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ABSTRACT

Hanhoon ParkTT

Recently, convolutional neural networks (CNNs) have been widely used with excellent performance
in various computer vision fields, including super-resolution (SR). However, CNN is computationally

intensive and requires a lot of memory, making it difficult to apply to limited hardware resources such
as mobile or Internet of Things devices. To solve these limitations, network lightening studies have been
actively conducted to reduce the depth or size of pre—trained deep CNN models while maintaining their
performance as much as possible. This paper aims to lighten the SR CNN model, SRGAN, using the
knowledge distillation among network lightening technologies; thus, it proposes four techniques with
different methods of transferring the knowledge of the teacher network to the student network and
presents experiments to compare and analyze the performance of each technique. In our experimental
results, it was confirmed through quantitative and qualitative evaluation indicators that student networks
with knowledge transfer performed better than those without knowledge transfer, and among the four
knowledge transfer techniques, the technique of conducting adversarial learning after transferring
knowledge from the teacher generator to the student generator showed the best performance.
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Table 2. PSNR and SSIM results of four knowledge transfer methods on different test datasets,

Method Setb Setl4 Urban100 Generall00

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

Teacher 29.0393 0.7354 29.2145 0.6599 28.7672 0.5858 29.8017 0.8587
Student 28.2506 0.6055 28.3138 0.5593 28.2256 0.4795 28.2474 0.7388
GAN2GAN 28.8228 0.6665 28.9581 0.5969 28.6160 0.5166 29.3255 0.8108
GAN2G 28.8191 0.6732 28.9317 0.5994 28.6095 0.5165 29.2366 0.8130
GAN2G+AL 28.7318 0.6663 28.85 0.5973 28.5550 0.5176 29.1327 0.8057
G2G+AL 29.6308 0.6892 29.3279 0.5593 28.9421 0.5168 29.9858 0.8181
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Table 3. DMOS results of four knowledge transfer methods on randomly selected ten images.

Method Img 1 Img2 | Img3 | Img4 | Img5 | Img6 | Img7 | Img 8 | Img 9 | Img 10
GAN2GAN | 46.784 | 45180 | 52.753 | 71978 | 48649 | 41313 | 34.300 | 45724 | 49.744 | 63573
GAN2G 52673 | 45199 | 52.921 | 72123 | 61.472 | 40919 | 34358 | 42.148 | 44274 | 53913
GAN2G+AL | 44473 | 47.098 | 55454 | 72.144 | 50334 | 44780 | 35752 | 44.095 | 49.261 | 56.609
G2G+AL 44319 | 48633 | 58447 | 64955 | 50.651 | 42.339 | 27564 | 47.283 | 53.833 | 61.975
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