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Comparison of Image Classification Performance in Convolutional
Neural Network according to Transfer Learning

Sung-Wook ParkJ', Do-Yeon Kim'"

ABSTRACT

Core algorithm of deep learning Convolutional Neural Network(CNN) shows better performance than
other machine learning algorithms. However, if there is not sufficient data, CNN can not achieve
satisfactory performance even if the classifier is excellent. In this situation, it has been proven that the
use of transfer learning can have a great effect. In this paper, we apply two transition learning
methods(freezing, retraining) to three CNN models(ResNet-50, Inception-V3, DenseNet-121) and compare
and analyze how the classification performance of CNN changes according to the methods. As a result
of statistical significance test using various evaluation indicators, ResNet-50, Inception-V3, and
DenseNet-121 differed by 1.18 times, 1.09 times, and 1.17 times, respectively. Based on this, we concluded
that the retraining method may be more effective than the freezing method in case of transition learning

in image classification problem.
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Fig. 1. Weight freezing method of transfer learning.
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Fig. 2. Weight retraining method of transfer learning.
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Table 3. Comparison of the two transfer learning results in ResNet—50

Method Test Accuracy[%] Epoch Trainable parameter Lead Timels]
Freezing 83.96 94 61,470 5668
Retraining 99.05 52 23,596,062 8340

Table 4, The precision, recall, and f—score of ResNet—50
Precision[%] Recall[%] F-Score[ %]
Method - - -
Min Avg Min Avg Min Avg

Freezing 46 88 60 84 62 84

Retraining 93 99 92 99 95 99
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Table 5, Comparison of the two transfer learning results in Inception—V3

Method Test Accuracy[%] Epoch Trainable parameter Lead Timels]
Freezing 88.16 68 61,470 5085
Retraining 96.27 69 21,829,822 14201

Table 6. The precision, recall, and f—score of Inception—V3

Precision[%] Recall[%] F-Score[ %]
Method - - -
Min Avg Min Avg Min Avg
Freezing 62 90 56 88 71 88
Retraining 82 96 81 96 84 96
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Table 7. Comparison of the two transfer learning results in DenseNet—121

Method Test Accuracyl[%] Epoch Trainable parameter Lead Timel[s]
Freezing 84.38 60 30,750 3715
Retraining 99.16 44 6,984,606 7463

Table 8. The precision, recall, and f—score of DenseNet—121
Precision[%] Recall[%] F-Score[ %]
Method : - i
Min Avg Min Avg Min Avg

Freezing 49 89 38 84 55 85

Retraining 96 99 94 99 95 99
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