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Abstract
In this paper, we analyze the effects in medical images by applying various data augmentation techniques to deep convolutional neural network
learning for classifying focal liver lesions in abdominal CT images. We apply affine transformation-based, StyleGAN, Mixup, and Augmix-
based data augmentation techniques to the VGG 16 convolutional neural network, respectively, to learn to classify local liver lesions into cysts,
hemangiomas, and metastases. For the experiments, we validate and analyze the effect of the data augmentation through both a quantitative
assessment by comparing accuracy, sensitivity, and specificity for classification results of models trained by each data augmentation technique
and a qualitative assessment by observing augmented image examples and the tSNE feature distributions.
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Figure 1: Examples of abdominal CT images with focal liver lesions
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Figure 2: Overview of the proposed method to analyze the effect of data augmentation on the classification of focal liver lesion
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Figure 3: Architecture of the StyleGAN synthesis network
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Table 1: Statistics of our experimental dataset

Cyst | Hemangioma | Metastasis | Total

Training Dataset 433 70 178 681
Validation Dataset | 115 30 157 302
Test Dataset 128 30 149 307
Total 676 130 484 1290
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Figure 5: Images for focal liver lesions: (a)Original cyst, (b)Original hemangioma, (c)Original metastasis, (d) StyleGAN cyst, (€)StyleGAN
hemangioma, (f) StyleGAN metastasis, (g)Mixup cyst, (h) Mixup hemangioma, (i) Mixup metastasis, (j)Augmix cyst, (k) Augmix
hemangioma, (I) Augmix metastasis. A, a parameter of Mixup, is sampled from the Beta distribution.

Table 2: Performance comparison of Affine data augmentation, StyleGAN, Mixup and Augmix experiment results.

Mixup: Mixup with Affine DA

+ : standard deviation for 5 models

Cyst Hemangioma Metastasis
Methods Accuracy[%] | Sensitivity[%] Specificity|%] | Sensitivity[%] Specificity|%] | Sensitivity[%] Specificity[%o]
Affine DA model 72.57+0.88 | 8734 +0.76 82124093 | 27334249 90.10+1.24 | 6899 +1.15 84.30+£1.08
StyleGAN (25%) 7342+1.69 | 8734+134  80.67£1.15 | 3333 £10.54 91.5543.10 | 69.53 £296  85.06 £2.32
Mixup (o= 0.6) 7413 £1.73 | 8937 £2.07 76.64+240 | 23334298  96.021+0.64 | 71.27+1.86 83.16 £1.52
Augmix (a=0.1) 7048 £0.78 | 85.62+224  7854+083 | 37.33+4.89 89384134 | 6416+1.17 8556 +1.57
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Figure 6. The tSNE feature distributions of original training, test, and augmented training data extracted from VGG16 model trained on (a)(b)
Affine, (c)(d) StyleGAN, and (e)(f) Mixup data augmentation methods.
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Figure 7. The tSNE feature distributions of (a) Affine-augmented training and (b) Augmix-augmented training data extracted from the VGG16

model trained on Augmix data augmentation.
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