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ABSTRACT

Wavelet-domain hidden Markov tree (HMT) model has been re-
cently proposed and applied to image processing, e.g., image seg-
mentation. A new multiscale image segmentation method, called
HMTseg, was proposed by Choi and Baraniuk using the wavelet-
domain HMT. In this paper, we study the HMTseg algorithm and
investigate the Contextual Labeling Tree which is used for the
context-based Bayesian interscale fusion of the multiscale classi-
fication information. In order to attain more accurate multiscale
characterizations with improved segmentation results, we develop
three new context structures which have different advantages on
the interscale fusion. Then we propose a hybrid context-based in-
terscale fusion algorithm where the three contexts are serially cas-
caded so that the Bayesian estimation is conducted based on the
three contexts respectively and sequentially. The proposed method
outperforms the original HMTseg algorithm by improving the ac-
curacies of both texture classification and boundary localization.

1. INTRODUCTION

The task of image segmentation aims at separating an image into
simple regions with homogeneous behaviors. The homogeneous
statistical properties are refereed to as “texture”. Recently, many
Bayesian estimation techniques have been proposed for modeling
the shape of segmented regions and the behavior of pixels in each
homogeneous region. In order to achieve reliable segmentation
results and accurate boundary localization for a given image, both
the large-scale and small-scale behaviors should be investigated
and incorporated appropriately. Thus, a natural way to approach
this problem is the multiscale analysis [1].

In [2], a new statistical model in the wavelet-domain, hid-
den Markov tree (HMT), is proposed, which effectively capture
the interscale dependencies of the wavelet coefficients across the
scales. The HMT model was applied to image segmentation in
[3], where a new multiscale image segmentation algorithm, refer-
eed to as HMTseg, was proposed. The HMTseg is implemented
by three steps, the HMT model training, the maximum likelihood
(ML) classification and the context-based interscale fusion. The
first step achieves the statistical characterizations of textures. The
second step creates the initial ML segmentation results in different
scales. The last step computes the maximum a posteriori (MAP)
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estimate of the class labels of image pixels via a Contextual Label-
ing Tree (CLT). In the HMTseg algorithm, the CLT plays an im-
portant role for the interscale fusion and is specified by a context
structure to characterize the dependencies between the multiscale
classification information.

In this paper, we investigate the CLT by considering its affects
on the multiscale information characterization. In order to achieve
higher accuracies of both texture classification and boundary lo-
calization, we develop three new context structures which apply
to homogeneous regions or/and texture boundaries, respectively.
Based on the three contexts, we propose a Hybrid Contextual La-
beling Tree (HCLT) for the Bayesian interscale fusion where the
three context structures are cascaded in a serial manner. The new
HCLT model is trained by the Expectation Maximization (EM) al-
gorithm three times with respect to the three contexts, respectively
and sequentially, so that the MAP estimates of the class labels
can be refined step-by-step. The newly proposed algorithm out-
performs the original HMTseg algorithm in [3] by improving the
accuracies of both texture classification and boundary localization.

2. HYBRID CONTEXTUAL LABELING TREE

At first, we briefly review the framework of the HMTseg algo-
rithm, and we refer the reader to [3] for more details.

2.1. HMTseg Algorithm

2.1.1. Wavelet-Domain HMT

The discrete wavelet transform (DWT) represents a signal or im-
age with both the spatial and frequency characterizations. We
illustrate the subbands of the 2-D 3-scale DWT of an image in
Fig. 1(a). We can see the quad-tree structure of the wavelet co-
efficient subtree in each subbandB with B = LH;HL;HH, as
shown in Fig. 1(b), where we can find a nesting structure of the
wavelet subtrees. In [2], a new statistical model, called wavelet-
domain hidden Markov tree (HMT) model, has been proposed
to characterize the joint pdf of wavelet coefficients, as shown in
Fig. 1(c). The HMT model is a multidimensional Gaussian mix-
ture model which applies Markovian dependencies between the
hidden states along the quad-tree structure. Using a vector� to
denote the HMT model parameters, the joint pdf of wavelet coef-
ficientsw is approximated byf(wj�) [2].

2.1.2. Multiscale Texture Segmentation

In [3], an image ofN � N can be recursively divided into four
sub-images of same sizeJ times and represented in a so called
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Fig. 1. (a) 2-D 3-scale DWT. (b) The quad-tree structure of wavelet subtree rooted in one wavelet coefficientw. (c) 2-D HMT model
where the white node represents the hidden mixture state variableS. The black node denotes a continuous wavelet coefficientW which is
a random variable. (d) The pyramid representation of the dyadic image blocks.

pyramid representation ofJ scales, as shown in Fig. 1(d) which
has the same nesting quad-tree structure as the wavelet subtree in
Fig. 1(b). Since we desire each dyadic block be associated with a
set of specific wavelet coefficient subtrees, the Haar wavelet trans-
form was adopted in [3]. We denote a dyadic block asDj;i;k which
means the(i; k)th block in thejth scale of the pyramid representa-
tion, i; k = 0; :::; Nj�1 withNj = N=2j andj = 1; :::; J . From
Fig. 1(d), we see the parent block ofDj;i;k is Dj+1;bi=2c;bk=2c

where the operationbxc takes the integer part ofx.
Given the Haar DWTw of N �N , and a set of HMT model

parameter� = f�LH ; �HL; �HHg which consists of three sets
of the HMT parameter for the three subbands, respectively, The
dyadic blockDj;i;k is associated with three wavelet coefficient
subtrees in each subband as,

fT LH
j;i;k; T

HL
j;i;k; T

HH
j;i;k g;

and each subtree is rooted inwLH
j;i;k,wHL

j;i;k andwHH
j;i;k, respectively.

wB
j;i;k denotes the(i; k)th wavelet coefficient in thejth scale of

subbandB. Thus the computation off(Dj;i;kj�) is a realization
of the HMT model� and is obtained by

f(Dj;i;kj�) = f(T LH
j;i;kj�

LH)f(T HL
j;i;kj�

HL)f(T HH
j;i;k j�

HH): (1)

The computation algorithm of (1) can be found in [2].

2.1.3. Implementation

The HMTseg algorithm proposed in [3] was implemented by three
steps. Firstly, the HMT model training is performed for the Haar
DWT of each texture image and the HMT model parameters are
stored in a dictionary. Then, we compute the Haar DWT of the
image to be segmented and obtain the pyramid representation. Ac-
cording to (1), we compute the likelihoods of all dyadic blocks
with respect to different HMT model parameters and obtain the
initial ML multiscale classification results. Finally, the Bayesian
interscale fusions are conducted via the CLT using the EM algo-
rithm, and the image segmentation is implemented by computing
the MAP estimate of the class label for each dyadic block. The
pixel-level segmentation can be obtained by characterizing the pdf
of the pixel intensity for each texture image and appending pixels
to the pyramid representation as the smallest dyadic blocks.

The Bayesian interscale fusion is based on the CLT which is
specified by a context structure. In [3], the context is used to sim-
plify the determination of the MAP classification of dyadic blocks
of the image. The class label ofDj;i;k is denoted asCj;i;k = c,
c = 1; :::; Nc andNc is the class number. EachDj;i;k is associ-
ated with a vector contextVj;i;k = v, v = 1; :::; Nv andNv is

the number of different context values. Thus the MAP estimate of
Cj;i;k is reduced to

Ĉj;i;k = arg max
c=f1;:::;Ncg

f(Dj;i;kjCj;i;k = c)pCj jVj (cjv); (2)

wherepCj jVj (cjv) is the conditional pmf in thejth scale, and
f(Dj;i;kjCj;i;k = c) is given by (1). In [3], the CLT is specified
two parameters, the pmf of the class labelspCj

(c) and the con-
ditional pmfpCj jVj (cjv), which can be grouped into a parameter
vector� as

� = fpCj
(c); pVj jCj

(vjc)jj = 1; :::; J ; c = 1; :::; Nc; v = 1; :::; Nvg:
(3)

We defineD,C andV as the collections of allDj;i;k, Cj;i;k
andVj;i;k in the CLT specified by (3). The problem of interscale
fusion can be interpreted as, givenD and the structure ofV, we
want to find� andCwhich satisfy(2) and the solution of this prob-
lem can be effectively approached by the EM training algorithm
described in [3].

2.2. Three Context Structures

In [3], the context information was limited to the coarser scale, and
resulted in poor boundary localization. This is because the bound-
ary information may not be precisely exploited from the coarser
scale. In practice, it was also found that only one context is not
sufficient to achieve good segmentation results. In the following,
we will develop three contexts to deal with these problems. We
first introduce the “neighborhood” ofDj;i;k which is denoted by
DR
j;i;k to indicate the region of eight neighboring blocks ofDj;i;k.

Then the class label ofDR
j;i;k is defined asCR

j;i;k and obtained by

CR
j;i;k = arg max

c2f1;:::;Ncg

(

i+1X

m=i�1

k+1X

n=k�1

p(Cj;m;n = cjD;V)

�p(Cj;i;k = cjD;V)); (4)

where the conditional pmf’s of eight neighboring blocks ofDj;i;k

but not itself are used to determineCR
j;i;k. CR

j;i;k is able to provide
some context information regarding to the class label ofDj;i;k or
those of the child blocks ofDj;i;k.

The vector contextV = fV (1); :::; V (d)g is determined by
two factors, the dimensiond and the value of each entryV (p),
p = 1; :::; d, which takes value inf1; :::; Ncg, thus we haveNv =
(Nc)

d. Inspired by the context used in [3], we develop three new
context structures shown in Fig. 2, and we assume that the context
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Fig. 2. Three different context structures. (a) Context-1. (b) Context-2. (c) Context-3. The operation
 is defined in (4)
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Fig. 3. The improved HMTseg algorithm using HCLT. The dashed line represents the association of a context structure in the EM algorithm
and the initialization. The operation ofargmax (:) is defined in (2) where the conditioning is denoted by the dotted lines. The HMT model
dictionary storesNc many HMT model parameters. The “Raw-ML-Seg” denotes the initial ML segmentation results, and “MAP-Seg-1”,
“MAP-Seg-2” and “MAP-Seg-3” represent the step-by-step results.

of Dj;i;k may be related to three variables defined as follows,

X = Cj+1;x;y (5)

Y = CR
j+1;x;y (6)

Z = CR
j;i;k (7)

wherex = bi=2c andy = bk=2c. X captures the effect from the
parent blockDj+1;x;y , Y characterizes the dependencies between
the neighborhood of the parent block andDj;i;k. Z exploits the
relation betweenDj;i;k and its neighborhood. From Fig. 2, we
can determine the vector contextVj;i;k, by three different ways:

� Context-1:d = 2, V (1)

j;i;k = X, V (2)

j;i;k = Y ;

� Context-2:d = 3, V (1)

j;i;k = X, V (2)

j;i;k = Y , V (3)

j;i;k = Z;

� Context-3:d = 2, V (1)

j;i;k = X, V (2)

j;i;k = Z.

Three context structures above have different advantages on
the texture segmentation with respect to the classification of homo-
geneous regions and the localization of texture boundaries. We ex-
pect that Context-1 is more efficient for the classification of homo-
geneous regions, Context-2 has some balanced consideration be-
tween homogeneous regions and texture boundaries, and Context-
3 is more suitable for the localization of texture boundaries. This
statement has been verified by extensive experiments in practice.

2.3. Hybrid Contextual Labeling Tree

In practice, neither single context works well, and it is rational
to integrate them together. Then, the problem is how to combine
them in order to obtain good segmentation results in both homo-
geneous regions and texture boundaries simultaneously. Based
on the analysis in Section 2.2, we develop a Hybrid Contextual
Labeling Tree (HCLT) for the interscale fusion where the three
context structures are cascaded serially in the order of Context-1,

Context-2 and Context-3. Thus the EM training algorithm is per-
formed based on the three contexts, respectively and sequentially,
as shown in Fig. 3. It is worth noting that the vector context is
recomputed for each dyadic block during each iteration of the EM
algorithm to achieve the optimal training result.

We know that the initialization of the EM algorithm is often
important to the efficiency and effectiveness of the training pro-
cess. The initialization of the HCLT training is first associated with
Context-1, and we assume that all blocks are initially independent.
GivenC andD, we use the countable statistics to estimate the ini-
tial setting of�. Then the EM training algorithm is started based
on Context-1 until it converges. Then we compute the initializa-
tion of the second EM training which is associated with Context-2,
and so on. Directed by the three contexts, the EM training can pro-
gressively attain the desired solution.

3. SIMULATION RESULTS

The simulation of this work was conducted on a number of ex-
amples composed of128 � 128 texture mosaics taken from Bro-
datz album [4]. We use two criteria to evaluate the segmentation
performance,PAC which is the percentage of the accurate pixel
classification, andPAB which is the percentage of points on the
localized the boundary that coincide with the true boundary.

We show the segmentation results for five mosaics in Fig. 4.
We also tabulate the segmentation performances ofPAC andPAB

in Table 1. From Fig. 4 and Table 1, we can see that the new al-
gorithm using the HCLT for the interscale fusions gives us good
segmentation results in terms of bothPAC andPAB. We also
compare the improved HMTseg algorithm to some state-of-the-art
algorithms in Table 2, where we can find that the new algorithm
has the highestPAC and the performance ofPAB is compara-
ble to that in [5] where the boundary localization in the texture
segmentation was investigated.



Fig. 4. The step-by-step segmentation results for 5 mosaics using the HCLT. The first row shows five texture mosaics,
Mosaic1 (wood/grass), Mosaic2 (leather/weave), Mosaic3 (raffia/grass/leather), Mosaic4 (weave/wood/leather/cloth) and Mosaic5
(cloth/leather/weave/wood). The second row gives MAP-Seg-1. The third row presents MAP-Seg-2. The fourth row demonstrates the
last MAP-Seg-3 results for 5 mosaics.

Table 1. Step-by-step results of HCLT.
Texture MAP-Seg-1 MAP-Seg-2 MAP-Seg-3
Mosaics PAC PAB PAC PAB PAC PAB

Mosaic1 97.5 33.8 98.7 64.0 99.2 77.8
Mosaic2 97.7 34.0 97.8 40.4 98.2 48.7
Mosaic3 97.4 48.2 97.7 53.7 98.4 67.1
Mosaic4 96.0 40.4 96.9 54.1 97.2 59.9
Mosaic5 99.8 81.5 100 97.3 100 100

Table 2. Performance comparison of texture segmentation.
References PAC PAB

Fig. 4 (HCLT) 97.2-100 48.7-100
Choi& Baraniuk [3] 93.9-99.7 24.8-65.8
Yhann& Young [5] 87.7-100 54.5-100

Kaplan [6] 92.7 -

4. CONCLUSIONS

In this paper, we have improved the HMTseg algorithm proposed
by Choi and Baraniuk by studying the role of the CLT for the
Bayesian interscale fusion. Three context structures of different
advantages have been developed and integrated into a hybrid CLT
(HCLT) where the EM training is performed three times based on
the three contexts respectively and sequentially, so that the seg-

mentation results can be refined step-by-step. The new algorithm
improves the segmentation performances in both homogeneous re-
gions and texture boundaries.
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