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Face super-resolution reconstruction based on prior information
and dense connected network
CUI Liwei” , GAO Hongwei

(Department of Computer Technology and Information Management, Inner Mongolia Agricultural University,
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Abstract : Image super-resolution is widely used in medical and security fields. Aiming at the shortcomings
that traditional super-resolution reconstruction (SR) methods cannot reconstruct edge feature images,
this paper proposes a reconstruction scheme based on prior information and dense connected network
model. By taking into account the different combinations of residual features of input statistical informa-
tion,a multi attention module is introduced to improve the network performance without adding addition-
al modules by cooperating with the backbone network structure. The proposed model has better per-
formance than the existing state of the art (SOTA) model with complex structures. In order to avoid
the sharp drift of the input identity features,a network module of attention mechanism based on prior in-
formation is proposed to estimate the real low resolution (ILR) counterpart. This model has advantages
in terms of capturing motion noise,etc. The experimental results show that this method has more advan-
tages in evaluation indicators and subjective visual analysis than other mainstream methods.
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Fig.1 Network architecture in this paper
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dynamic residual attention component branch
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Fig. 6 Attention mechanism scaling module
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Fig. 8 Distribution of Ground truth Score and scores
generated by various algorithms

in ILSVRC2015_VID test set

£ 1 ILSVRC2015_VID Uik &1 & # 14xt bb
Tab.1 Comparison of ILSVRC2015_VID test

set evaluation accuracy

2.2 SCISOAT NeuralSBS  MOS NIMA PARNAC NIQE
LSRN 8 Frax. WAL R 1R Accuracy% 80. 6 73.1 79.4  76.7  41.6
FL AR BE 08 B 2 S AF RO R SR, X L8 L LRI A
FE TLI0) 5 2 PG00 R 9 52 0 2 LG AT ) o i (BT 45 2 lontheMa JUi & P A& AT MRS LE
KiBL, X — WML AR . B A R4 Tab.2 Comparison of the evaluation accuracy
RUHR L TN LU T A T 00 o it B AR A of the TontheMa test set
EMRTE— N K Al BEAH 24N 5, (H 76 e X)L 34 F: NeuralSBS MOS NIMA PARNAC NIQE
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BS R i b O 1 o3 A IR AN 8 i .
F 3 ILSVRC2015_VID H#E&E L EMEBZKEITHLER
Tab.3 Evaluation results of various reconstruction models on ILSVRC2015_VID datasets
Scene metric
Method
NIMA  PARNAC NeuralSBS  NIQE MOS  LPIPS
Bicubic 4.563 0.252 0.103 20. 94 1.85 0.319
MSRResNet 5.09 0. 305 0.488 21.24 3.25 0.164
SRFBN 5.094 0. 306 0.499 21.12 — 0.16
MSRGAN 5.314 0. 347 0.575 19.18 2.17 0.025
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Zi%k 3 Continued Tab. 3

Scene metric

Method
NIMA  PARNAC  NeuralSBS NIQE MOS  LPIPS
ESRGAN (GAN) 5.343 0.344 0. 606 18.38  —  0.013
Bicubic 4.215 0. 34 0.13 18.84  —  0.353
MSRResNet 4.602 0.393 0.488 19.12  —  o0.107
SRFBN 4.609 0.394 0.502 18.91 - 0.094
MSRGAN 4.632 0.395 0.518 1769  —  0.023
ESRGAN (GAN) 4.637 0. 396 0. 54 16.9 - 0.003
Bicubic 4.105 0.31 0.128 18.81  1.36  0.333
MSRResNet 4.492 0.363 0.486 19.09 2.18 0. 087
SRFBN 4.499 0.364 0.5 18.88  —  0.074
MSRGAN 4.522 0. 365 0.516 17.66  3.45  0.003
ESRGAN (GAN) 4.527 0. 366 0.538 16. 87 - 0.017
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Fig. 9 Visualization of full face detail reconstruction of real faces
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Fig. 10  Visualization of partial detail reconstruction of real faces
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