-772 - d0i:10.3969/j.issn.1005-202X.2015.06.003 http://www.cjomp.com

15 By B F 7k B A A 5B P R B By MRI Bl & 4338

XKW AR B E CELEREL M Wt RARY, AT
1. A5 303 R BE , )P BT 530021 ;2. 1T RABF R AR A TR E, )78 M 510515

(3 Z )4 sd T AnAx st bl B 3 5% MRI(CE-MRI) s it 78 B3 4569 B S o L 94 328 T —FP3 s ey R TR LA 5 4
(GLCM) 8945 42 £ 38 7 ik . GLCM & —#43 R BT S B 547 6 77 ik A2y TR 3p At 8 B s g 2 % % ey A T
GLCM #y =4t 4 4E , do st b B AR KM AL 25, RARIRAFH R 55 R B K 51 64 ik 9 , 45) defs ) 18] B 1264 GLCM A 4 A
77 16189 GLCM(0°.,45°,90°,135°) 13 51| 64 925 SE A < R A 61.26%47 75.16%., A LAEH T HA RSt #6, MR HITZH T 5%
JEHF (1) A4 GLCM 89 T A AR A 4FAE£K ; (2) 43R 9 X 3 A i 9 R K 324 7 #4135 GLCM, £ €,8-3064 7k B 4 #)
B LIRIE T Oy k09 O AR AR (L), o KB 4T 53] T 82.38%; 6 (1)F(2), R EEMH R FHE] T
90.7%. %5 R & PA4E A it a2 T GLCM 89 4FAE F A 3 T 31 b 73 B 490 2 35 19 B2 A 2089

[ 35817 | T1 AnA xT VL 2 38 3% MRI; A 98 2 ; 4 3k 2k 46 1%

[hE42ES] R739.9; TP391 [ sciktRIRAD] A [3xE 4= ] 1005-202X (2015)06-0772-05

Improved brain tumor MRI image classification based on gray level co-occurrence matrix

LIU Da-peng', CHENG Jun?*, HUANG Wei’, CAO Shuang-liang’, YANG Ru? YUN Zhao-giang®, FENG Qian-jin?
1. 303 Hospital of People's Liberation Army, Nanning 530021, China; 2. School of Biomedical Engineering, South-
ern Medical University, Guangzhou 510515, China

Abstract: An improved gray level co-occurrence matrix (GLCM)-based feature representation method is proposed for the
automatic classification of brain tumors in T1-weighted contrast-enhanced MRI (CE-MRI) images. GLCM is a popular method
for texture analysis. But the texture of brain tumor images is complex and variable, so the traditional second-order statistical
texture features based on GLCM, such as contrast, correlation, energy and so on, cannot discriminate different types of brain
tumors. The classification accuracy of isotropic GLCM and GLCMs of four directions, 0°, 45°, 90°, 135°were respectively
61.26% and 75.16% . Two improvements, directly taking the element of GLCM as feature representation and constructing
GLCMs for tumor region and tumor boundary region respectively, were proposed in this paper to significantly improve the
accuracy. A large dataset containing 3064 images was used to validate the efficacy of proposed method. Results showed that
the accuracy was improved up to 82.38% by directly taking the element of GLCM as feature representation. Combining the
two improvements, the accuracy was improved up to 90.7%. Experimental results suggested that proposed method was feasible
and effective in classification of brain tumors.

Key words: T1-weighted contrast-enhanced MRI; brain tumor classification; gray level co-occurrence matrix
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