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Liver CT Image Feature Extraction Method Based on Improved Multi-scale LBP Algorithm
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Abstract Liver cancer,Malignant liver tumors,can be divided into primary and secondary categories. Recent census da-
ta prove that the current annual mortality of liver cancer has ranked third in the world. The diagnosis of early liver di-
sease is beneficial to the treatment of liver cancer. The local binary pattern(LBP) algorithm has been widely used in the
diagnosis of liver lesions. Although the traditional LLBP method is simple, efficient,and easy to understand, but it lacks
multi-scale information which leads to incomplete information description and lack of key information. In view of the de-
fect that high order directional derivative local binary pattern (DLBP) algorithm will lose key information, extended
multi-scale LBP algorithm(MSLBP) was proposed. The method firstly preprocesses the liver CT image to extract ROI
region.then uses the extended multi-scale LBP feature extraction method to extract features. This method fuses the
high-order sampling point information with its neighboring point information as the final information of the sampling
point to participate in the operation. At the same time, the operation of averaging the diagonal regions highlights the
neighborhood and describes the texture information of the liver image from a larger range. Finally, the classification al-
gorithm is executed. The experimental results show that the accuracy of the proposed method can reach 90. 1% , which
is 8. 7% higher than the original LBP feature extraction method. It has certain clinical application significance and can be
used to help doctors diagnose. In the image preprocessing section, since medical images are different from natural ima-
ges,the DICOM images gotten from hospital cannot be used directly. The first step of image preprocessing is to set
Pixel Padding Value to zero. The second step of image preprocessing is converting pixel values to CT values using the
equation 7 in section 2. 1 according to header file information of the DICOM image. Then,an improved multi-scale LBP
feature extraction was performed. The multi-scale feature is extracted while the relationship between neighboring pixels
is considered. The LBP model used in this paper is a uniform LBP,with a total of 59 features. In order to prove the ef-
fectiveness of the improved multi-scale algorithm, this paper used complete local binary pattern(CLBP) ,four-patch LBP

(FPLBP) ,dominant rotated local binary pattern(drlLBP),local binary pattern(LLBP) and other feature extraction methods
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to extract the texture features of liver CT images,and then compared the experimental results,as shown in Table 1 in

Section 4. 2. Through the statistics of feature dimensions for all methods,it is proved that the multi-scale LBP method

proposed in this paper has low dimensionality and high efficiency. The experimental results show that the proposed

method can extend the multi-scale characteristics of LBP well,and describe the macro-texture structure information of a

larger area while maintaining the same dimension. At the same time, the relationship information between adjacent pixels

is taken into account, which makes up for the lack of sufficient information description and improves the accuracy of the

algorithm,
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Table 1 Experimental results
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Table 2 Comparison of dimensions

VS (1,8) (2,16)  (1,8)+(2,16)
LBP 59 243 302
CLBP 1342 1574 2916
drL.BP 59 243 302
MSLBP 59 59 118
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