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Abstract: Low resolution 1s an important factor that affects the accuracy of face recognition. To overcome
the limitation of low-resolution facial images on face recognition, one effective solution is adopting super-
resolution methods to reconstruct low-resolution images and then identify the generated facial images.
However, existing super-resolution methods typically fail to consider facial identity preservation during
reconstruction, which directly results in poor face recognition performance of reconstructed images. To
address the issue mentioned above, this paper proposes a face super-resolution reconstruction method with
identity preserving, called IPNet. This method can simultaneously improve the quality of low-resolution
facial images and preserve the identity of reconstructed images. IPNet consists of a semantic segmentation
network and a face generator. The semantic segmentation network is introduced to extract low-dimensional
latent code and multi-resolution spatial features. Then, the extracted features guide the face generator to

output super-resolution images similar to the authentic images. Furthermore, we introduce the face
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recognition network to integrate the face identity information into the super-resolution model, thus
maintaining the identity of reconstructed facial images consistent with original images. Experimental results
show that IPNet achieves better results than other comparison methods in terms of both super-resolution
image quality and identity preservation, demonstrating effectiveness of the proposed method.

Key words: superresolution; face recognition; semantic segmentation; face generator; identity preserving
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Table 1 Comparison of IPNet with other methods on FFHQ-TEST and LFW-TEST test datasets

- FFHQ-TEST LFW-TEST
7
PSNR SSIM LPIPS FID Dis RS PER Gl F i
BicuBic 25.117 1 0.7684  0.2864 102.872 4 0.20160  0.9096  0.6795  0.7779
ESRGAN®™' 243315  0.7485  0.1587 17.209 5 0.14080  0.9095  0.5577  0.6915
HifaceGAN"™' 258608  0.8009  0.154 3 24.2130 0.07660  0.8807  0.6154  0.7245
PULSE® 19.6633 05269  0.3853 63.949 9 0.61260  0.0000  0.0000  0.0000
SuperFAN™ 225425 06679  0.2223 39.789 4 0.16770  0.8952  0.5694  0.696 1
VDSRH 27.0254  0.8288  0.1955 55.648 1 0.10450  0.9045  0.6966  0.7870
SRCNN'" 258772  0.7922  0.2475 71.316 0 0.17690  0.9137  0.6795  0.7794
SRGANF! 22496 1 0.6604  0.209 1 33.8175 0.14990  0.8456  0.5683  0.6797
GPEN®/ 246071  0.7560  0.1708 18.777 8 0.07058  0.8938  0.6399  0.7459
IPNet 26.1192  0.8093  0.1225 14.585 3 0.06460 09140  0.6997  0.7927

GT co 1.000 O 0.000 0 0.000 O 0.000 00 0.909 8 0.772 3 0.8354
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Fig.6 Comparison of visual effects of different models on FFHQ-TEST dataset
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Table 2 Ablation experimental results on FFHQ-TEST and LFW-TEST test datasets

FFHQ-TEST LEW-TEST
PSNR SSIM LPIPS FID Dis iR A R F11§
(LEHHH%L  26.0622  0.8079 0.1233  14.9832  0.0741 0.908 2 0.697 9 0.789 3
()X SFT##H  15.6725  0.4206 0.3445 52,9099  0.4019 0.000 0 0.000 0 0.000 0
(3)TC 4k 25 3% B
f) Unet

(AT s 26.0589  0.808 1 0.1238 147854  0.0649 0.9139 0.699 1 0.792 2
Gk 246595  0.7633 0.1684 229222  0.0690  0.9138 0.698 1 0.7915

IPNet(Ours)  26.1192  0.8093  0.1225  14.5853  0.064 6 0.9140  0.6997  0.7927
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Fig.8 Visual results of ablation experiments
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