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Self-Supervised Learning and Binarization—-based Image Retrieval
Technology for Effective Forensic Footprint Analysis
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Abstract

This paper proposes a novel learning method for efficiently extracting features from raw, unlabeled data in the
field of footprint image retrieval. In this field, images captured on-site and predefined images are passed through
deep learning models, and their outputs are compared. Therefore, the learning method of the network is crucial for
extracting similar results. Previous studies have primarily used Siamese networks. However, Siamese networks require
extensive data labeling, which incurs significant human resources and costs. To overcome this limitation, this paper
suggests a self-supervised learning approach that can efficiently learn using only raw data and introduces a
binarization process to accelerate optimization. Experiments demonstrated that the method proposed in this paper
outperforms the traditional Siamese network approach in image retrieval.
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