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Abstract In this paper, we propose a detailed component image classification algorithm by
fashion item for unstructured data retrieval in the fashion field. Due to the COVID-19
environment, Al-based online shopping malls are increasing recently. However, there is a limit
to accurate unstructured data search with existing keyword search and personalized style
recommendations based on user surfing behavior. In this study, pre-processing using Mask
R-CNN was conducted using images crawled from online shopping sites and then classified
components for each fashion item through CNN. We obtain the accuaracy for collar of the
shirt’s as 93.28%, the pattern of the shirt as 98.10%, the 3 classese fit of the jeans as 91.73%,
And, we further obtained one for the 4 classes fit of jeans as 81.59% and the color of the jeans
as 9391%. At the results for the decorated items, we also obtained the accuract of the
washing of the jeans as 91.20% and the demage of jeans accuaracy as 92.96%.
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Implementation of CNN-based Classification Training Model for Unstructured Fashion Image Retrieval using Preprocessing
with MASK R-CNN
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Table 1 Comparison of preprocessing models
for datasets

Mask Mask
Model fcogggt Rl\_/[é;% R-CNN + | R-CNN
Alpha (Bbox)
Accuracy| 72% | 82.14% 82.63% 84.97%
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Fig. 2 Comparison of pretreatment models
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Table 3 Datasets for shirt collars

Dataset Band Lo Noched | Regular | Total
Down
Train 534 618 736 737 2625
Validation 70 100 152 14 476
Test 70 100 152 154 476
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Fig. 4 Accuracy of shirt collar
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Table 4 Datasets for shirt patterns
Check | Dot | Floral | Solid

Dataset Stripe | Total

Train 700 | 606 | 700 | 700 | 600 | 3306

Validation| 150 | 100 | 150 | 150 80 630

Test 150 | 100 | 150 | 150 30 630

Test Accuracy: 0.9651 Test Accurac: y: 0.9778
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Fig. 5 Accuracy for shirt patterns
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Table 5 3 Classes Dataset for Jeans Fit
Dataset Butcut Skinny Wide Total

Train 748 755 801 2304
Validation 126 126 131 383

Test 126 126 131 383

Table 6 4 Classes Dataset for Jeans Fit

Dataset | Butcut | Regular | Skinny | Wide | Total
Train 748 805 795 801 | 3109
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Fig. 7 Accuracy of Jeans Color

Table 7 Colors Datasets for Jeans

Dataset Light | Middle Deep Total
Train 800 T 800 2377
Validation 133 126 133 392
Test 133 126 133 392
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