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[Abstract]

This study introduces an application that classifies images according to the level of similarity between original and stolen
images on e-commerce platforms. Recently, as e-commerce platforms have gained popularity, the theft of product images and their
unauthorized use on other platforms on othershas become a critical infringement of intellectual property rights. However, it is
costly and time-consuming for a worker to seek stolen images from thousands of E-commerce platforms. To address this issue,
we propose a website application that measures the similarity between original and stolen images using deep learning technology.
The deep learning model is based on a Siamese Network, and the training results of the model show 65.0%, 88.6%, and 94.3%
accuracy rates in Top-1, Top-5, and Top-10 measurements, respectively. Our application displays the similarity level with the input
image, listing; ten original images are listed in a high-order format. This enables users to effectively identify the stolen images

by comparing the suspicious image with the ten most similar original images.
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Table 1. Results of top-k accuracy(%)(Top: Adam optimizer,
Bottom: SGD optimizer)

Model Top—1 Top—5 Top—10 Top—20
Ours(Adam) 65.0 88.6 94.3 97.3
Ours(SGD) 63.5 85.2 91.1 95.7
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Table 2. Results of base, stolen images training top-k
accuracy(%)(Top: Base, Bottom: Stolen images

training)
Model Top—1 Top—-5 Top-10 Top—20
Base 34.8 56.6 75.0 79.2
Stolen 65.0 88.6 94.3 97.3
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Table 3. Results of original, stolen images similarity(%)
(Left: Adam optimizer, Right: SGD optimizer)

Model Adam SGD

Ours 69.4 66.3
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