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ABSTRACT chical clustering. A different approach is presented in [2]
Herei | muli] Mark dom field which uses a multiband smoothing algorithm to generate a
erein, We propose a novel muiti-iayer viarkovrandomneld: ., icca1e representation of an image. The smoothing is

.(MRF)l |mag§ fegtmen;atl?n m_Odsl vah]ichtalms. at com_bT— ased on human psychophysical measurements of color ap-
Ing color and texture teatures: Each leature 1S assoclateq, , anee. First the coarsest level is clustered to isolate core

;.o adso _caIIed‘Ieattt:Jre layer whzre a: '\,:IRF rRodeI IS Idle- clusters. Other pixels are then reassigned to these core clus-
inéd using only the corresponding feature. A Special 1ayer o, using a probabilistic assignment. Another frequently

is assigned to the combined MRF model. This layer inter- used approach tries to combine traditional gray level texture

acts with each featgre I.ayer aqd provides the Segmemat'oq‘eatures together with pure color features [3]. Our approach
based on the combination of different features. The modeIfalls into this category

is quite generic and isn't restricted to a particular texture .
d 9 P The novelty of our model can be summarized as fol-

feature. Herein we will test the algorithm using Gabor and e : . .
. lows: First, we usélifferentfeatures at different layers. This
MRSAR texture features. Furthermore, the algorithm au- : )
allows us to work with different models or to have vary-

tomatically estimates the number of classes at each layer.

(there can be different classes at different layers) and themg.number 9f regions at different layers, choosmg the one
associated model parameters, which describes the best our feature data at a given layer.

In addition, we have a special layer, calleambined layer

which does not correspond to any feature but provides a way
1. INTRODUCTION to combine different features. Our algorithm will automati-

cally estimate the number of pixel classes and the associated

In this paper, we develop a Markovian approach to perform model parameters at each layer. Only hyper-parameters are

color textured image segmentation. The algorithm should fixed a priori. Second, the layers are fully connected: each

identify all the regions and then assign each pixel to the pixel interacts with the corresponding pixel at other layers.

most likely region type (i.e. we want to perform a pixel Multiscale pyramids have also been successfully applied for

classification). This new MRF model should make use of image segmentation [4]. In these models, each layer usually

multiple features in an efficient way during the segmenta- contains thesameimage data at different resolutions. How-

tion process. Color feature usually preserves boundaries butver, we usaifferentdata at different layers and we do not

it is more sensitive to local color variations. Hence color- perform subsampling, therefore our model is not a pyramid.

based segmentation provides sharp edges but often inhomoin this respect, our model is similar to [1, 2].

geneous regions. On the other hand, texture features give us

fuzzy boundaries but more homogeneous regions. By com-

bining these two features, we hope to get sharp boundaries 2. MULTI-LAYER SEGMENTATION MODEL

andhomogeneous regions.

Basically, there are two approaches in the literature to We use perceptually uniform CIE*u*v* color values and
color texture segmentation: One approach deals directly withtexture features derived from the gray-level image. Seg-
color textureq1, 2]. In [1], an unsupervised segmentation mentation requires simultaneous measurements in both spa-
algorithm is proposed which uses Gaussian MRF modelstial and frequency domain. Fortunately, the spatial reso-
for color textures These models are defined in each color lution is considerably increased when we are combining
plane with interactions between different color planes. The texture features with color. Our model consists of 3 lay-
segmentation algorithm is based on agglomerative hierar-ers. At each layer, we use a first order neighborhood sys-
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tem and higher order inter-layer cliques (Fig. 1). The im- 00000000 Intralayer Cliques

. . . . 0]0]0]0]¢0]0]0]e)
age features are represented by multi-variate Gaussian dis- 00008D000 0 00 8
tributions. Let us denote the color layer B¢, the tex- 000QEOOOO.
ture layer byS* and the combined layer hg*. All lay- 0CO00QUJOO
ers are of the same size. Our MRF model is defined over OOOOOOOOOOOOO Inter-layer Cliques
the Iattlce§ =8°Us*US. Eor each site, t.he region- 00000000
type (or pixel class) that the site belongs to is specified by sle]ole)e o)o]e)e
a class labelw,, which is modeled as a discrete random 0000 @O0 Combined
variable taking values ik = {1,2,...,L}. The set of OOOOOO o)
these labelsy = {w,,s € S} is a random field, called OOOO OOOOO O
the label process Furthermore, the observed image fea- 0000 g 000
tures (color and texture) are supposed to be a realization 0000@00OO rexture
F = {f,|s € §°US"} from another random field, which is a
function of the label process. Basically, thémage process Fig. 1. Multi-layer MRF model.

F represents the deviation from the underlying label pro-
cess. Thus, the overall segmentation model is composed of . ~ _ ) )
the hidden label processand the observable image process SINce We assume that(f; | w;) is Gaussian, it follows

F. Our goal is to find an optimal labeling which maxi- 7o Ed. (1) that the corresponding energy potentials
mizes the a posteriori probabilij(w | F), thatis themax- 9 (fx %) should be log Gaussians:

imum a posterior(MAP) estimate [5]:arg max,cq P(w | 1 - _

F) = argmaxyeq[T,es P(E | w.)P(w), whereQ de-  In(y/(2m)® | ey, )+ S (B — e, )3, (B — ey, )"
notes the set of all possible labelings. We use the MMD )
algorithm [6] to obtain a good but theoretically subopti- 5y, 4,) = 1 if ¢, andy, are different and-1 otherwise.
mal MAP estimate. Simulated Annealing could also be 3 - ( is a parameter controlling the homogeneity of the
used at the price of higher CPU times. According fo the regions. Asj increases, the resulting regions become more
Hammersley-Clifford theore{8], P(w | F) followsaGibbs  homogeneous. The last ter#i{(1/,, 7)) is the inter-layer

distribution: clique potential which will be defined later and is a pa-
exp(—U(w exp(—=Vr(w rameter controlling the influence of the combined layer. As
Plw|F)= p( Z @) _ loee p(Z clwe) (1)  ~¢increases, the influence is higher.

On the texture layer, the observation consists of a set
whereU (w) is called arenergy functionZ is the normal-  of Gabor [7] and MRSAR [8] image features. We adopt
izing constant and/ denotes thelique potentiabf clique  these two type of features because Gabor filters are good
C € C having the label configuratiomc. Note that the  at discriminating strongly ordered textures while MRSAR
energies ofsingletons(ie. cliques of single sites € S) features can better describe weakly ordered or random tex-
directly reflect the probabilistic modeling of labels without tures. Out of these features, we only need an optimal subset.
context, while higher order clique potentials express rela- The selection of the best features can also be automated [9]
tionship between neighboring pixel labels. In the remaining but herein we do not consider this issue. We will manually
part of this section, we will define these clique potentials for select the best 6-9 feature images.

each layer. The MRF model itself is the same as the color one with
some obvious changes in notation: The observation consists
2.1. Feature Layers of 6 — 9 dimensional texture feature vectaf$ = {f!|s €

St}. The energy of higher order cliques is

g Z{s,r}ec 6(¢Sa ¢T)+7f Zsesﬁ Vt(¢sa 77;): Where& (resp'
~*) has the same role as(resp.~¢) in the color layer. Fur-
thermore, denotes the label assigned to a site

On the color layer, the observed image = {f|s <
S¢} consists of three spectral component valugau{*)

at each pixek denoted by the vectd~f§. We assume that
P(f¢ | w,) follows a Gaussian distribution, the classes

Ac = {1,2,...,L°} are represented by the mean vectors
<y and the covariance matric&*,. The class label as- 2.2, Combined Layer
signed to a sitg on the color layer is denoted hy,. The

energy functiorl/ (4, ¢) of the so defined MRF layer has The combined layer only uses the texture and color features
the following form: indirectly, through inter-layer cliques. A label consists of a

pair of color and texture labels such that (n¢, '), where

SGEL V) B D e th) +7° Y V(e nl) n° € A°andn! € A*. The set of labels is denoted by =
sese {(sr1eC sese A¢ x A* and the number of classé§ = L°L'. Obviously,
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Fig. 2. Misclassification rate and estimated number of classes of color only, texture only, and combined models

not all of these labels are valid for a given image. There- at the corresponding feature layer. Clearly, the difference is
fore the combined layer model also estimates the numberQ if and only if both the feature layer and the combined layer
of classes and chose those pairs of texture and color labelias the same label. If the labels are different then it is pro-
which are actually present in a given image. The energy portional to the energy difference between the two labels.
functionU (1) = 3~ csr (Va(ns) + p°V (s, 15) + p' V' (b5, 0k PHresp.p') controls the influence of the inter-layer cliques
@ s ryec 0(ns, ) WhereV(n,) denotes singleton ener-  on the combined layer. A higher value will increase the im-
gies,Ve(ibs,n°) (resp.Vi(ps,nt) denotes inter-layer clique  portance of the information coming from the corresponding
potentials. The last term corresponds to second order intrafeature layer. Note that we have a similar weigftt () at
layer cliques which ensures homogeneity of the combinedthe feature layers. The difference of these weights balances
layer. o has the same role @kin the color layer model and  the influence of the feature layers to the combined layer vs.
§(ns,my) = —1if ng = n,, 0if n, # n, and 1ifnS = n° combined layer to the feature layers. Therefore, depending
and 7 # nt orn¢ # n¢ and 5t = n'. The idea is that  on the value of* (resp. p°), we can increasey(> p) or
region boundaries present at both color and texture layersdecreasey < p) the influence of a feature layer to the com-
are preferred over edges that are found only at one of thebined layer without changing the influence of the combined

feature layers. Inter-layer interactions are as follows: layer to a feature layer. We found this an important issue in
the case of the texture layer.
Vsns) = Y WD (¢,n5)
{s,r}eCs

- - 2.3. Parameter Estimation
whereD¢(y,., nS) =| G¢(£5,¥,.)—G°(£5,nS) | (see Eq. (2)).
Vi(¢s,nt) andD*(¢,.,nt) are defined in a similar way us-  To control the number of classes, we add the following term
ing texture features. At any site we have a clique be- tothe energy function of each layeR((10N,,.) 3+P(L)).
tween two layers containing 6 sites (the set of these inter-(10N,,_)~2 penalizes small classed/(,_ is the percentage
layer cliques is denoted Ii§), which implements 5 inter-  of the sites assigned to clasg), while P(L) includes some
layer interactions: Site interacts with the corresponding prior knowledge about the number of classes. Currently
site on the other layer as well as with the 4 neighboring this is expressed by a log Gaussian term (similar to the one
sites two steps away (see Fig. )/, is the weight of the  in Eq. (2)) with mean valud. (basically an initial guess)
clique {s,r} € Cs. We assign higher weigh?{6) to the and variancer (confidence in the initial guess)z is sim-
corresponding site whereas smaller weiglitd ach) to ply a weight of this term, we set it t0.5 in our tests. We
the other 4 neighboring sites. The latter 4 sites help to en-also have to estimate the Gaussian parameters of each class.
sure homogeneity on the combined layer. Note fhaand This is done using an adaptive segmentation scheme similar
Dt corresponds to the difference of the first order potentials to [10]: every 10 iteration, we simply recompute the mean



values and covariance matrices based on the current labelHowever, the model is not restricted to these features, it can
ing. Initial estimates at feature layers are obtained via meanbe applied to multi-cue segmentation in general.
shift clustering [11].
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