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Abstract

With the recent development of hardware technology, deep learning technology has improved computational volume problems
and computational speed, and is being applied to various fields. According to these changes, attempts to increase the accuracy
performance of object recognition in each field are being actively studied. In this paper, Object ratio preservation method is
proposed using zero padding and border extrapolation for a fashion image recognition system in which ratio of objects is evaluated
important. It solves the problem of misclassification by reducing false positives rate and false negatives rate of the Confusion
matrix, and shows performance improvement in fashion image recognition where ratio is important through effect of the proposed
method.
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1. CNN(Convolutional Neural Network)
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Fig. 1. Visualization of adjusting the size of the input image using zero
padding
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