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TextureClassi cationUsingNonparametridvarkov
RandomFields

R. Paget,I. D. Longsta, and B. Lovell

Abstract] We present a nonparametric  Mark ov
Random Field model for classifying texture in im-
ages. This model can capture the characteristics of
a wide variet y of textures, varying from the highly
structured to the stochastic. The power of our
mo delling technique is evident in that only a small
training image is required, even when the train-
ing texture contains long range characteristics. We
show how this model can be used for unsup ervised
segmentation and classication of images contain-
ing textures for whic h we have no prior knowledge
of the constituen t texture types. This technique
can therefore be used to nd a specic texture in a
background of unkno wn textures.

[. Intr oduction

The processof classifyingtextures in an image
usually requires prior knowledge of all textures
that may occur [1]. Where this is known, texture
modelsneedcapture only su cien t characteristics
to discriminate betweenthe setof known textures,
and then discriminant analysis for instance may
be used[2]. Howewer, for imageswhere not all
textural typesare known, a texture model needs
to capture all relevant featuresthat characterise
a particular texture. Then to segmen and clas-
sify an image, the model of a known texture can
be statistically comparedwith regionsin the im-
ageto determine the probability that the region
matches the known texture. This sort of mod-
elling is also required when discriminart analysis
can not be usedbecausebadkground textures in
an imageare non-uniform.

As yet, texture recognition is not a fully un-
derstood problem and the characteristics needed
to di erentiate textures have not beenfully delin-
eated. Therefore, deriving a model to capture all
relevant characteristicsthat di erentiate a partic-
ular texture from any other remainsan open prob-
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lem [3].

A reasonableway to test whether a texture
model has captured all relevant characteristicsis
to syrnthesisea texture from the model and evalu-
ate how similar it is to the original. How to eval-
uate similarity is an open-endedproblem; it re-
guiresusto setthe criteria for similarity. (Clearly
white noisewith odd parity would be statistically
di erent from white noisewith ewen parity.) One
bendymark test of similarity is a subjective com-
parison, by eye, of the syrthesisedtexture with
the training texture. We assumethat if the tex-
ture syrnthesisedfrom the model is indistinguish-
able by eye from the training texture then the
model is adequatefor most applications. Current
models sud as auto-models, autoregressie (AR)
models, moving average(MA) modelsand autore-
gressie moving average(ARMA) modelshave not
beenshawn to realistically synthesisenatural tex-
tures [4] sudh asthosein the Brodatz album [5].
Howeer, we [6], [7] have recerly useda nonpara-
metric Markov Random Field (MRF) model to
successfullysyrnthesiserealistic represetations of
structured and stochastic textures with minimal
phasediscortinuities.

In this paper, we presen a new approad. us-
ing the nonparametric MRF model to model just
one texture and then using that model to map
the probability of ead pixel in an image being of
the giventexture. This approad is similar to that
usedby Greensparet al. [8] to producea probabil-
ity map locating all texture in an imagesimilar to
a giventexture. We show that our model captures
enoughrelevant characteristics of a given texture
to determinethe probability of ead pixel in anim-
agebeingthat texture without usingdiscriminant
analysis. With this model, we can segmenh and
classifyan imagecortaining an unde ned number
of di erent texture types.
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[I. Texture Model

MRF models have beenusedin image restora-
tion, region segmemtion, and texture syrnthe-
sis[9]. The property of a MRF is that a variable
Xsonalattice S=fs= (i;j):0 i;j < Ngmay
have its value x5 setto any value, but the proba-
bility of X5 = Xs is conditional upon the valuesx,
at its neighlouring sitesr 2 Ns. A Local Condi-
tional Probability Density Function (LCPDF) de-
ned over theseneighbouring sitesr 2 Ng deter-
minesthe probability of Xs = X5 as,

P(Xs= XsjX; = X;;r 2 Ns) s2°S; (1)
which in turn de nes the MRF [10].

To model an imageasa MRF, we consideread
pixel in the image to be a site on a lattice, and
the grey scalevalue of that pixel as the value of
that site. If the imageis all of one texture, then
the derived LCPDF is the model that de nes the
texture.
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Fig. 1. Neighbourhoods. (a) The rst order neighbourhood
(c = 1) or \nearest-neighbour" neighbourhood for the site
s=(i;j)=""andr = (k;I) 2 Ns =~ '; (b) secondorder
neighbourhood (¢ = 2); (c) eighth order neighbourhood
(c= 8).

We usedthe neighbourhood N ¢ of Geman[11],
[3], de ned as
Ne=fr=(k;)2S:0<(k )2+ ( j)* cg

2)
where c refersto the order of the neighbourhood
system. Neighbourhood systemsfor c= 1;2and 8
are shovn in Fig. 1 (a), (b), and (c) respectively.

Given an image of a homogeneougexture and
a prede ned neighbourhood system,we cangain a
non-parametric estimate of the LCPDF by build-
ing a multi-dimensional histogram of the image.

For example, if we choose a neighbourhood
Ns = fs 1gasshown in Fig. 2(a). To estimate
the respective LCPDF, we build a 2-dimensional

histogramwith dimensionslL; L, whereL g repre-
serts the pixel value x5 and L, represets the rel-
ative neighbouring pixel value xs ;. We initialise
F(Lo;L1) = 08 Lg;L;. Then by raster scan-
ning the image,we incremert the variable F (Lo =
Xs;L1 = Xg 1) foreah sites2 S; Ny S. The
simple estimate of the LCPDF is then given by

FF(Lo= Xs;L1= Xs 1) 3)
L2 F(LoiL1=Xs 1)

P(XsjXs 1) =

Xs-1| Xs

@
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Fig. 2. Neighbourhood and its 2-D histogram

Data obtained from the image to build a
multi-dimensional histogram are not independen
and idertically distributed (i.i.d.). Howewer, the
pseudo-likelihod estimate[12] of the LCPDF uses
the samenoni.i.d. data. Gemanand Gra gne [13]
proved that the pseudo-lilelihood estimate con-
vergedto the true LCPDF with probability 1 as
the image size increasedto in nit y. We use this
evidenceto justify useof non i.i.d. data for esti-
mating our non-parametricversionof the LCPDF.

The true LCPDF is given by a histogram built
from an in nite amourt of sampledata. There-
fore, the true LCPDF needsto be estimated from
a multi-dimensional histogram. Where a domain
is only sparselypopulated with sampledata, it is
advantageousto usea non-parametric density es-
timator [14].

A. ParzenWindow Density Estimator

The Parzen-windav density estimator [14] has
the e ect of smoothing eat sampledata point in
a multi-dimensional histogram over a larger area.

Denotingthe sampledataasZs = Col[xg; X,;r 2
Ns] s 2 S;Nsg S, for a column vector z =
Col[lLg; Ly, ;r 2 Ng], the Parzen-windav density
estimated frequency F(z) of the frequency F in
) is

1 X
F(z) = p—-—

Zs)

1
K (2 4)

s2S;Ns S
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wheren is the number of sampledata Zs, h is the
window parameter, and d = jNgj + 1 equalsthe
number of elemets in the vector z [14, p 76].
The shape of the smaothing is de ned by the
kernel function K. We chooseK asthe standard
multi-dimensional Gaussiandensity function,

— 1 1 T .
K(z) = R exp( 2z 2): (5)

The sizeof K is de ned by the window parame-
ter h. We aim to chooseh soasto obtain the best
estimate of the frequencydistribution F for the
LCPDF. Silverman[14, p 85] providesan optimal
window parameter:

4 1=(d+4)

m ; (6)

hopt =

where 2 is the averagemarginal variance. In our
case,marginal varianceis the samein ead dimen-
sion and therefore 2 equalsthe variance assai-
ated with the one-dimensionahistogram.

In our classi cation method, ead individual
pixel in an image is assessedor its probability
of being the original texture. In a more sophis-
ticated version of this method, we could reason-
ably assumethat pixels closeto ead other exhibit
similar probabilities. It may also be prudernt to
incorporate boundary detection as part of a con-
strained optimisation of the probability map as
discussedy Gemanet al. [15]. Sud improvemen
are application-driven. Here,we limit oursehesto
outlining the simple version of our classi cation
method.

For caseswhen the image was not all of one
texture, Gemanand Gra gne [13] assumedthat
small areasof the imagewere homogeneousind of
onetexture. They classi ed on the basisthat the
product of the joint probabilities for a neighbour-
hood over the areaof concernresenbles the joint
probability for the area,that is,

Y

Texture Classifica tion

( Xr;r 2 Wg)' P(Xr;Xe;t 2 Ny);

Ws

(7)

r:Nyr

where Ws is the window of sites, certred at s,
which are to be usedfor the classi cation of x.

A. Prokability measurement

The probability ( x,;r 2 Wg) asde ned by (7)
was found to give poor classi cation results. This
was becauseour nonparametric LCPDF tended
to give low probabilities for the neighbourhood
con gurations in the classi cation window, which
resulted in ( X;;r 2 Ws) being too susceptible
to any minor uctuations in theseneighbourhood
probabilities. Instead, we usedthe set of proba-
bilities de ned by the LCPDF for the window W4
and comparedthem directly to the set of proba-
bilities obtainable from the sampletexture.

Probability P (Xx;;X;;t 2 N;) is calculated from
(4) and (5) as

P(Xr;Xe;t2 Ny) =

1 X exp 1 (z Z,)'(z
= p
nhd(2 )d=2 2, 2h3,
Np Sy

wherez = Col[x,;X;t 2 N;] and Z, are samples
taken from the sampletexture y de ned on the
lattice Sy. The samplesofthe LCPDF, takenfrom
the window Wy S, are the set of probabilities
fP(X;Xe;t 2 Ny);r : N Wg0.

We calculate the probabilities for sample tex-
ture y for every siteq2 Sy;Ng Sy in a similar
fashionto (8), exceptfor a pixel 2 S, we do not
include the sampledata Z, = Collyq; yi;t 2 Ng]
in the calculation. This is done to prevent the
probability P(yq; yi;t 2 Ng) from being biased.

With the set of probabilities fP(X;;xyt 2
N.);r @ N, W,g from the window to be clas-
sied, and the set of probabilities fP (yq; yi;t 2
Ng);d2 Sy;Ng  Sygfrom the sampletexture, we
arenow ableto determinethe classi cation proba-
bility. The null hypothesisis that the distribution
of probabilities from the window is the sameasthe
distribution from the sampletexture. For this test
we usethe nonparametricKruskal-Wallis test [16].

The samplingdistribution of the Kruskal-Wallis
statistic K is approximately chi-squaredwith 1 de-
greeof freedom. Given K, the acceptedpractice
is to acceptor reject the null hypothesison the
basis of a particular signi cance level In our
approat we wishedto nd the con dence assai-
ated with acceptingthe null hypothesis. This con-
dence, for a particular window W4, is denotedas

Zy)



4 13TH INTERNA TIONAL CONFERENCE ON DIGIT AL SIGNAL PROCESSING, VOL. 1, JULY 1998

PW:

S

Pw, = P(k  K); 9)

wherek is chi-squareddistributed with onedegree
of freedom. It is this probability/con dence Py,
with which we plot our probability map.

IV. Resul ts

We usea neighbourhood systemof order2in our
model to obtain the probability maps of Fig. 3.
These probability maps shav that with our tex-
ture model it is possibleto segmeh and classify
windows of texture with respect to just one sam-
ple texture and without prior knowledge of other
types of textures presen in the image. As the
segmetation/classi cation method is able to dis-
tinguish thosetextures similar to the sampletex-
ture from thosethat are dissimilar, this indicates
that our model has captured all relevant features
neededto characterisea particular texture.
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Fig. 3. Probability maps of medical images: (a) lymphoid follicle in the cervix; (b) small myoma; (c) focus of stromal
di erentiation in the myometrium. Sample textures (a.1) (b.1) (c.1) were usedto segmen and classify medical
images(a.2) (b.2) (c.2) producing the probability maps (a.3) (b.3) (c.3), respectively.



