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Improving Fashion Style Classification Accuracy using VAE
in Class Imbalance Problem
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Abstract

As artificial intelligence is actively researched in recent years, services and systems utilizing it have been proposed
in various fields. In the fashion domain, which is one of those fields, services that employ fashion item classification
method or detection method are introduced. In the case of fashion style classification addressed in this study, a class
imbalance problem occurs due to the fashion trends in the data collection process. Therefore, we adopt VAE
(Variational AutoEncoder) to cope with the class imbalance problem that causes low classification performance for
the classes with few data. Through the probability distribution of VAE’s latent variable, the proposed model samples
more latent variables for the classes with few data. Since the classifier is learned from these various latent variables
representing a single image, overfitting that occurs when learning with an oversampling method is avoided. As a
result of experiments, the proposed model improved performances compared with the model trained with an
oversampling method.
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Fig. 1. Model structure of fashion style classification using VAE latent variables
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Class Phase Training| Validation | Test Total
conservative 535 45 312 892
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lolita 625 53 364 | 1,042
mode 628 54 366 | 1,048
natural 505 43 294 842
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rock 483 41 282 806
Street 610 52 355 1,017
Total 7,770 661 4528 | 12,959
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Proposed model (VAE sampling=30) 364 54.06 31.34 58.52 51.42 65.33 66.01 68.20
Proposed model (VAE samplingx50) 6.18 5459 37.24 60.00 51.28 65.35 66.39 68.38
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