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Abstract: Aiming at the issue of losing contextual semantic information when extracting deep features by learning-based face image
inpainting methods, a generator with an efficient normalized attention mechanism was proposed, which extracted deep features from
face images more effectively and better aggregated low-level and high-level features at multiple scales. To enhance the consistency of
the generated images, a bi-level gated feature fusion module with residual main path transformation was introduced. This module
further fused decoded texture and structure information, and incorporated an enhanced contextual feature aggregation module, in
which an improved prompt generation block enabled prompt parameters to interact between features at multiple scales, guiding the
dynamic adjustment of the inpainting network to generate realistic and believable face images. Experimental results on the CelebA-
HQ datasets showed that this research method achieved 37.74 dB, 0.983 0, 0.24%, and 1.489 in terms of peak signal-to-noise ratio
(Rpsy ) , structural similarity (Sg,,), mean absolute error (E\;, ), and Fréchet inception distance ( Dy, ). On the LFW dataset, the
Rosn s Ssivs Ema, and Dy of this research method achieved 39.19 dB, 0.987 7, 0.21%, and 3.555. Compared with five other
mainstream methods, this research method achieved quite competitive results. Qualitative and quantitative experiments demonstrated
that this research method could effectively restore corrupted facial structure and texture information.
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Fig.3 Enhanced contextual feature aggregation block
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Fig.4 Qualitative comparison of methods on the CelebA-HQ datasets
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Table 1 Quantitative comparison of methods on
the CelebA-HQ dataset

jj‘% }ﬁﬁ% H:’fﬁlj/% RPSN/dB SSIM EMA DFI

[1,10) 3546 09699 0.0051 1.977
[10,20) 32.41 0.9336 0.0093 4.548
PRVS  [20,30) 30.56  0.9043 0.0123 6.564
[30,40) 28.48 0.8736 0.0160 9.795
[40,50) 26.54 0.8277 0.0210 9.564

0.9713 0.0044 1.874
0.9572 0.0064 2.511
0.9329 0.0092 3.572
0.9013 0.0134 6.518
0.858 5 0.0186 6.908

[1,10) 35.26
[10,20) 34.27
[20,30) 32.03
[30,40) 29.29
[40,50) 27.10

DSNet

[1,10) 34.86
[10,20)  32.59
AOT  [20,30)  30.35
[30,40)  27.60
[40,50)  25.00

0.967 6 0.0114 2.686
09416 0.0150 4.567
09126 0.0188 6.658
0.866 8 0.025 8 13.798
0.805 8 0.036 0 20.383

[1,10)  37.46
[10,20)  35.07
ALR  [20,30)  32.62
[30,40)  29.70
[40,50)  27.21

0.9827 0.0025 1.491
0.966 2 0.004 5 2.429
0.9435 0.0069 3.663
09127 0.0110 7.875
0.869 1 0.016 8 9.707

[1,10) 36.45
[10,20) 32.88
HAN  [20,30) 30.94
[30,40) 28.87
[40,50) 27.13

09758 0.004 6 1.471
0.9402 0.008 9 3.480
09117 0.0120 5.338
0.8870 0.0157 7.819
0.8545 0.0201 6.496

[1,10) 37.74
[10,20)  35.39
[20,30)  32.88
[30,40)  29.88
[40,50)  27.28

09830 0.0024 1.489
0.9677 0.0043 2.234
09453 0.006 7 3.574
09140 0.0107 7.405
0.8693 0.016 5 10.754

ES T
Trik

2 KIJIETE LFW Bl dE L AE it s
Table 2 Quantitative comparison of methods on
the LFW dataset

ﬁ/f T@@ [‘KWJ/% RPSN/dB SSIM EMA DFl

[1,10) 35.07 0.9675 0.0069 5.544
10,20) 34.06 0.956 8 0.008 5 7.086

[

PRVS [20,30) 32.17 09408 0.0106 9.791
[30,40) 2891 09142 0.0147 17.523
[40,50)  26.68 0.8772 0.0199 17.339
[1,10) 3585 09765 0.0040 4.255
[10,20) 3571 09711 0.0052 4.942

DSNet [20,30)  33.49 09565 0.0074 6.817
[30,40)  29.76  0.928 6 0.011 7 13.067
[40,50) 2731 0.8909 0.017 0 13.221
[1,10) 36.44 09748 0.0095 5.433
[10,20) 3473 09617 0.0120 7.120

AOT  [20,30) 3228 0.9429 0.0153 10.823
[30,40) 2830 09021 0.0231 22.006
[40,50) 2574  0.8546 0.0327 23.033
[1,10) 38.74  0.9868 0.0022 3.688
[10,20)  36.75 09786 0.0036 4.916

ALR  [20,30) 34.12 09646 0.0055 7.067
[30,40)  29.92  0.9372 0.0099 14.947
[40,50)  27.11 0.8977 0.0158 16.625
[1,10) 36.87 09787 0.0044 4.353
[10,20) 3327 09442 0.0085 9.129

HAN  [20,30)  30.87 0.9083 0.0123 15.958
[30,40)  27.87 0.8773 0.017 2 23.381
[40,50)  25.85 0.8468 0.023 0 21.610
[1,10) 39.19 09877 0.0021 3.555

[10,20)  37.07 09800 0.0034 4.709

EN

. [20,30) 3433 09662 0.0053 6.803

& [30,40)  30.03 09384 0.0096 15.267

[40,50) 2721 0.8983 0.0156 17.556
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Fig.6 Visual examples of ablation study
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Table 3 Ablation study of the framework components
UES RS LA/ % Ryen/dB Ssim WES HER L5/ % Rpgy/dB Ssiv
[1,10) 39.24 0.987 9 [1,10) 37.78 0.977 4
[10,20) 37.12 0.980 6 [10,20) 36.16 0.970 8
. [20,30) 34.40 0.967 1 . [20,30) 33.87 0.958 0
51 R 2
[30,40) 29.97 0.939 1 [30,40) 29.79 0.931 0
[40,50) 27.13 0.899 0 [40,50) 26.99 0.891 9
[50,60) 26.00 0.874 2 [50,60) 25.90 0.868 2
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E S D L/ % Rpsy/dB S E S Wb L 15/ % Rpgy/dB S
[1,10) 38.35 0.986 2 [1,10) 39.19 0.987 7
[10,20) 36.45 0.978 0 [10,20) 37.07 0.980 0

. [20,30) 33.84 0.963 5 - 20,30 34.33 0.966 2

R0 3 R 4 120,30)
[30,40) 29.72 0.935 3 [30,40) 30.03 0.938 4
[40,50) 26.99 0.894 4 [40,50) 27.21 0.898 3
[50,60) 25.86 0.868 7 [50,60) 26.07 0.873 6

3.4 AL A

B UE AR T 1A SO, A 5T X B S
¢RI MG EA TS0, an il 7 Bros . BB 7 AT
VLB, ASBIF9E BT AR 76 8 58 176 Ak P R0 i 2k 1)
NIz EG, S R AF s = e

(f) BEER

(d) JRE2

(e) FAbtA12
K7 SO

Fig.7 Actual measurement sample

4 Hik

R T R A B RS ) 4 SR — B AR g

— P A TR R AE 52 0 UL ) 2 454
I FEAE AR B A B 5 — AR TR R B R
SR MG 1R J2 S0 B R S5 M BRAE 5 T —Fh 5k
ok 25 T AR A ) U T T4 R Rl A RS —
AR 2 FR1E, Dok A4 il R i — St t4h,
ARG — Bl 56 T A4 i 19 B R SCRRIE R
AR AR RS A SRR EE R (S B RIS R R
W, 5 A =30 07 LA A9 7 VA HE CelebA-HQ
HILFW £ 4 T REA 5018 & 3R 10 A 1 B 40 57 15
Ko BRI, 25 TR EL AT R TR A S D) 8% A 15

I AT S5 B 1R 5 SR B SAT A —
E M5 | Ja ST 508 Bt 2 0 e AR % R, A
A M A ol e A RV R SR A 155 0 R A
SEIERIPN AL

S 300k

[1] BARNES C, SHECHTMAN E, FINKELSTEIN A, et al.
PatchMatch: a randomized correspondence algorithm for
structural image editing[J]. ACM Transactions on
Graphics, 2009, 28(3): 1-11.

[2] EFROS A A, FREEMAN W T. Image quilting for texture
synthesis and transfer[ C]//Proceedings of the 28th
Annual Conference on Computer Graphics and Interactive
Techniques. New York, USA:ACM, 2001 341-346.

[3] YUJ, LIN Z, YANG J, et al. Free-form image
inpainting with gated convolution[ C]//Proceedings of the
2019 IEEE/CVF International Conference on Computer
Vision (ICCV). Seoul: IEEE, 2019. 4470-4479.

[4] YAN Z, LI X, LI M, et al. Shift-Net; image inpainting
via deep feature rearrangement [ C ]//Proceedings of the
15th European Conference on Computer Vision. Munich,
Germany: Springer, 2018. 3-19.

[5] LIU H, JTIANG B, XIAO Y, et al. Coherent semantic
attention for image inpainting [ C ]//Proceedings of the
2019 IEEE/CVF International Conference on Computer
Vision (ICCV). Seoul: IEEE, 2019: 4170-4179.

[6] LIJ, HE F, ZHANG L, et al. Progressive reconstruction
of visual structure for image inpainting| C]//Proceedings
of the 2019 IEEE/CVF International Conference on
Computer Vision ( ICCV ). Seoul: IEEE, 2019;
5961-5970.

[7] WANG N, ZHANG Y, ZHANG L. Dynamic selection
network for image inpainting [ J]. IEEE Transactions on
Image Processing, 2021, 30: 1784-1798.

[8] ZENG Y, FU J, CHAO H, et al. Aggregated contextual
transformations for high-resolution image inpainting [ J].
IEEE Transactions on Visualization and Computer

Graphics, 2023, 29(7) : 3266-3280.



28

TR NN

»e
£

e (T % WO %55 &

[9] HUI S, ZHOU S, DENG Y, et al. Auxiliary loss
reweighting for image inpainting[ EB/OL ]. (2022-04-22)

[
[10]

(11]

[12]

[13]

[14]

[15

—

[16]

[17

[

[18

—

[19]

[20]

2024-04-20]. https://arxiv.org/abs/2111.07279
MISRA D. Mish: a self regularized non-monotonic
neural activation function[ EB/OL]. ( 2019-08-26 )
[2024-04-20]. https://arxiv.org/abs/1908.08681

LIU Y, SHAO Z, TENG Y, et al. NAM: normali-
zation-based attention module [ EB/OL ]. (2021-11-24)
[ 2024-04-20]. https://arxiv.org/abs/2111.12419
KARRAS T, AILA T, LAINE S, et al. Progressive
growing of GANs for improved quality, stability, and
variation [ EB/OL ]. ( 2018-02-26 ) [ 2024-04-20 ].
https;//arxiv.org/abs/1710.10196

HUANG G B, MATTAR M, BERG T, et al. Labeled
faces in the wild; a database for studying face
recognition in unconstrained environments| EB/OL].
(2008-09-16) [ 2024-04-20 ]. https://inria. hal. science/
inria-00321923v1/document

BERTALMIO M, SAPIRO G, CASELLES V, et al.
Image inpainting [ C ]//Proceedings of the 27th Annual
Conference on Computer Graphics and Interactive
Techniques. New Orleans, USA: ACM, 2000; 417-424.
TSCHUMPERLE D, DERICHE R. Vector-valued image
regularization with PDEs: a common framework for
different applications [ J]. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2005, 27 (4):
506-517.

DARABI S, SHECHTMAN E, BARNES C, et al. Image
melding : combining inconsistent images using patch-based
synthesis[ J]. ACM Transactions on Graphics, 2012, 31
(4). 1-10.

BUYSSENS P, DAISY M, TSCHUMPERLE D, et al.
Exemplar-based inpainting: technical review and new
heuristics for better geometric reconstructions|[ J]. IEEE
Transactions on Image Processing, 2015, 24 (6):
1809-1824.

GOODFELLOW 1J, POUGET-ABADIE J, MIRZA M,
et al. Generative adversarial nets [ C |//Proceedings of
the 27th International Conference on Neural Information
Processing  Systems. Montreal, Canada: Curran
Associates, 2014 . 2672-2680.

NAZERI K, NG E, JOSEPH T, et al. EdgeConnect;
generative 1image inpainting with adversarial edge
learning [ EB/OL ]. ( 2019-01-11 ) [ 2024-04-20 ].
https://arxiv.org/abs/1901.00212

XIONG W, YU J, LIN Z, et al. Foreground-aware
image inpainting [ C ]//Proceedings of the 32nd IEEE/

CVF Conference on Computer Vision and Pattern
Recognition. Long Beach, USA. IEEE, 2019.
5833-5841.

[21] REN Y, YU X, ZHANG R, et al. StructureFlow ; image
inpainting via structure-aware appearance flow [ C]//
Proceedings of the 2019 IEEE/CVF International
Conference on Computer Vision (ICCV). Seoul;: IEEE,
2019 181-190.

[22] ZENG Y H, FU J L, CHAO H Y, et al. Learning
pyramid-context encoder network for high-quality image
inpainting [ C ]//Proceedings of the 32nd IEEE/CVF
Conference on Computer Vision and Pattern Recognition.
Long Beach, USA: IEEE, 2019. 1486-1494.

[23] YUJ, LIN Z, YANG J, et al. Generative image
inpainting with contextual attention[ C]//Proceedings of
the 31st IEEE/CVF Conference on Computer Vision and
Pattern Recognition. Salt Lake City, USA: IEEE, 2018.
5505-5514.

[24] ZHENG C X, CHAM T J, CAI J F. Pluralistic image
completion [ C ]//Proceedings of the 2019 IEEE/CVF
Conference on Computer Vision and Pattern Recognition.
Long Beach, USA: IEEE, 2019. 1438-1447.

[25] QIN J, BAI H, ZHAO Y.Multi-scale attention network
for image inpainting [ J]. Computer Vision and Image
Understanding, 2021, 204. 103155.

[26] KRIZHEVSKY A, SUTSKEVER I, HINTON G E.
ImageNet classification with deep convolutional neural
networks[ J]. Communications of the ACM, 2017, 60
(6): 84-90.

[27] GUO X, YANG H, HUANG D. Image inpainting via
conditional texture and structure dual generation[ C]//
Proceedings of the 18th IEEE/CVF International
Conference on Computer Vision. Montreal, Canada:
IEEE, 2021 14114-14123.

[28] POTLAPALLI V, ZAMIR S W, KHAN S, et al

PromptIR: prompting for all-in-one blind image

restoration [ C ]//Proceedings of the 37th International

Conference on Neural Information Processing Systems.

New Orleans, USA:. Curran Associates, 2023;

71275-71293.

RONNEBERGER O, FISCHER P, BROX T. U-Net.

—
N
e

[

convolutional  networks for  biomedical image
segmentation [ C ]//Proceedings of the 18th
International Conference on Medical Image Computing
and Computer-Assisted Intervention. Munich, Germany .
Springer, 2015 234-241.

(F#% 39 1)



