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Tumor ultrasound image segmentation algorithm based on sparse representation of superpixel

clustering

ZHANG LU-chuan, YANG Yan

School of Physics and Technology, Wuhan University, Wuhan 430072, China

Abstract: Objective Target recognition and segmentation of image has been a hot research topic in image processing. A new
tumor segmentation algorithm based on the superpixel area characteristic in ultrasonic image is proposed. Methods Simple
linear iterative clustering (SLIC) algorithm was firstly applied to produce superpixel, dividing the image into multiple image
blocks with similar characteristics. And then, the feature of each region was extracted as feature vector. Classifier was
constructed by sparse representation classification (SRC) algorithm, classifying and merging the superpixels. Finally, the
complete interesting regions were identified and segmented. Results The algorithm for the tumor identification and
segmentation in ultrasound image achieved satisfactory effects. The average value of sensitivity index reached 83.79%, and the
average value of normal Hausdorff distance reached 4.80%. Conclusion The proposed algorithm overcomes the disadvantage of
SRC algorithm which cannot obtain the complete contour of target region, achieving better experimental results and providing

a new thought for the tumor recognition and segmentation of ultrasound images.
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Fig.1 Tumor segmentation based on single pixel
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Tab.1 Evaluation results
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a: Original image b: Superpixel result c: Segmented result of d: Comparison image
proposed algorithm
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Fig.2 Tumor segmentation in ultrasound image with clear boundary

a: Original image b: Superpixel result c: Segmented result of d: Comparison image
proposed algorithm
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Fig.3 Tumor segmentation in ultrasound image with weak boundary

a: Original image b: Superpixel result c: Segmented result of d: Comparison image
proposed algorithm
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Fig.4 Tumor segmentation in ultrasound image with weak and mixture boundary
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