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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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Fig. 1. Visualization of adjusting the size of the input image using zero
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Fig. 2. System Architecture
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Fig. 3. Flowchart of Object Ratio Preservation Method Algorithm
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Fig. 4. Visualized image of Zero Padding method
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Fig. 5. Visualized image of Border Extrapolation method
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Fig. 6. Example of dataset configuration
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Fig. 7. Loss graphs of Train and Validation
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Macro average
ResNet50
+None

ResNet50
+Zero padding

ResNet50
+Border

extrapolation
Precision 74.31% 76.75% 76.37%

Recall 73.87% 76.40% 76.69%

F1score 74.09% 76.57% 76.53%

1. , , F1 Score

Table 1. Precision, Recall, F1 Score

1 ResNet50

.

2.44%, 2.53%, F1 score 2.48%

. ,

, 2.06%,

2.82%, F1 score 2.44%

. , , F1 score

.

2 ResNet50 DenseNet201

Top1@Acc Top5@Acc

ResNet50
+None

73.87% 91.86%

ResNet50
+Zero padding

76.40% 94.81%

ResNet50
+Border extrapoltion

76.37% 94.53%

DenseNet201
+None

74.66% 92.54%

DenseNet201
+Zero padding

77.23% 95.63%

DenseNet201
+Border extrapolation

76.94% 95.26%

2. ResNet50, DenseNet201 Top1, Top5
Table 2. Top1, Top5 Accuracy Comparison of ResNet50 and
DenseNet201

. ResNet50

, Top 1 accuracy 73.87% 76.40%, 76.37% ,

2.53% 2.5% , Top5 accuracy

91.86% 94.81%, 94.53% . , DenseNet201

, Top 1 accuracy 74.66% 77.23%, 76.94% ,

2.57%, 2.28% , Top 5 accuracy

92.54% 95.63%, 95.26% .

, ResNet

DenseNet

.

ResNet50
+ None

ResNet50
+Zero
padding

ResNet50
+Border

extrapolation

TPR 74.31% 76.75% 76.37%

FPR 2.18% 1.97% 1.96%

TNR 97.82% 98.03% 98.04%

FNR 25.69% 23.25% 23.63%

3.
Table 3. Network performance comparison of various resizing methods

3

zero padding, border extrapolation
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confusion matrix [19] .
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