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Fast recognition model for cerebrospinal fluid images based on sparse coding
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( School of Computer Science and Engineering, Guilin University of Electronic Technology, Guilin Guangxi 541004, China)

Abstract: Considering the traditional image segmentation algorithm was difficult to segment cerebrospinal fluid cell
images accurately, a fast recognition model based on sparse coding for cerebrospinal fluid cell images was presented in this
paper. First in this model local features and feature descriptors from the image were extracted by sparse coding. Then the
feature descriptors were transformed into linear Spatial Pyramid Matching (SPM) structure. Finally, the calculated result was
input into the linear Support Vector Machine (SVM) for training and prediction. In this paper, a test was made for recognizing
abnormal cerebrospinal {fluid cell images and classification, and the abnormal recognition accuracy rate of the experimental
results was up to 89.4 £0.9%, and the average recognition time of each 760 x 570 image is just 1. 3 seconds. Therefore, the
presented model can effectively and quickly distinguish normal and abnormal cerebrospinal fluid cell images.
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