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A deep learning network for joint low-light enhancement
and face spuer-resolution

CONG Weiyi, ZHENG Zhuoran, JIA Xiuyi
(School of Computer Science and Engineering, Nanjing University of Science and Technology, Nanjing 210094, China)

Abstract: In low-light environments, face image enhancement is used as a vital recovery method for many tasks.
However, existing methods for face super-resolution in low-light environments usually relied on sequence modeling that
combines low-light enhancement and super-resolution algorithms. Unfortunately, using this method to enhance a face
image easily led to artifacts or noise because of the differences between the optimization objectives. To tackle this chal-
lenge, we proposed LFSRNet, an end-to-end low-light face image super-resolution network. Our network consisted of
three modules: shallow feature extraction, deep feature extraction, and feature filtering upsampling. The shallow feature
module initially mapped the input low-light, low-resolution face image into feature space. Subsequently, the deep fea-
ture extraction module performed luminance correction and refined the structure. Finally, the feature filtering up-
sampling module processed the extracted features and reconstructed the face image. Additionally, in order to better re-
construct the lost facial details, we also designed a loss function faceMaskLoss. Extensive experiments demonstrate the
effectiveness of our proposed model.

Keywords: face super resolution; low-light image enhancement; supervised learning; random mask; loss function; deep

learning; local feature extraction; global feature extraction
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Fig.2 Color histograms and channel pixel averages under
different lighting conditions
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Fig. 5 Visualization of different mask strategies
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PSNR SSIM LPIPS PSNR SSIM LPIPS
EDSR™“ 23.6738 0.7398 0.3620 19.6253 0.7887 0.3796
DLNE7 + EDSR™ 22.6286 0.7355 0.3773 17.8789 0.7030 0.4629
EDSR™ + DLN®7 22.4797 0.7436 0.3369 17.3383 0.7172 0.4283
Omni-SR™* 23.8693 0.7367 0.3891 22.3469 0.8227 0.3279
DLN®"+ Omni-SR*! 22.6432 0.7369 0.3805 21.6162 0.7520 0.3305
Omni-SR¥ + DLN®7 22.5369 0.7475 0.3464 20.1975 0.7668 0.2734
SwinIR“4 24.0420 0.7471 0.3517 22.1660 0.8433 0.2427
DLNPH+ SwinIR[* 22.6666 0.7397 0.3583 20.6408 0.7951 0.3334
SwinIR™ + DLN®7 22.5960 0.7518 0.3207 20.3815 0.8142 0.2753
CTCNet!'¥ 24.3659 0.7544 0.3287 21.4541 0.8585 0.2338
DLN? + CTCNet!4 22.6715 0.7401 0.3575 22.5572 0.8510 0.2773
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SPARNet!'?! 24.2840 0.7548 0.3253 22.6785 0.8589 0.1998
DLNE7 + SPARNet!'?! 22.6604 0.7514 0.3573 222574 0.84938 0.2400
SPARNet!'”! + DLN["] 22,5811 0.7513 0.3313 21.8259 0.8507 0.2285
LSR! 23.9122 0.7413 0.3568 21.3621 0.7567 0.3547
LFSRNet 24.4954 0.7587 0.3195 22.9445 0.8593 0.1992
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Table 3 Metrics result of face alignment
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