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Image Relighting Network Based on Context-gated Residuals and Multi-scale Attention

WANG Wei,DU Xiangcheng and JIN Cheng

School of Computer Science, Fudan University, Shanghai 200438, China

Abstract Image relighting is commonly used in image editing and data augmentation tasks. Existing image relighting methods
suffer from estimating accurate shadows and obtaining consistent structures and clear texture when removing and rendering sha-
dows in complex scenes. To address these issues, this paper proposes an image relighting network based on context-gated resi-
duals and multiscale attention. Contextual gating residuals capture the long-range dependencies of pixels by aggregating local and
global spatial context information,which maintains the consistency of shadow and lighting direction. Besides, gating mechanisms
can effectively improve the network’s ability to recover textures and structures. Multiscale attention increases the receptive field
without losing resolution by iteratively extracting and aggregating features of different scales. It activates important features by
concatenating channel attention and spatial attention,and suppresses the responses of irrelevant features. In this paper, lighting
gradient loss is also proposed to obtain satisfactory visual images through efficiently learning the lighting gradients in all direc-
tions. Experimental results show that,compared with the current state-of-the-art methods.the proposed method improves PSNR
and SSIM by 7.47% and 12. 37 % ,respectively.

Keywords Image relighting,Contextual information,Gating mechanism, Lighting gradient, Attention
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I i o B, B Ok UL T 4R O vk K 45 T S 19 PSNR,
SSIMMTRT MPS™#80 s [a] i, H 78 LPIPS™™ 48 b5 % e Hf BA
TE AR TREEAR B VT LA R i Y 45 X 37 5 JL AT 45 4 Y 2 £
P20 A AT A NS B B R (HR A BRI B
FURFE H AR I v A0 HE AR I8, 33 BRI T 06 288 O 3k 19 328 9 D
[ B o A8 T B2 A A W B AR O O 6 B 0y A U R T B 1R
B 35 BT 2 BB R B0, i & 6 T 78, OIDDRNet!'®! , DF-
NIR"* Al MBNet' ™ #5748 F T 3 £ Bl {0 2 A8 3007 i AR 4
R T 4 R MR Y SO .

#£ 1 EWIEIEX L

Table 1 Comparison of objective indicators

Algorithm PSNR( ) SSIM( ) LPIPS(Y) MPS(4)

RetinexNet[2%] 12.1490 0.1660 0.5690 0.2990
SRNL29J 15. 6720 0.5700 0.4070 0.5820
GridNetl21] 16. 6730 0.2810 0.3690 0.4560
DRN(8] 17.5860 0.6090 0.3920 0.6080
WDRNL23] 17. 4540 0. 6640 0.2770 0.6940
MCNL1L 17. 8580 0.6490 0.3800 0.6350
SILTHZ] 17.0000 0. 6060 0.4490 0.5785
DFENIRLE] 20. 6830 0.6630 0.3050 0.6790
OIDDRNet!13] 17.9970 0.6830 0.2780 0.7030
MBNeth14] 18.4740 0.6640 0.2740 0.6950
Our Method 22.2280 0.7450 0.3210 0.7120

OIDDRNet ™

u

MBnet Ours

6 AR IS5 SR L (4 e D

Fig. 6 Comparison of relighting results(metal floor)
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Fig. 7 Comparison of ablation experimental results

2 TSI R LA R

Table 2 Comparative results of ablation experiments

Module (a) (b) (o) (d)
Context-gated residuals X N/ N NG
Lighting gradient loss X X N N
Multi-scale attention X X X <
PSNR(1) 17.50 20.10 21.70 22.20
SSIM(A) 0.53 0.69 0.73 0.75
LPIPSCy) 0.44 0.37 0.32 0.32
MPS(4) 0.55 0. 66 0.70 0.71

o T SE AR M WL R AR B T AR R AR AL T8 RO

TR AT LA

P8 il S 6 P (R AT

Fig. 8 Details of ablation experimental images
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