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Abstract: A segmentation algorithm based on wavelet domain hidden Markov tree model was improved. The pixel level seg-
mentation result can not be obtained because of choosing wavelet coefficients as training feature directly in traditional meth-
ods. At the same time, traditional methods ignore the feature of labeling maps at different scales by using one single context
to all scales in fusion phase. Hence, this study dealt with the initial parameters set problem and chose better feature for
training. In this way, the fine pixel level segmentation can be acquired directly in the raw segmentation step, and in multi-
scale fusion phase, the characteristics of labeling maps at different scales are used sufficiently. Among them, both the in-
formation from coarse-scale segmentation and the one from fine-scale segmentation were considered. Experiments show that
the visual effects of our algorithm are the best compared with the HMTseg method proposed by Choi and the WD-HMTseg
algorithm of remote sensing image segmentation presented by Sun Q.
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Fig. 1 (a)Parent-child dependencies of the three 2-D wavelet transform subbands:each arrow points from a parent wavelet coeffi-
cient to its four children at the next finer scale (b)view of the quad-tree structure in one subband. Tis the subtree of coefficients

rooted at node i (¢)2-D wavelet hidden Markov tree mode, black node denotes the wavelet coefficient and the white node denotes
the hidden state variable
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Fig.2 The context label tree( CLT) model
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Fig.3 The CLT model used in our paper

MICBORAE N, FpE 28 R R 2SRRI 2R3
&, M@ IR RISIZ N, R G SERIXT N 0S8
6, = 16“,6™,6M ,c = 1,2, N, (2)

T /N AR e HMT HBERAE j < J i Aty 1Rk
EERE GO, AT LB 81E E R RS
B4k B S R T v TR A MR SR 1| 2R 8 — R L
HEAS B BRI & MER 2 R

%Eﬁﬁﬁﬁ%MLﬁﬁd=f&@mﬂ£@%
T LABRARAE— SR E AT R 2SR, B S Bl b 8
ZHHE.

1.2 ZREmMS

Z U R G AT B EEAT &5 B R T
143 48 R HEFT IR BE IR B9 R 2. 1X— 7 Bk R A P8
AR /N RS TR E b, i Hx s R
BT R X S e 1 A X S L AR T A, T R )
Gt R EIRY. TR A T AR R, FRATR I SOE

(a) (b)

(c) (d)

B4 ()ZBEEQR2~52) (b)) EAFEE (ORIFEER ()X NI LR
Fig.4 (a)The original texture images(2 ~5classes) (b)the truth ground segmentation (c)the final results in this paper
(d)the final results in [11]
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Fig.5 The segmentation error curve of final results of the four tex-
ture images used in figure 4
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Fig.6 (a)The original SAR images(2 ~3classes) (b)the final results in this paper (c)the final results in [11]
(d) the final results in [14]
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