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Abstract

Binarization techniques have been developed in the docu-
ment analysis community for over 30 years and many algo-
rithms have been used successfully. On the other hand, doc-
ument analysis tasks are more and more frequently being
applied to multimedia documents such as video sequences.
Due to low resolution and lossy compression, the binariza-
tion of text included in the frames is a non trivial task. Ex-
isting techniques work without a model of the spatial re-
lationships in the image, which makes them less powerful.
We introduce a new technique based on a Markov Random
Field (MRF) model of the document. The model parameters
(clique potentials) are learned from training data and the
binary image is estimated in a Bayesian framework. The
performance is evaluated using commercial OCR software.

1. Introduction

MRFs and Gibbs Distributions have been used successfully
for image restoration [2]. We believe, that MRF models are
very well suited for modeling text properties, but the models
found in the literature are not rich and do not exploit enough
of the properties of text characters.

Thouin et al. use3 × 1 and1 × 3 cliques and energy
functions stimulating horizontal and vertical homogeneous
strokes to restore bimodal text images from low resolution
samples [10]. Cui and Huang use2× 2 cliques with similar
energy functions to extract binarized car license plate im-
ages from gray scale sequences [1]. Both approaches use a
simple model, where the MRF is used to model the prior for
an MAP estimator which tends to remove simple noise and
augments small straight strokes.

Of course, given all the different possible types of text
in different fonts, sizes, styles, orientations, colors etc., it
is difficult or near impossible to create an exact model of
text which fits all possible text observations. In part, this
is the reason for the simplicity of the existing text models.

However, the fonts of most of the low quality text in video
broadcasts are very simple and without serifs so they remain
readable when rendered at low resolution.

This paper is outlined as follows: Section 2 gives a short
introduction into MRFs and Gibbs Distributions. Section
3 presents the observation model and Section 4 the prior
model. Section 5 explains the annealing process used to
minimize the energy function. In Section 6 we describe the
experiments we performed to evaluate the system and give
some results. Section 7 finishes with concluding remarks.

2. MRFs and Gibbs Distributions

MRF models treat images as stochastic processes. A field
X of random variablesXs1 , Xs2 , .... XsN

is a MRF iff
P (X=z) > 0 ∀z ∈ Ω andP (Xs=xs|Xr=xr, r 6= s) =
P (Xs=xs|Xr=xr, r ∈ gs) wherez is a configuration of
the random field,Ω is the space of all possible configura-
tions andgs is the neighborhood of the pixelXs. In other
words, the conditional probability for a pixel of the image
depends only on the pixels of a pre-defined neighborhood
around this pixel. This neighborhood is defined in terms
of cliques, where a clique is the set of pixels which are
neighbors of the given pixel. It has been proven that the
joint probability density functions of MRFs are equivalent
to Gibbs distributions, i.e. are of the form

π(z) =
1
Z

e−U(z)/T

whereZ is a normalization constant,T is a temperature fac-
tor which can be assumed to be1 for simplicity, U(z) =∑

c∈C Vc(z) is an energy function,C is the set of all pos-
sible cliques of the field andVc is the energy potential de-
fined on a single clique. Hence, the model of the spatial
relationship in the image can be defined in terms of energy
potentialsVc of the clique labelings.

In this paper the MRF models the priorP (z) in a
Bayesian maximum a posteriori (MAP) estimator which de-



termines the binary estimate from a degraded observation:

ẑ = arg max
z

P (z|f) = arg max
z

P (z)P (f |z) (1)

The likelihoodP (f |z) depends on the observation and the
noise process. The prior and likelihood models are de-
scribed in the next two sections.

3. The observation model

The likelihood or conditional density is the probability of
the observation given an estimate. It depends on the obser-
vation model assumed for the process. Most approaches
use simple models, e.g. Gaussian noise with zero mean
and varianceσ2

n and text and background gray values of 0
and 255 respectively, which leads to the probability density
function (p.d.f.)

P (f |z) = (2πσ2
n)−N/2 exp

{
||z − f ||2

2σ2
n

}
wheref is the observed gray scale image andz is the esti-
mated binary image. However, in real life this is rarely the
case. Modeling the image degradation this way results in
fixed thresholding with threshold 127.5 if the prior distribu-
tion is set to uniform — a method which is not acceptable.

Given a reliable estimate of the text gray value(s), back-
ground gray value(s) and the variance of the noise process,
a model assuming Gaussian noise results in the p.d.f.

P (f |z) = (2πσ2
n)−N/2 exp

{
||c(z)− f ||2

2σ2
n

}
(2)

wherec(z) is the function delivering the text gray value
for text pixels and background gray value for background
pixels. Unfortunately, estimating the text and background
color (or gray value) is a difficult task and far from trivial.
We performed experiments with an MRF based binarization
scheme using the observation model (2) together with a uni-
form prior. Due to inaccurate estimates, the results are not
as good as the ones obtained by existing binarization tech-
niques such as Sauvola et al’s method [9]. The goal of our
approach is to improve the classic techniques by using spa-
tial relationships defined in the prior p.d.f. Therefore, as a
desired property, we want the new technique to give at least
the same results as these existing techniques, if the prior
distribution is set to uniform.

Niblack’s binarization method [5] has been used success-
fully and has performed as one of the best in a well known
survey [7]. Niblack’s algorithm calculates a threshold sur-
face by gliding a rectangular window across the image. The
thresholdT for the center pixel of the window is computed
using the meanm and the variances of the gray values in
the window: T = m + k · s, wherek is a constant set to

−0.2. The results are not very sensitive to the window size
as long as the window covers at least 1-2 characters. How-
ever, the drawback is noise created in areas which do not
contain any text (due to the fact that a threshold is created
in these cases as well). Sauvola et al. [9] solve this prob-
lem by adding a hypothesis on the gray values of text and
background pixels, which results in the following formula
for the threshold:

T = m · (1− k · (1− s

R
))

whereR is the dynamics of the standard deviation fixed to
128 and the parameterk is set to 0.5. We incorporate this
method into the observation model for the new technique as
follows:

P (f |z) = (2πσ2
n)−N/2 exp

{
||z − f + T − 127.5||2

2σ2
n

}
(3)

Fixed thresholding is replaced by thresholding using the
threshold surface computed by Sauvola’s algorithm. The
last parameter to estimate isσ2

n, the variance of the noise
process. If the prior is uniform, then a change of the vari-
ance does not effect the result. However, if a non uniform
prior is taken into account, then the noise variance should be
estimated as closely as possible since it controls the weight
between the prior model and the observation model.

We use local statistics of the gray levels of the image to
estimate the noise variance. A window is shifted across the
image and the gray level histogram of the pixels in the win-
dow is computed. Then the histogram is separated into two
classes by calculating Otsu’s optimal threshold [6] (which
is equivalent to maximizing the intraclass variance). Fi-
nally, the standard deviation of the noise is estimated as
σn = w σic, whereσic is the intraclass standard deviation
andw is a weighting factor we fixed to 0.5.

4. The prior distribution

Our prior model is defined on a large neighborhood (4×4
pixel cliques), which makes it more powerful. On the
other hand, simple tabularization of the clique potentials
is not possible anymore, since we would need to specify
the energy potentials for a large number of clique labelings
(2B = 65535, whereB=16 is the number of pixels in the
clique). We decided on a different approach, learning the
clique potentials from training data. The absolute proba-
bility of a clique labelingθi can be estimated from the fre-
quency of its occurrence in the training images. The proba-
bility can be converted into a clique potential as follows:

Vc(θi) = − 1
B

ln(P (θi))

Not all of the theoretically possible clique labelings are
found in the training images, so the question arises how to



find the potentials for the missing cliques. One solution has
been proposed by Milun and Sher [4] as an application of
the work of Hancock and Kittler [3]. The probability distri-
bution of the clique labelingsθi ∈ Θ is smoothed using the
following function:

P ′(θi) =
∑
θj

P (θj)pd(i,j)(1− p)u(i,j)

whered(i, j) is the number of bits which differ between the
clique labelingsθi andθj , andu(i, j) are the number of bits
which are the same.p is the smoothing coefficient, higher
values denote more smoothing.

A typical training document image contains far more
background pixels than text pixels (a typical value is about
1% of text pixels). This leads to very low energy poten-
tials for the cliques containing many background pixels.
We therefore normalized the clique potentials by a term
which only depends on the histogram of the clique. Let
θa be a clique labeling which containsz text pixels andn
background pixels. In an image randomly generated from
a stationary but biased source, which generates text pixels
with probabilityP (X=0) = α and background pixels with
probabilityP (X=255) = β, the probability to findθa on a
location isPi(θa) = αzβn. Dividing the measured clique
probability by this factor we normalize the energy distribu-
tion by increasing the energy of cliques with many back-
ground pixels and decreasing the energy of cliques with
many text pixels (assuming thatα < β, as it is the case for
document images). The final energy potential is calculated
as follows:

Vc(θi) = − 1
B

ln(
1
Z

P ′(θi)
Pi(θi)

)

whereZ =
∑

θj

P ′(θj)
Pi(θj)

is a normalization constant.

5. Optimization

To estimate the binary image, equation (1) must be maxi-
mized. Unfortunately, the function is not convex and stan-
dard gradient descent methods will most likely return a non
global solution. Simulated Annealing has been proven to
return the global optimum under certain conditions [2].

During the annealing process, for each pixel the energy
potential is calculated before and after flipping it. The de-
cision whether to flip the pixel or not is based on the value
q = e−∆/T , where∆ is the difference of the energy po-
tentials before and after the pixel change. Ifq > 1 then
the change is favorable and accepted. Ifq < 1 then it is
accepted with probabilityq. This prevents the algorithm
from staying in a local minimum by sometimes performing
changes which increase the energy function. The probabil-
ity q depends on a global “temperature” factorT , which is
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Figure 1. The degradation model

slowly lowered during the iterative process making unfa-
vorable changes less and less likely. For the cooling sched-
ule we used the suggestions in [8] (page 356), where the
temperatureT is set toT (k) = T (1) · ck−1 wherec is a
constant controlling the speed of the cooling process andk
denotes the current iteration. The start temperature must be
sufficiently high to switch to energetically very unfavorable
states with a certain probability. We setT (1) = 2 max(∆)
which allows a change from the clique with lowest tempera-
ture (i.e. very favorable) to the clique with the highest tem-
perature with probability0.61.

6. Experimental Results

To evaluate the performance of our algorithm we binarized
images and passed them to the commercial OCR program
Finereader 5.0. The documents were taken from the Pink
Panther database [12] and the University of Washington
document image collection [11]. We used 13 synthetic
documents (produced with LATEX) as training images and
5 grayscale documents as test documents.

To be able to perform experiments in realistic conditions
we degraded the images. Several theoretical document im-
age degradation models are known in the document image
processing community. However, since we concentrated on
low quality text (e.g. taken from multimedia documents),
we ignored the degradation following from the discretiza-
tion of the continuous characters, because these effects are
normally overshadowed by the stronger degradations fol-
lowing from the multimedia coding (see Figure 1). To sim-
ulate these degradations we down sampled the gray scale
input images by a factor of two and compressed them with
the JPEG algorithm with a quality factor of 75%.

The maximum difference∆ we calculated from the
clique energy function was 2.5 so we set the start temper-
ature of the annealing algorithm toT (1)=2∆=5. About
10% of all possible clique labelings were found in the
training set, the probability for the others was set to 0
if Hancock/Kittler (HK) smoothing was applied and to
1
2 min(P (θi)) otherwise. We ran the annealing procedure
with 400 iterations and a cooling factor ofc=0.97.

Figures 2a and 2b illustrate an example of a character
repaired using the spatial information in the prior. Figure



(a) (b)

θb θa Vc(θb) Vc(θa) θb θa Vc(θb) Vc(θa)
1.05 0.95 1.82 1.38
1.48 1.15 1.85 1.30
2.00 1.36 2.14 1.40
1.80 1.79 1.77 1.52
1.87 1.16 1.84 1.57
1.72 1.32 1.66 1.42
2.00 1.28 2.08 1.57
1.89 1.50 1.93 1.69∑

28.91 22.38

(c)

Figure 2. Example binarized with Sauvola’s
method (a) with the MRF method (b) The
clique labelings of the repaired pixel(c)

2c shows the clique labelings of the repaired pixel before
(θb) and after(θa) the pixel has been flipped. Note, that all
16 cliques favor the change of the pixel.

We performed experiments with HK smoothing param-
etersp=0 (no smoothing) andp=0.001, and with or with-
out normalization of the clique probabilities by the factor
Pi(θi). We could not confirm the results of Milun and Sher,
which reported improvements of the results if HK smooth-
ing was applied. On the other hand, application of the nor-
malization step improved the quality of the results.

The OCR experiments have been conducted with two
classes of images: Documents binarized with Sauvola’s
method and documents binarized with the MRF method
(normalization of the clique potentials, no HK smoothing).
As can be seen from Figure 3, the MRF prior is capable of
repairing some damage in the characters. The recognition
rates are 79.0% for Sauvola’s method and 82.0% for the
MRF method. Table 1 gives the results for each document.

7. Conclusion and Outlook

In this paper we presented a binarization technique based
on a probabilistic MRF model. Although the model is very
powerful, the results of the method do not improve existing
techniques significantly. This is partly due to the sensitiv-
ity of the method to model parameters (the noise variance)
and to the energy function. We have shown that learning
the clique parameters from training data does not result in
an energy function invariant to changes in the text proper-
ties. We nevertheless believe that given the nature of exist-
ing binarization techniques further research in probabilistic

(a) (b)

Figure 3. An example binarized with Sauvola’s
method (a) with the MRF method (b)

Document 1 2 3 4 5 Total
Sauvola 77.1 39.8 77.1 99.0 98.7 79.0
MRF 81.0 40.5 87.3 99.3 98.8 82.0

Table 1. The OCR results

modeling of text is necessary in order to create a deeper
understanding of the properties of text. Our future work
will explore new ways to define the energy potentials of the
model.
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