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Context-Aware Image Restoration Based on Fused Semantic Information
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(School of Optical -Electrical and Computer Engineering, University of Shanghai for Science and Technology, Shanghai 200093,
China)

Abstract: In recent years, generative adversarial networks have been widely used in the field of image
restoration and have achieved good results. However, current methods do not consider problems of blurred
structures and textures in high-resolution images (512X 512) , which mainly come from the lack of
effective feature information. To address this problem, this paper proposes a generative adversarial
network that combines image features with semantic information. Based mainly on semantic information, a
context-aware image restoration model is proposed, which adaptively fuses semantic information with
image features, and adaptive convolution is proposed to replace the traditional convolution, as well as a
multi-scale context aggregation module is added after the decoder to capture long-distance information for
contextual inference. Experiments are conducted on Places2, CelebA-HQ, Paris Street View, and
Openlogo datasets, whose results show that the proposed method improves in terms of L, loss, peak signal-
tonoise ratio (PSNR), and structural similarity (SSIM) in comparison with the existing methods.
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Connect'* .CoModGAN"H AOT-GAN'",
3.4 ILRER

AR SCSL g S B WAL T AR SONE 5 AN A SRR R B SR iR BB A T vk L SR e iR 1.2 B
IR WA 5 AT A Ty VR AR L AR SO AR T A B AR NS L AR AR T B4 19 PSNR (SSIM
ML 435y . 5 AOT-GAN A LL, 7E Places 2 848 5 | 096 ~20% BHERS 4 Lo RS2 BT 11.37 %6 By AR X 4

%1 7EPlaces 270 CelebA-HQ#IEE FHWEEZHW L ER

Table 1 Comparison of quantificative experimental resuits on Places 2 and CelebA -HQ datasets

Place 2 CelebA-HQ
RN X b7 S & b et & He et b7 He et 5 R 5 S & e
0%~20%  20%~40% 40%~60%  0%~20%  20%~40% 40%~60%

CA 24.964 22.762 17.215 25.760 23.683 19.223
PConv 27.901 25.316 18.919 28.791 26.340 21.126
. EdgeConnect 27.630 24.751 18.374 28.511 25.752 20.517
P;é\]f/ GateConv 26.109 23.389 17.061 26.942 24.334 19.051
CoModGAN 26.848 23.715 17.693 27.704 24.674 19.757
AOT-GAN 28.459 25.494 19.109 29.367 26.525 21.338
Ours 31.696 26.695 19.546 33.052 28.562 22.389
CA 0.854 7 0.795 2 0.689 3 0.869 7 0.803 1 0.723 4
PConv 0.8758 0.828 0 0.718 7 0.891 2 0.836 2 0.754 3
EdgeConnect 0.878 4 0.824 0 0.700 6 0.893 8 0.8321 0.735 3
SSIM 4 GateConv 0.816 9 0.803 6 0.664 6 0.8312 0.8115 0.697 5
CoModGAN 0.877 6 0.820 8 0.698 6 0.892 9 0.828 9 0.733 2
AOT-GAN 0.886 4 0.843 0 0.723 8 0.9019 0.851 3 0.759 6
Ours 0.927 5 0.876 9 0.748 2 0.9411 0.893 1 0.803 2
CA 5.25 5.86 10.15 4.68 5.63 10.05
PConv 3.24 3.94 7.63 2.90 3.72 7.66
EdgeConnect 3.25 3.98 7.74 2.89 3.76 7.73
L,/10°Y GateConv 3.92 4.61 8.09 3.50 4.43 8.01
CoModGAN 3.32 4.27 8.38 2.95 4.10 8.29
AOT-GAN 3.02 3.62 7.10 2.69 3.48 7.03

Ours 2.22 2.88 6.93 1.47 2.22 5.22
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%2 TEParis =70 OpenLogo F I EE LWL R

Table 2 Comparison of quantitative experimental results on Paris street view and OpenLogo

WERE LT Openlogo Paris
D 5 1 0%~20%  HEIS 4 1L 20%~40% RS &1L 40%~60%  BAHLIER
CA 20.052 18.579 13.987 21.628
PConv 22.411 20.664 15.372 24.055
EdgeConnect 22.194 20.202 14.928 23.292
PSNR/
GateConv 20.972 19.090 13.862 22.228
dB 4 CoModGAN 21.566 19.357 14.375 22.534
AOT-GAN 22.860 20.809 15.526 24.224
Ours 27.227 23.616 16.165 27.313
CA 0.740 9 0.683 8 0.5751 0.744 1
PConv 0.759 2 0.712 0 0.299 7 0.774 8
EdgeConnect 0.761 5 0.708 6 0.584 6 0.771 0
SSIM 4 GateConv 0.708 2 0.6910 0.554 5 0.7519
CoModGAN 0.760 7 0.705 8 0.582 9 0.768 0
AOT-GAN 0.768 4 0.724 9 0.603 9 0.788 8
Ours 0.8750 0.826 3 0.673 8 0.864 8
CA 11.44 12.91 19.84 10.75
PConv 7.37 8.55 15.12 7.10
EdgeConnect 7.36 8.60 15.26 7.17
L./107%y GateConv 8.90 10.16 15.82 8.46
CoModGAN 7.53 9.40 16.37 7.83
AOT-GAN 6.85 7.97 13.88 6.64
Ours 4.71 5.40 11.35 4.96

1 I PNSR. 5280 45 R WY, 3% 07 1L 7 i 40 B AE 00 T Wk & 77 1 H AT B W i I35 7 CelebaA-HQ %K
PR b 7E 0% ~20% A% I % T 3545 T 1 AOT-GAN A X IK 54.65% (4 L, 3 2 LA K2 A % 25 4.34 % 1
SSIM . %5 3R R WA SCJ5 R TR R 52 5 T & B B R A 2F i o 7 S [] 9 B0 4R RN A 1L % i) — 3L
PR I 2 AT 1R & 13z 1k fig

FENE FL B 4B 4 (CelebA (Place 2., Paris #ll Openlogo) | 2t A 4 4~ 22 0] iy n] AL 25 - (W E 5)
AR B, — 7 AR SCO7 AR R R T 1 4R R B s g — T T, A T ST TR 2 08, g ke 4 i
FURF Bl 4 SR f9 B . 5 4n L %7 F CA \PConv .EdgeConnect ,GateConv F1 AOT-GAN 1 () & 345 44
HBA BRI S 205 454 o AH L2 AR SO ik AT o b 5 BT A AT
3.4.1 ZRpHAitik

FH S 00 485 SR AT DA & B3 g AR SO S 25 R et 22 0 T R R R RSB R RO T R
Fho XA R, 8 5 A S BRI AR GG B B Xz Ak ) R, SR R iR AR SR R RRAE
AT T RE R Z Atk . &5, % T e E N SUFE R 2 RO RA B R SOR G R S 4l 2
FRVRE T AR R SOE B R . 7R 3 PEAN AR AR R AL Dy B A LU A AN R B B . AR, A
SO MR IB A e — S Jey BR A, B AR T T 32 Ak E e s 401 3l A e S R ) UG R, X 92 Ak 1 4
FEATREAT B o 7] B AE S BRI b, S () 8 R R 4%, JLME AR nT BE A2 BI5E MR . RO I IS AT B X ax g
75 T AT E— 25 0 Ak A el att | DL T v 108 S A
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Fig.5 Qualitative comparisons of different methods on four datasets

3.4.2 BASH

ARLEAE P GPU T #6147, Y25 377 1K, batchsize x3 HFERAHEM LR

W4, 2K 0.000 1, IE—RsE& s 54, Table3  Visual comparison of costs with alternative

AE AT AR SO R S 5 R L L methods

e R Y R e

M 4 S A ot :

3060 F AT Z oy 120 0170

3.5 HEMXRE CoModGAN 190 0.8107
AOT-GAN 180 0.8384

ARSCHEAT T 6 2 iF Rl 52 46 (B 7E Celeb A-HQ ¥4

) LLBAIEAR 9 46 1) 34 LSRR 7 (A A0, BRIV 11 3 1 45

FRRFE S ORGSR B SCRRIE SR b . 3R 4 BT, 4L T 52 6 20k 7 2 Wi ALt A
T4 AXBERBEMIE

Table 4 Ablation experiments on each of modules proposed in this paper

B ZRPE T CRAEE AEMER RERREA L/10 Py PSNR/dB 4 SSIM 4

Ours 120 0.8750

1 4.62 27.714 0.868 0
2 N 3.20 29.281 0.8810
3 NG 2.54 29.724 0.878 0
4 N 2.18 32.854 0.947 2
5 N NG 1.87 33.192 0.916 1
6 NG NG NG 1.46 35.674 0.963 5
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3.5.1 3 RELTFTXREGHN

T B R B R SCR GBI MCA E S e Ja) B 5 A 22 18] A9 AH 5 1 A8 R G i — Bt . AR SO AT
[Fi o0 245 ¢ J3E A% 0 A Oy ke AT LA, I B T A 3 oz A AR R R 32 B A5 ST 0 £ B AR 45 5 B Dl AT T
Z W LA 2 RO bR SCRG BB BT, A [R) BORE B9 70 SCRI I R .

RO E m AR RV AT AP kRN E ®5 TEBEKENEEILE
KR4 L RENS SC IR TR R ok i, H AT 7E4R A2 |+ Table 5 Quantitative comparison of different ex-
FE MCA B, JUHEX T 5 o FER R i = . pansion rates

FE PSS SRR 22 5 e i AR AR SCAE R AR S KR L,/107°y PSNR/AB A SSIM A
A 3 R Ik R 1 2 4 F 8, L 1 3.56 28.23 0.853
5 0B E 5 W K R O 2 10 B4y 7 BB (B EdgeCon- 1 2 3.50 28.39 0.856
nect AT TR 2R HO) MEAT X R s R 2 D2 3 2830 0.858
SFER . MASIAZRE EFCRANS RE s T 0
FEAE 5 8 AR R Z ) — Bt A DG . ani&l 6 BT, m] 4 1.2.4.8  3.20 29 98 0.881

K 5003 ST HIZ MR O 1R PN IR R 00, ol & 3%
A MCA A58 R i e (9 1145 AR, O HLACER I S X 25 A W A ARBURR . 3% 5 P G AL A SR LRI 1 Il
TR A MCA A 3N EAN A bR A A A 73 ST 35 82T

A
A=y

N\ \ ¥ £
Mask EdgeConnect

AOT-GAN Ours Ground truth
F6 5 R R 09 05 100 L
Fig.6 Comparison of methods with different dilation rates

3.5.2 AEEEMR

(1) 22 52

ASCHE Y T T B AE 5 I 25 ) 8 3 0 A AR B 0 A AR AL SR LI . O T IR A 3 A R
FO A 28O o 5 LA X B AT L, BRI 9 45 BRI 23 45 B LR Ok 130 38 5 5 4 2 1 2% i A 4 A
K X LE 7k

(2) EPEH:

P 7 b B e Fe AR B, R 3 7 A R 5 R AR 8 2 B L A A BR T A T AR P . X ORI

Mask tEG B B A& N AET Ground truth
B 7 AEGETR 0B R K A S N 6 R R P S 56 25 0 L

Fig.7 Comparison of qualitative experimental results of conventional convolution, partial convolution and adaptive

convolution
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5 6 1 1 02 B T 7 1 2 ) 2 o 3 £6 FRSREEZRE R
NERIE 22 M sk 228 0F . BRSkEUE, A& N R f5 Table6 Comparison of quantitative experimen-
THABEM, EePHWERILK TR, A SCH A E RN & tal results of different convolutions

FRUE JT A 48 b5 07 TR T A i 42 0 &1 7 vh 9 L L ik L,/10 %y PSNR/dB* SSIM*
BRI IS N B B BB AR S A I L AR AR 2.90 28.857 0.866 1
2 Rl Ay 0 1k R B L SO . ORI R TR AR e 2.80 29.100 0.8675
BRI AR AE R > RO 5% 2545 AE Z 4 gk Tl gy _RSRAEH 261 29.460 08709

1) 25 T) 8 A 3 4 . 3 ol o 42 B A% T B 2K DX 1 R
T, 5] B0 B AL AN BB R B ARG 2015, AR LU A% Ge 46 RN 70 5 AR A 42 7.
3.5.3 HAERRAakS

(1) g5 R

h T UESS A AR, BT 3FR R HUA R ARAE AR B E UF B BRI RS DL R
ARSCEER . NFR 6 TSR B 38 i AR SCHE 25 A 5, CelebA-HQ 20 42 A 34k 2k K/NH BT A1
FE bR b b A I 5 B B A 1 0 B

(2) kg
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AT EENATT S 3RS .
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Fig.8 Result comparison of structures with only image features and with direct fusion, and the proposed structure
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T3k [ A% G0 0 7 (0 SR AF BB B SR T % 22 He i A, Table 7  Comparison of quantitative experimen-
B2 DL R I PR B B A A SRl R A . R T A tal results of different modalities
RNIR EEWN BB S SEBTA 3ATTEALHE FR 0 Ik 75X L,/107%} PSNR/dBA SSIM A
A AR SO DPSAS ik fF Bl ik i iy 2 RABEHRKEE 4.82 27.023  0.9298
S EMGRE AT AL A B> TR LB AT U Ak HIEERE 1.91 34.077 09583
PETHIVARL 48 45 DL K Mg . ARG 1.80 34319 09627
4 HRIE
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UC, B T — AT AR A Rl 59 D7 RS PRUAGUREAE F0 SCRRAE Rl 78— A R 38 5 2 A 5 fe i, il i — A>T
RA BN SCRRIE BB B4 2R S B R SOfF B F LSRR 1 A vk o AR A T AT i AR SO ik
B E A OE AR T AL TS 09z AL E T LA R 2 FE R M AR IR AT BEAT R i R B 5 . AE) 2 A 2
R A IR AN A G S R A T RE A o 1R FLSE I R B AR SO IR A 4 A SRR AR
AITEREL TR 2 22 ML iy J7 ik
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