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Abstract

In response to the issue of insufficient data of specific types in medical imaging, this study primar-
ily explores lung nodules data augmentation techniques based on Generative Adversarial Net-
works (GAN). An enhanced generative adversarial network technique was employed to augment
the original lung nodule image dataset, which was subsequently validated using the LIDC-IDRI da-
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taset. Experimental findings demonstrate that, compared to DCGAN, GAN technology utilizing the
WGAN-GP network architecture excels in generating lung nodules images, yielding an average FID
index of 137.85. Furthermore, following comprehensive evaluation of three additional image quality
assessment metrics, it was found that lung nodules data generated by the WGAN-GP network closely
approximates the distribution of real data, resulting in higher image quality.
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Figure 1. Basic structure of GAN network
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2.2.2. DCGAN
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Figure 2. Architecture of the DCGAN generator network
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2.2.3. WGAN-GP
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Figure 3. Original lung nodules images from the LIDC dataset
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Figure 4. Lung nodules images generated by the DCGAN network
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Figure 5. Lung nodules images generated by the WGAN-GP network
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Table 1. Comparison of IS and FID Values for lung nodules images generated by different models
= 1 TEHEEAE RABHZE T EIRAY IS #0 FID HEXEE

i MIS MFID
DCGAN 1.57 144.41
WGAN-GP 1.74 137.85

Table 2. Comparison of mean SSIM and PSNR values for lung nodules images generated by different models compared to

;alzfm%gl%sﬁﬁiﬁiﬁfﬁzﬁ%@%‘—ﬁﬁi1%3’9 SSIM F1 PSNR HJ{EXTEE
it MSSIM MPSNR
DCGAN 0.40 30.03
WGAN-GP 0.44 30.24
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