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Fig. 1 Example lung CT images from CF patients
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Fig.2 Framework of RFKSH algorithm
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Tab.2 Statistics on lung tissue dataset
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Classification of lung tissue from patients with Cystic Fibrosis disease:
A new kernel-based supervised hashing method with relevance feedback

Shen Hualei, Qiu Peng

(College of Computer & Information Engineering, Henan Normal University, Xinxiang 453007 , China)

Abstract : Performance of traditional hashing methods applied to classification of lung tissues from patients with Cystic
Fibrosis (CF) disease is not satisfied. because these methods do not explore discriminant information contained in positive and
negative samples obtained from classification results. In this paper, we propose a new kernel-based supervised hashing method
boosted by relevance feedback. Firstly. a preliminary hashing function is learned by performing kernel-based supervised hashing
on lung tissues. Secondly, the learned hashing function is utilized to encode and classify lung tissues. Then positive and negative
samples are obtained from the classification results. Thirdly, a new version of hashing function is learned from these feedback
examples. Finally, the newly learned hashing function is employed to classify lung tissues again. Experimental results show
that, compared with other existing hashing methods, the proposed method greatly enhances classification results of lung tissue
from patients with CF.

Keywords: relevance feedback;kernel-based supervised hashing;lung tissue classification; CT image
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