immediate neighbors N(i) to cen-
tered pixel i. In our work, we use 4-connectivity lattice
system where each pixel has four neighbors.

Generally, the optimal configuration X of Equation 5 can

be achieved by minimizing energy function [2, 16]:

E(X) =
∑
i∈V

Ui(xi) +
∑

(i,j)∈E

Vi,j(xi, xj) (6)

where V is the vertex corresponding to pixels in the image
and E is the edge connection between pixels, Ui(xi) denotes
the unary energy which is derived from −logP (yi|xi) and
pairwise energy Vi,j(xi, xj) is derived from −logP (xi|xj) in
Equation 5 respectively. The unary energy Ui(xi) tends to
force hidden configuration xi to have a value which is com-
patible with its observation yi and pairwise energy Vi,j(xi, xj)
forces xi to be smoothly connected with its neighbors.

3.2 Edge potentials
Unlike other MRF based relabeling algorithms which only

use the intensity difference between neighboring pixels and
smooth the entire document image [6, 9], we explore a stroke
width related feature which preserves the edge of strokes and
removes noise from the document.

For each connected text component of the binarized docu-
ment image obtained from section 2, we compute the short-
est distance from foreground pixels to the background which
is denoted as en(i) for pixel i in connected component n.
The maximum distance from the foreground pixel within a
connected component n to the background is represented as
ên. To measure the potential of a foreground pixel to be
on the edge, the distance from the foreground pixels to the
innermost pixel within a connected component is calculated
as:

sn(i) = ên − en(i) (7)

Fig. 3(a) shows the edge potential of an example charac-
ter a where the brighter area in the character corresponds
to a low edge potential and the darker area corresponds to
higher edge potential. The velocity vectors which indicate
the direction and strength of edge potential for each fore-
ground pixel are shown in Fig. 3(b), from which we can see
that the edge potential decreases gradually from edge pixels
to inner pixels within the character.

(a) (b)

Figure 3: Edge Potential

3.3 Likelihood and Prior
The goal of the MRF based relabeling procedure is to

remove noise and smooth the entire document image. As
described in section 3.1, −logP (yi|xi) can be approximately
represented by an unary energy function Ui(xi) which forces
the label xi of pixel i to be close to its observation yi. We
define Ui(xi) as:

Ui(xi) = λ
√

(yi − xi)2 (8)



where yi is the gray-scale value for pixel i and xi takes value
of 255 for background and 0 for foreground.

Pairwise energy function Vi,j(xi, xj) or −logP (xi, xj) is

defined in Equation 9 using edge potential features along
with gray-scale value for each pair of pixels,

Vi,j(xi, xj) = α exp

(
(−1)|xi−xj |

|[s(i)− s(j)]2 − (sw/2)2|+ 1

)
+ β exp

(
(−1)|xi−xj ||yi − yj |

256

)
(9)

where xi and xj are the hidden configuration (0 for fore-
ground and 255 for background) for pixel i and j, s(i) and
s(j) are edge potentials for pixel i and j using Equation 7,
sw is the mean stroke width within the document image,
and yi and yj are the gray-scale values for two neighboring
pixels.

The underlying principle of Equation 9 is that if two neigh-
boring pixels are from the same source, e.g. both of them are
from foreground text, they should have similar edge poten-
tials and gray-scale values which cause the pairwise energy
to be low.

To achieve the global minimum energy corresponding to
the optimal configuration of MRF, We use a graph G =
〈V,E〉 which contains two special terminals called source and
sink to model the image and the graph cuts algorithm [2] is
used in our experiment repeatedly until the binarized result
is stable. Prior to the iteration, the original document image
is binarized using the adaptive threshold surface described
in section 2. During each iteration, the edge potential of
each pixel is computed on the binarized image prior to the
calculation of unary energy and pairwise energy according to
Equation 8 and Equation 9. The unary energy of each pixel
is then assigned to the edge which connects the source/sink
and the corresponding node. The pairwise energy is assigned
to the edge which connects corresponding neighboring nodes
in the graph G respectively. Finally, the initial binarized
image is refined using graph cuts algorithm in each iteration
and is used as the initial input binarized image to the next
iteration until the difference between two images is smaller
than a pre-defined threshold. The overall procedure of our
algorithm is described in Fig. 4.

4. EXPERIMENTAL RESULTS
In our experiment, we use a data set of 28 pages of doc-

ument images which were captured using a hand-held cell-
phone camera with a resolution of 3.8 mega pixels. The
document pages in our data set are research papers in two
column style and the text occupies at least 95% of the page
area. All images were captured in an indoor office envi-
ronment and our experiment was carried out using image
portions with insufficient or uneven illumination along with
out of focus blur. Fig. 5(a) shows an example image in our
data set.

We used both qualitative judgement in the form of vi-
sual inspection as well as a quantitative metric based on
OCR performance to evaluate the proposed binarization al-
gorithm.

Fig. 4 shows an example of visual comparison of the bina-
rization results with Otsu method, Niblack method, Sauvola
method and the proposed MRF based method. Fig. 5(b)
is the binarized result of Otsu method where strokes on the

MRF Relabeling Algorithm
Input: Gray-scale document image I.
Initial Binarization:

1: Estimate adaptive threshold surface using Equa-
tion 3;

2: Segment text from background using adaptive
threshold.

3: Initialize difference threshold t and maximum iter-
ation number N .

Relabeling:
4: Extract edge potential feature on binarized docu-

ment image for each pixel according to Equation
7;

5: Compute the unary energy of each pixel for the
entire document image using Equation 8;

6: Calculate the pairwise energy of each pixel for the
entire document image using Equation 9;

7: Use graph cuts algorithm to get the optimal rela-
beling of the binarized image;

8: Calculate the difference ε(n) between the relabeled
image and the previous binarized image:

ε(n) =
∑
i

√
(x

(n)
i − x(n−1)

i )2

where x(n) is the configuration after relabeling for
pixel i and x(n−1) is the older label for pixel i;

9: If ε(n) < t or n > N , go to next step, otherwise,
n = n+ 1 and go back to step 4;

Output: binarized result.

Figure 4: Overall Procedure of Binarization

left portion of the image are thicker than those on the right
portion because of uneven illumination. Although the stroke
width is consistent in the result from the Niblack method, a
lot of noise is introduced in pure background areas as shown
in Fig. 5(c). The Sauvola method has better performance as
shown in Fig. 5(d) where noise is restrained and strokes are
retained. The last Fig. 5(e) shows the result of the proposed
MRF based binarization method which not only removes all
isolated noise, but enhances the quality of strokes.

The goal of most binarization algorithms is to provide
a reliable binarized image for further document processing
such as Optical Character Recognition (OCR). So, we com-
pared OCR results on the binarized images generated from
the four different binarization methods considered in our ex-
periments. The OCR experiment was carried out using the
open source OCR software Tesseract [1] without deskew or
other pre-processing procedures. The OCR accuracy was
measured using the F-Score which is defined in Equation
10, 11, and 12:



(a) Original (b) Otsu

(c) Niblack (d) Sauvola

(e) Proposed method

Figure 5: Binarization result of uneven illuminated document image using proposed algorithm compared
with other methods. (a) The original grayscale document image, (b) Otsu binarization result, (c) Niblack
binarization result with k = −0.3 and s = 11, (d) Sauvola binarization result with k = 0.02 and s = 11, (e)
Proposed MRF based binarization result.

FScore =
2×Recall × Precision
Recall + Precision

(10)

Recall =
TP

TP + FN
(11)

Precision =
TP

TP + FP
(12)

where TP is the number of the words that appeared in both
ground truth and result, FN is the number of words which
are only in the ground truth and FP is the number of words
which are only in the OCR results.

As can be seen from Table 1, the proposed MRF based
binarization algorithm provides better OCR accuracy than
the other three methods whereas the Niblack method has
the worst OCR performance since it introduces more noise
into the image.

Table 1: OCR Results from Tesseract on binarized
images

Method OCR Result(F-Score)
Otsu [14] 35.7%

Niblack [13] 5.8%
Sauvola [17] 42.5%

Proposed method 56.0%

5. CONCLUSIONS
In this paper, we propose a novel MRF based algorithm

to binarize document images captured using a hand-held
device such as a mobile phone. Prior to binarization, a

non-linear transformation function is used to estimate an
adaptive threshold surface on which the document image
is initially segmented. To remove noise and retain text
strokes, a novel edge potential feature is employed in our
MRF framework. The experimental results show that the
proposed method provides a visually superior binarized out-
put which also results in better OCR performance than the
other techniques.
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