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Abstract

Aim of this work is to detect and segment objects such as license plate or human eyes from images with Markov
Random Fields (MRFs). MRF is a region based segmentation method that works iteratively in Bayes framework
and simulated annealing was used as optimization method. We focused on modelling the MRF regional
observation energies with probabilistic distributions. Although simple segmentation problems such as
thresholding can be modelled by simple univariate Gaussian distributions, complex textures regions such as
license plate or human eye requires the use of multi-dimensional distributions. We suggest using Eigen-Density
distributions and Support Vector Machines (SVM) to model observation energies for complex textured regions.
We also demonstrate the performance of MRFs for removing the noise and providing smoothness on segmented
results and discrimination and generalization power of the SVMs.
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1 Introduction

Object detection is an essential part of any object
representation, recognition and tracking systems.
Especially detecting faces in images attracted
considerable researchers as surveyed by Tou et a. [1]
and Yang et a. [2]. In [1] face detection methods are
categorized under two groups as feature based and
image based approaches. On the other hand Yang et
a. [2] grouped the object detection methods under
four clusters as knowledge based methods, feature
invariant approaches, template-matching methods and
appearance-based methods.  We tried to develop
appearance based dtatistical models for detecting
objects in images. Markov Random Field (MRF) isan
appearance based segmentation method that mostly
uses simulated annealing optimization in a Bayes
framework. MRF image models have become
increasingly popular in image reconstruction
problems such as de-convolution, de-noising,
interpolation and segmentation [3].

The Aim of the work is to model the MRF
observation energies with probabilistic distributions.
When we investigate the literature, we can see that
very simple energy models were used for image
segmentation with MRFs (see Section 3). Although,
simple segmentation problems such as thresholding
can be modelled by simple univariate Gaussian
distributions, complex textures regions such as license
plate or human eye requires the use of multi-
dimensional distributions. In this work we suggest
eigen-density and SVM based distributions to model

observation energies. Moghaddam and Pentland [4]
described a multivariate Gaussian density to model
high  dimensional data using  eigenspace
decomposition. In this work, eigenspace Gaussian
density suggested by Moghaddam and Pentland is
embedded to the MRF observation energy, which
should be minimized during optimization. SVM
(Support Vector Machines) recognition confidence
values are used to develop an alternative approach to
model MRF observation energies.

2 Markov Random Fields

2.1 Definitions

Let S={s=(,j)|1EIiEHLE jEW,i,j,H WT I} be
the set of image lattice sites, where H and W are the
image height and width in pixels. In the two-
dimensional image lattice S, the pixel values
x={x,sl §§ ae a redization of random

variablesX ={X_,sl S}.

Let N={N_,sl S} is a neighbourhood system for
which sf N, and rT N O si N,. Ns ae the
neighbours of s. Neighbourhood can be ordered for a
pixel at @i.) as
NgG, j) ={(k D) [0£ (k- i)*+(1- j)*£¢} - A clique ¢
can be defined as a subset of S, for which every pair

of sites are neighbours. And clique set C in the
neighbourhood system Ns isC ={c|cl N}. And

finaly, a random field X is a Markov Random Field
(MRF) with respect to the neighbourhood system N if



-P(X =x) >0for al x1 W, , where W, is the set of
al possiblex on S; and
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2.2 Gibbs-Markov RFs Equivalence

Hammerdey-Clifford Theorem states that a random
field X is a Gibbs Random Field (GRF) with respect
to the neighbouring system N; if X is an MRF with
respect to the N (proof can be found in [3]). X isa
GRF with respect to the N if

1 1
P(X=x)==exp - =U (X )
( ) S &P - ()
where 7 - expl- W/ T)U (0] is normalization
AW
constant, T is temperature and U(Xx) is the total energy
function.

3 MRF Based Image Segmentation

Main application area of MRFs in image processing
discipline is object or texture modelling and
segmentation. Derin et a. [5] presented an approach
to the use of Gibbs Distribution for modelling and
segmentation of noisy and textured images by using
dynamic programming. Jain et al. [6] illustrated the
use of MRFs with binomial conditional probabilities
as an image texture model; also they defined the
texture as “stochastic image field”. Kato et a. [7] deal
with the problem of unsupervised classification of
images modelled by MRFs. In their system the only
parameter supposed to be known is the number of
classes. Other parameters are estimated in an
Expectation Maximization scheme. Yang et a [8]
propose a novel pixon-based adaptive scale method
for image segmentation. The key idea of their
approach was that a pixon-based image mode is
combined with a Markov random field (MRF) model
under a Bayesian framework. Deng et a [9] proposed
a simple Markov random field model with a new
implementation scheme for unsupervised image
segmentation based on image features. Melas et a
[10] described a class of “Double Markov Random
Field Models’ for images composed of several
textures, which they considered to be the natural
hierarchical model for image segmentation task.

We have considered the image segmentation problem
in the Bayesian framework;

p(f)p(g]f) 2
p(9)

where f and g indicates the segmented and observed
images. Since P(g) is stable, it acts as a normalizing
constant, so we have to model only prior and
conditional observation energies,

P(F|G) 1 P(F).P(G|F) ©)

p(flg)=

If we apply logarithmic transformations to both sides
of Eg. 3, we obtain

In[P(F |G)] 1 In[P(F)]+In[P(G|F)] (4
These logarithmic terms can be treated as energies;
EFIG = b.E. +a'EG|F (5)

where and are the coefficients that control the
effect of prior and observation energies to the total
energy. Now, the task is to model these energies,
which should be minimum when the solution reaches
the desired segmented image.

3.1 Prior Label Distribution Energy

Most of the MRF based segmentation systems use
MLL (multi-level logistic) models for modelling the
prior label distribution energy [3]. MLL model for 2-
dimesional image can be formulated as

E.= d(f,f) (6)
t Ng

whereg(f_, f,) can be selected as;

-1 f f =1,
d(f,, f) =

M
+1if f1f,

3.2 Conditional Observation Energy

Selecting the observation energy model is probably
the most important part of this work. This energy
controls the distance between the sample region and
modelled label distributions. To model this energy we
need some estimated parameters for each label, these
parameters (or features) can be found by an off-line
training process or it can be learned during the MRF
iterations. In this work three energy models are
studied; univariate distribution energy, multivariate
distribution energy and SVM based energy.

3.2.1 Univariate Distribution Energy

A univariant Gauss distribution

— - — 1 (gi,j' ”?)2 fe)
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can be used to model the conditional observation
energy, where g;; is the pixel value at the location
@i,), +and ; are the corresponding variance and
mean values for the label f. Corresponding energy can
be formulated as
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3.2.2 Multivariate Distribution Energy

Moghaddam and Pentland [4] had described a
multivariate Gaussian density to model high
dimensional data using eigenspace decomposition. A
multivariate Gaussian density function can be
formulated as

- 1 1 el o (20)
XIW=——""—Fexp - =(X- X) S7(X- X
P(X|W i S0 TS 6 %)

Where Xand are the mean vector and covariance

matrix of the training data. The sufficient statistics for
characterizing this likelihood is the Mahalanobis
Distance

d(¥) =(x- X)'S*(x- X) =(X)'S(X) (1)

We can rewrite the distance with the eigenspace
information as

d(x) =X |[FD*FT|%) =y D'y (12)

where y is the projection of the x vector in the
eigenspace. Recall the eigen-space formulation;

D=F'SF (13)

where is the covariance matrix, and D is the
corresponding eigenvector and eigenvalues matrix.
Because of the diagonalized form, the distance in
Eqg.12 can be expressed as

N 2
9= B/L (14)

where /. isthe ith eigenvalue, N is the total number

of eigenvalues. To reduce the dimension we did not
use al N eigenvalues but we selected M of them.
Then the density formulation at Eg.10 becomes as
follows;

2
P(x|\/\0=—lM exp RECRS L
(2p)M/20 /il/2 2 i=1 /i

i=1

with using the above information, we utilize the
conditional observation energy formula;

f
[
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where z' is the eigen projected vector of the input
vector g using eigen-space information of the classf.

3.2.3 SVM Based Energy

In this type of energy, we regard the object
segmentation as a classification problem between
object and non-object regions. We get the resulting
likelihoods of the classifiers and use them to model
the observation energies. Let ng be the likelihood of

the sample region g for the class label f. Then the
observation energy can be calculated as;
1

f
1+)(g

E(G=g|F=f)= (17)

To obtain these probability vectors, we used Support
Vector Machines (SVMs), since SVMs have
empirically been shown to give good generalization
performance on a wide variety of problems [11].
SVMs were first represented by Vapnik et. al [12].

In fact SVM does not give any probability
information, as output; it gives only the decided class
information. However, Chang et al. extended SVM
for probability estimates. Details of the process can be
found in [13].

3.3 MRF Optimization

One of the most important criteria for implementing
MRF models is the maximum a posteriori (MAP)
criterion. It can be easily shown that maximizing the
posterior conditional probability distribution (Eq.3) or
Gibbs distribution is equivalent to minimizing the
energy of the model (Eq.5). We used Gibbs sampler,
to reach the minimum energy.

4 Experimental Work

The proposed theory can be applied on any object
detection method because of the trainable nature of
the methods. We have selected License Plate
character segmentation, License Plate localization and
Human Eyes detection problems. Both off-line
training and on-line simulating steps are needed for
License Plate localization and Human Eyes detection
problems; however, an unsupervised Expectation
Maximization based technique is used to estimate the
parameters for License Plate character segmentation
method, which does not need off-line training.

4.1 Off-Line Training

The flow diagram of the training process is illustrated
by Figure 1. First, an input image is opened and some
pre-processing operations are applied such as standard
normalization, histogram equalization. A scanning
window, which has a certain size, is shifted on the
image to collect training patterns. This windowing
technique is frequently used for object detection [14,
15, 16]. We used 15x15 windows for License Plate,
and 11x11 windows for Eye detection systems. These
small training images are than entered into a pre-
selection process. This process applies some heuristic
rules to eliminate unnecessary samples. After pre-
selection, the program allows the users to label the
images as object (O) or non-object (N). Dimension
reduction by Principal Component Analysisis applied
after the labelling. The last part is the model training,
which we train our classifiers (or estimators) by using
the pre-processed training data.
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Figure 2 illustrates the testing part, which has same
pre-selecting and dimension reduction step as in the
training part. Observation energies are calculated asin
Eq.9 and EQ.16, with using off-line training results.
Gibbs Sampler determines the new labels with
minimizing these energies.

5 Results

We applied the proposed methods on the License
Plate Character Segmentation, License Plate
Localization and Human Eyes Detection problems.

The License Plate database consists of 200 images
collected by Divit LPR system working on the
intercity highway in Bal kesir in Turkey, Human face
images were obtained from the ORL face database
[27].

Figure 3 shows the results for the character extraction
problem for LPR (License Palte Recognition)
systems. Figure 3a shows the original image, which
is corrupted by additive Gaussian noise. We can see
OTSU thresholding and univariate MRF based
segmentation results in Figure 3b and Figure 4c
respectively. As seen by the results, MRF segmented
image is more robust than the OTSU result for

Gaussian noise distortion.
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based MRF
images with Gaussian Noise,
(b)OTSU thresholding results, ()M RF results

Table 1: License Plate Region Detection Error Rates

Figure 3. Gaussian
results,(a)Original

Energy

Error Rates Eigen-MRF | SVM SVM-MRF
False Negative 0,023 0,022 0,020
False Positive 0,30 0,33 0,28

Table 2 : Eye Detection Error Rates

Error Rates Eigen-MRF | SVM SVM-MRF
False Rejection 32% 27% 11 %

Mean False
Accepted Eyes 0,80 0,82 0,58

Number Per Face

Performances of proposed segmentation methods
which are eigen-density based MRFs (Eigen-MRF),
direct SYM (SVM) and SVM based MRFs (SVM-
MRF) are compared at Table 1 and Table 2. Ground
truth of License Plate and Eye locations are marked
manually before testing. Table 1 illustrates the false
negative and false positive rates of the methods on
License Plate segmentation results. Although there are
small differences between algorithms, SYM-MRF is
the most successful method for both criteriaas seenin
Table 1. Table 2 is prepared to compare the
performances on eye detection. False regjection rate is
the proportion of missed eye number to the total eye
number, and false accepted rate is calculated as
dividing the false detected eye number to the tota




number of face images. As shown in Table 2, SVM-
MRF method again over performed other two
methods dramatically.

License Plate and Eye segmentation resulting images
are illustrated in Figure 4 and 5 respectively. In both
figures, first row consists of original images and other
rows are ordered as Eigen-MRF, SVM and SVM-
MRF results. Black labelled regions are the probable
object regions estimated by the proposed methods.
We can say plate detection performance of the three
methods is similar but, SYM method has low false
positive estimates when comparing with other
methods. However, in eye detection, SVM-MRF
methods present definitely the best performance both
in false acceptance and false rejection criteria.

6 Conclusion

In this work we tried to develop image region models
to separate desired object regions from non-object
background regions. To achieve this goa we used
Markov Random Fields, which are optimized by
simulated annealing, in Bayesian framework. Aim of
the study is modelling the conditional observation
energies. Although, simple segmentation problems
such as thresholding can be modelled by univariate
Gaussian distributions, complex texture regions such
as license plate or human eyes need multi-
dimensional distributions. We suggested eigen-
density Gaussian distributions and SVM  based
densities to model the MRF observation energies.

We tried to solve three popular problems, which are
denoising license plate images to extract characters,
license plate localization and human eyes detection.
We obtained good results in image de-noising with
using uni-variant Gaussian distribution based MRF
energy. Results were compared with OTSU
tresholding to show the performance of the method.
We applied the eigen-space and SVM based MRFs
for detecting license plate and human eyes. As shown
in the results, SVM-MRF outperforms other models
both in License Plate and Human Eyes localization
problems.

Discrimination and generalization power of the SYMs
can be seen by comparing Eigen-MRF and SVM-
MRF results. Besides, we can realize the smoothing
and noise removal effects of MRFs by comparing the
results of SVM and SVM-MRF methods. These
effects of the MRFs provide the low false positive and
low false positive results of SVM-MRFs. Although
Eigen-density based segmentation produced fine
results for license plate detection, it faced with the
high false acceptance rate for eyes detection, because
of the complex texture of the human eye regions.

Selecting b and & coefficients and varying lighting

conditions are the problems faced in experiments. We
tried to solve lighting problems by applying some pre-

processes, such as standard normalization and
histogram equalization on the input images.
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Figure 4. License Plate detection resulting images. First row: original images, second row: Eigen-M RF results,
third row: SVM results, fourth row: SVM-MRF results.

Figure 5. Eye detection resulting images. First row: original images, second row: Eigen-MRF results, third row:
SVM results, fourth row: SVM-MRF resullts.



