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Abstract

This paper proposes a self-supervised representation learning method for medical image classifi-
cation, MicDiffRep (Medical Image Classification with Diffusion-based Representation). Through

SCEGI M REET, BREOL. BT YOI I AR AL A ST R R R KL D). THEALR SR, 2024,
14(4): 133-140. DOI: 10.12677/csa.2024.144084


https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2024.144084
https://doi.org/10.12677/csa.2024.144084
https://www.hanspub.org/

KEFET, BB

diffusion model pre-training, the complete detailed texture information of medical images and the
overall structure of the image are learned, so as to fully capture the detailed features of the image
when classifying medical images. In order to utilize the global information of the image at the
same time, this paper proposes a multi-scale feature aggregation MSFA (Multi-Scale Feature Ag-
gregation) module to aggregate the features of each layer of the MicDiffRep model at different
scales. Experiments on a brain tumor image classification data set show that the linear classifica-
tion accuracy of this method is improved by up to 6 percentage points compared with the existing
best self-supervised methods.
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Figure 1. Diagram of the practical teaching system of automation major
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Figure 2. Diagram of the practical teaching system of automation major
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Figure 3. Diagram of the practical teaching system of automation major
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Figure 4. Diagram of the practical teaching system of automation major
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Figure 5. Generated medical Images (upper two rows) and real medical images (bottom two rows)
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