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Carotid intima-media thickness measurement in ultrasound image based on support vector machine

LIU Yi-xue, LI Qiang, GUAN Xin, BAI Yu

School of Electronic Information Engineering, Tianjin University, Tianjin 300072, China

Abstract: A fully automatic segmentation (AS) algorithm for the intima-media thickness (IMT) measurement was proposed
in the paper to solve the drawbacks of traditional measurement, such as cumbersome manual tracing and non-objectivity. The
image pixels were clustered by using K-means of the proposed algorithm. Based on the cluster results and cluster center, the
image was normalized and the region of interest (ROI) was extracted by image segmentation. Support vector machines
(SVM) was trained by training samples to classify the pixels of ROI into IMT boundary pixels and non-IMT boundary pixels,
and the IMT boundary pixels were classified into lumen-intima interface pixels and media- adventitia interface pixels. A
heuristic searching method of column- by- column were applied to debug the classification result. A set of 80 ultrasound
images of common carotid artery were used to test the proposed method. Comparing experimental results with the ground
truth, the mean absolute error of IMT was (46.084+23.50) um, and the average processing time of each image was 0.88 s. The
experience shows the measured results of fully AS algorithm has a high consistency with ground truth, and fully AS
algorithm meets the clinical requirements, with advantages of high efficiency and automation.
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Fig.1 Ultrasound image of CCA

IMT: Intima-media thickness; LII: Lumen-intima interface;

MALIL: Media-adventitia interface; CCA: Common carotid artery
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Fig.2 Flow chart of fully automatic segmentationalgorithm
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Fig.3 Configuration of multi—class support vector machines (SVM)
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Fig.4 Examples of IMT segmentation in each stage
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Fig.5 Linear regression analysis and Bland—Altman plots
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d: Example of IMC thickening
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Fig.6 Different examples of IMT segmentation
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