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CT Image Feature Extraction Using GLCM for Xinjiang Local Liver
Hydatid
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Abstract The feature extraction is the key of the interpretation and analysis of an image. For extracting CT imaging features of Xinjiang
local Liver hydatid, an approach is proposed, which can extract liver and hydatid lesion features at the same time, by using the gray level
co—occurrence matrix. First, the liver slice CT images are normalized, while removing the noise by using the median filter and enhancing
the contrast of the liver and the lesion area by using histogram equalization, to obtain a clear gray image; then, its gray—scale is reduced,
gray—based Symbiosis Matrix texture feature extraction methods are used to extract texture features embodied in the mean and the standard
deviation of ASM, ENT, CON, IDM and CORRLN of CT images of Xinjiang local mono—hydatid cyst and multiple daughter hydatid cyst
and healthy liver. After statistical analysis, marked differences are found between mono-hydatid cyst and multiple daughter hydatid cyst
CT images in ASM and ENT and IDM, as statistically significant, and finally, Bayes identification and classification are carried out, with
classification accuracy rate of 93.33%. The results show the effectiveness of our method to describe liver hydatid CT images characteristics,
which would help to classify and retrieve liver hydatid CT images to some extent.
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Fig. 3 Preprocessing results of mono-hydatid cyst CT
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Fig. 4 Preprocessing results of multiple daughter hydatid cyst CT
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Table 1 Results of health liver and hydatid cyst CT image texture feature extraction using GLCM
T1 T2 T3 T4 TS T6 T7 T8 T9 T10

0.132898  0.004676  3.289980 0.083697 2.188279 0.495905 0.715994 0.026882 0.074573 0.001683
0.131848  0.004946  3.291896 0.084781 2.233501 0.506161 0.714190 0.026634 0.074171 0.001694
0.127760  0.004885 3.351012 0.078215 2.468243 0.504918 0.698130 0.022111 0.073418 0.001687
0.128948  0.004862  3.351775 0.077464 3.074931 0.754655 0.693951 0.022477 0.071817 0.002281

0.127579  0.005039  3.370921 0.080949 3.030548 0.815668 0.690565 0.024353 0.071815 0.002466

0.061259  0.003558  3.975940 0.089934 4.539070 0.871541 0.614698 0.029722 0.051278 0.001494
0.060653  0.003769  4.002496 0.096172 4.684340 0.940371 0.604275 0.030572 0.051490 0.001647
0.058287  0.003884  4.069816 0.089499 7231090 1.634241 0.577686 0.030827 0.046725 0.002745
0.059940  0.004009  3.962099 0.102107 3.955071 0.862592  0.620563 0.033011 0.052599 0.001492

0.059731  0.003672  3.975915 0.091924 3.829448 0.799335 0.619322 0.028605 0.052870 0.001381

0.173424  0.006346  3.020365 0.085996 2.172775 0.574356 0.752733 0.024757 0.090432 0.002728
0.174150  0.005806  3.014252 0.081896 1.807711 0.436918 0.753339 0.023924 0.091543  0.002255
0.175352  0.005598  2.999555 0.078402 1.743148 0.406113  0.756330 0.022198 0.091695 0.002088
0.175410  0.005638  3.000679 0.078036 1.730577 0.401193  0.755245 0.022099 0.092070 0.002088

0.175052  0.005805  2.996567 0.079332 1.696870 0.391506 0.756942 0.023618 0.092458 0.002044
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Table 2 Texture feature mean of health liver and hydatid cyst CT image
(ASM) (ENT) (TDM)
0.129807+0.0024  0.004882+0.0001 3.370921+0.0375  0.081021+0.0032 0.702566+0.0117  0.024491+0.0022
0.059974+0.0011 0.003778+0.0002 3.997253+0.0431  0.093927+0.0053 0.607309+0.1776  0.030547+0.0016
0.174678+0.0009 0.005839+0.0003 3.006284+0.0104  0.080732+0.0033 0.754918+0.0018  0.023319+0.0011
3 [7] Lee W, Chen Y, Hsieh K. Ultrasonic liver tissues classification by fractal
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’ Transactions on Medical Imaging, 2003, 22(3): 382-3921.
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