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[ Abstract] At present, complex interstitial lung diseases have the problems of low classification accuracy and lack of auxiliary diag-
nostic information. To address these problems, an image retrieval framework based on multi-feature fusion and supervised contrastive
learning methods was proposed. Interstitial lung disease features were extracted using Res-Net50 and radiomics feature extraction
modules. In order to fuse two features of different modalities and scales, a feature fusion module was designed that can jointly represent
the spatial calculation feature correlation of two features. The feature discrimination between interstitial lung disease categories was im-
proved through supervised contrastive learning methods, and a typical interstitial lung disease database was retrieved. The highest pre-
cision, recall rate and F, score were obtained in the retrieval task of interstitial lung disease data, and a silhouette coefficient of 0. 482
was obtained in the feature vector discrimination index for image retrieval. The experimental results show that compared with the tradi-
tional deep learning single feature modality method, the proposed method can effectively improve the classification retrieval accuracy of
interstitial lung disease images and improve the interpretability of interstitial lung disease diagnosis.

[ Keywords ] interstitial lung disease; multi-feature fusion; supervised contrastive learning; image retrieval; auxiliary diagnosis
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Fig. 1 Interstitial lung disease retrieval system block diagram
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