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Abstract: Gabor transform and K-means algorithm are two commonly used texture analysis methods. However, the texture feature vector has a

high dimension by using Gabor transform, which will influence the operating efficiency. Meanwhile, K-means algorithm is affected by the initial

clustering centers, and it may lead to the decrease of classification accuracy. Although, some optimization algorithms like genetic algorithm and

particle swarm optimization algorithm could improve the performance of K-means algorithm to some extent, the optimization effect is difficult to

guarantee as the increase of dimension. Hence, the Relief algorithm was applied to make a feature selection for Gabor texture feature, and to obtain

a suitable texture feature subset. Furthermore, a differential evolution algorithm was used to optimize the clustering center of K-means algorithm,

and enhance the accuracy and efficiency of texture recognition. Experimental results demonstrate that the dimension of texture feature vector by

using the proposed method is obviously lower than that by using the original feature set, and the recognition accuracy is also apparently improved

than the basic K-means algorithm.
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Tab.1 Basic characteristic of images and results of

feature selection

BIGaHE BRI/ BR UIRRHEE e AE AL

TI1 824 x 567 56 8
T2 426 x426 56 21
TI3 256 x256 56 8
RSI1 400 x 400 56 10
RSI2 600 x 600 56 12
RSI3 400 x 400 56 5

R2 TARBEEFHENEE

Tab.2  Average fitness value of different algorithms

B4 4F  GA( x10*) PSO( x10*) DE( x10*)
Tl 4.6917 4.690 9 4.689 6
TI2 6.157 9 6.092 3 5.938 2
TI3 1.4310 1.333 1 1.247 7
RSII 2.058 2 2.022 0 2.012 4
RSI2 5.581 0 5.547 6 5.437 9
RSI3 2.125 5 2.078 1 2.004 3

*3 AEFERIEITHIE
Tab.3 CPU time of different algorithms s
[REE TS RE#Q: ﬂ%ﬁﬁ%ﬁ ATy
M R
Tl 1522.5013  2.347 1 1.218 1
TI2 506. 686 7 1.387 6 0.995 5
TI3 296. 462 9 1.151 6 0.760 2
RSI 398. 680 0 1.279 4 0.829 0
RS2 1151.5248  1.786 6 1.063 8
RSI3 585.828 2 1.4910 0.847 1
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(a) JRtHER (b) JREESEA SR RER 4SS (c) B Iy BRI,
(a) Original image (b) Recognized result of GLCM (¢) Recognized result of HoG
(d) BA K-means RAE LG () Relief FIEFHELPER IS (D) A EHA
(d) Recognized result of (e) Recognized result of (f) Recognized result of the
K-means method Relief algorithm proposed method

BT TID Jsds G R 45

Fig. 1 Original image and recognized results of TI1

(a) JRUGIEISR (b) IR BE A FE RPN 45 (c) MRy ER T2
(a) Original image (b) Recognized result of GLCM (¢) Recognized result of HoG

(d) FEA K-means RISTEPUNEER  (e) Relief BRI FEIISE (f) AR
(d) Recognized result of (e) Recognized result of (f) Recognized result of the
K-means method Relief algorithm proposed method

B2 TI2 s G R4l
Fig.2 Original image and recognized results of TI2
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(a) JEisEIS (b)) o B A i R 25 SR (c) hEEE 7 EIRBIZ,
(a) Original image (b) Recognized result of GLCM  (c¢) Recognized result of HoG
(d) FA K-means BISTIEPUNEAR (o) Relief BIEFHMEEFFRBIZIR () AR BIE R
(d) Recognized result of (e) Recognized result of (f) Recognized result of the
K-means method Relief algorithm proposed method

3 TI3 Jhs BHR SR 46
Fig.3  Original image and recognized results of TI3

(a) JRIREIR (b) 7'7“ CA R TR 25 2R (c) ﬁ%fhﬁﬁl’;ﬂ 7:']

(a) Original image (b) Recognized result of GLCM (¢) Recognized result of HoG

(d) FEA K-means RIS EPUNEER (o) Relief HEFHERLEPUNSER () AR
(d) Recognized result of (e) Recognized result of (f) Recognized result of the
K-means method Relief algorithm proposed method

Bl 4RSI Jthi B KaR2,
Fig.4 Original image and recognized results of RSI1
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(a) JRUR KGR (b) WBEIAFE R 45 3 () HBEE EITIEIRAS

(a) Original image (b) Recognized result of GLCM (¢) Recognized result of HoG

(d) FoA K-means BIFEPUNEER () Relief FIEFHEERRFIZER (1) AT RIES
(d) Recognized result of (e) Recognized result of (f) Recognized result of the
K-means method Relief algorithm proposed method

FS RS2 il & Kb 4s
Fig.5 Original image and recognized results of RSI2

(a) JRERIEISR (b) JKBESAFEFERIZS () BREEE T4
(a) Original image (b) Recognized result of GLCM (¢) Recognized result of HoG

(d) HA K-means RETFEPUINLER (e) Relief BAFERERENRIZS () A3OT7 A,

(d) Recognized result of (e) Recognized result of (f) Recognized result of the

K-means method Relief algorithm proposed method

Kl 6 RSI3 Jihn K15 SR
Fig.6  Original image and recognized results of RSI3
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