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Texture Models Based on Probabilistic Graphical Models
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Abstract: Texture is one of the visual features playing an important role in image analysis. Many appli-
cations have been discovered using texture models. Probabilistic graphical models Science, are promis-
ing tools for constructing texture models. The problem of learning the structure of GGM for texture classi-
fication is addressed. GGM are characterized by a neighborhood, a set of parameters, and a noise se-
quence due to the connection between the local Markov property and conditional regression of a Gaussian
random variable. By use of the methods of model selection to choose an appropriate neighborhood and es-
timate the unknown parameters for modeling GGM, neighborhood selection and parameter estimation are
conducted simultaneously. And then new texture features based on GGM for texture synthesis and texture
classification are extracted. Experimental results show that adaptive Lasso estimators are more effective.
Key words: Gaussian graphical models; model selection; penalty regularization ; texture synthesis; tex-

ture classification
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Fig. 1
The first row: original images. The second row: synthesis

using LSE of 4th order GMRF. The third to fifth row: synthe-

The synthetic results of textures

sis using Lasso, elastic net and aLasso estimators of GGM
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Table 1

Comparison of results of texture classification

SHHE  FO Fl F2 F3 F4
DO1 69.1 852 96.3 9.4 92,6
D04 75.3  97.5 9.5 96.3 97.5
D06 9.3 93.8 963 97.5 95.1
D09 64.2 827 97.5 97.5 95.1
D15 79.0 83.9 88.9 8.5 889
D16 100 0 100 100 100
D18 75.4 92,6 100  97.5 100
D19 65.4 93.8 926 92.6 926
D20 100 100 95.1 951 100
D24 88.9 98.7 51.9 642 72.8
D34 100 100 100 100 100
D49 100 100 100 100 100
D52 53.1 49.4 67.9 80.2 80.3
D53 91.4 96.3 100 100 100
D55 85.2 98.7 100 100 100
D56 74.1 100 100 100 100
D57 100 100 100 100 100
D64 97.6 100 81.5 100 100
D68 80.3 100 100 98.8 100
D75 92.6 96.3 98.8 97.6 97.6
D76 85.2 67.9 827 81.5 76.6
D80 69.1 93.8 951 951 95.1
D92 86.5 852 827 8.7 81.7
D95 71.6 852 33.3 96.3 93.8
D111 71.6 88.9 84.0 8.7 85.2

IR 829 87.8 89.7 93.5 94.1
E (%)

1) FO=FTF/MEHERIE; FL =T 4 B GMRF
A /NZIRAL T BORAFE ; F2 = T GGM i Lasso {41
PSR ARIE; F3 = 22 F GGM fY elastic net {19 8U R4 ;
F4 = BT GGM Ay aLasso [ 8CHUR1E

SR, PURAR T, WA FE 4 R AR N G ) SR IR A
W, HAEE RN AR, SRR
Dot LSRR R, (BAEEG TR B . A SO0
e ST I BB A R SO A B N FHEAT T #R3, F
FH 1R 30 R R S <7 ) S B R 3 T SC B A
SRS, Lasso fhivh. ik PIAE Al 111 aLasso fil
TR T2 B R 54, BB AR AN A
WS, X =M ERETEI RN R, K
ARG NI AR, HEAEERE—AshANE
NEPETAR, AIARSEERL R E B shiE . SOREG
TS 28 S50 1 7R BT g 0 R A A8 (8 U B ARRAE B
B, T, ) T E R E s A A R
AEXN, FEBAERKERER,

(FHe3 15 )
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