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[Abstract]

This study proposed a detection algorithm using a deep learning method to help detect counterfeit sales posts that hinder the
SNS environment and further curb the widespread production of counterfeit. We analyzed 382,790 data collected from Instagram
using a deep convolutional neural network (DCNN) and identified the characteristics of counterfeit sales posts. As a result of
comparing detection performance using five pre-trained DCNN models, the best performance model was able to detect counterfeit
sales posts with 92% performance only with images. In addition, the lightweight model also performed 90% which demonstrates
the practical availability of counterfeit sales post detection algorithms in the mobile environment.
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Table 1. Criteria for classification of counterfeit sales
accounts

Provides personally accessible information such as phone
number, wechat, and whatsapp.

Provides information that may be suspicious of the

2 authenticity of a product, such as lowest price, $300, and
best quality.

3 Hashtags that are not related to posts are repeatedly used.

4 Posts with the same content are used repeatedly.
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Table 2. List of global fashion brands used for hashtag

search
#chanel #|(.)U.IS #hermes  #celine #gucci
vuittion
#prada #dior #rolex #bottega #balenciaga
veneta
#vetement  #supreme #max #nike #adidas
mara
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Table 3. Detection performance of counterfeit sales posts
by deep learning model
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