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Abstract

Blur in real-world images is often caused by various factors such as camera shake. Due to the un-
known blur kernel, image deblurring becomes an inverse problem in image processing. Although
current deblurring methods have achieved promising results, they still suffer from insufficient tex-
ture detail recovery and artifacts when dealing with complex real-world blur. To address this issue,
this paper proposes a novel transformer-based generative adversarial network. The network inte-
grates a local-global dual Transformer module. We conducted experiments on different benchmark
datasets, such as GoPro and HIDE. Both subjective and objective results demonstrate that the pro-
posed method achieves favorable outcomes in restoring image edge information and realistic tex-
ture features.
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Figure 1. Generator flowchart
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Figure 2. Local-global dual extraction transformer block
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Figure 3. Discriminator network flowchart
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Table 1. The comparison of results (PSNR/SSIM) for image denoising in mixed blur scenarios such as GoPro and Hide

%% 1. 7£ GoPro #1 Hide ZER & 1R R T ERLE R ITEL(PSNR/SSIM)

PAEE S PPAG 772 Baseline [12] our Deblur Gan [13]
Hide PSNR 26.6427 26.6223 24.8124
Hide SSIM 0.8620 0.8589 0.7671
GoPro PSNR 27.1458 27.3764 26.0112
GoPro SSIM 0.8837 0.8881 0.7886
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Table 2. Comparison of objective results (PSNR/SSIM) for real-world image deblurring on the RealBlur dataset
% 2. 7£ RealBlur H#E5E L E LI RARMEFRAIZ VLS R(PSNR/SSIM)FFEE

EAE7E S PEAG F 1% Baseline [12] our Deblur Gan [13]
RealBlur J PSNR 25.5950 25.6807 26.3399
RealBlur J SSIM 0.7982 0.8049 0.7971
real inage R PSNR 29.9760 31.1520 32.3532
real inage R SSIM 0.9256 0.9133 0.9006
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A, HTUEEEMELL PSNR U EIRZ B R ER, HE5 AR RGHE T 250, 15 g, a8
e P PG5 2 T BT DX 3, SR, PSNR PPAG 285 SRS YNl idek 7 o BT 452 2K o 2507 3 0L HH — e U A4
Tt B 24 45 25 B8 B0 Wit 4 R 78 20 3E RO BT 51 NI Transformer AR . J5 48 T/ ol Bl S8 iz B (0451, 30E—
WARALAT R R IR s, 5] NS Transformer 4FAiE 2% (8] B VT 45 25 I (An 2 T3 5 ) RFAE BT R AR
VLFECHR ), BRah G AN 2k DA+ S IR SO (A e L5, AT B 78 23 b & 4% Transformer 784 =) 8
AT RIS . BRI S, A (T B AR S T 2B R R R, SRR R T I I
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P BG A BEFE Sk A SO R X — DU I S 28 T A O B 48 T 51N RS2 ST LA,
LA B TR A0 BUR ORI AL B RE /o A, MRECTIRLREAY, AR SCHITERETH SC B br
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Figure 4. Comparison of subjective results of different models on the RealBlur-J dataset
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RO, HEEMRCRGIRT. DURRO AR AT BAR 4, BRI Gopro HdlafE AT I 2%,
HXT Gopro Bt BRI £ Br A Se R H, LR, AR RO HU 48 BN BT 2IHL DL A AE BT A 45 3]
T 4kK. {HAE Hide #E4E £, A Encode3 HLHRJq Rl G Fr A A 5 45 RAB B e i o X UL HIBT XA & B e
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Table 3. Evaluation of the impact of the new module’s position on motion blur removal performance on the HIDE and GOPRO

datasets

5= 3. WEFEIRAL B FHERISRBYIEIE, 7E HIDE #1 GOPRO #iE&E Lz shiiE ML RR

A/ S R EWRS Baseline [12] Encode4 Encode3
Hide PSNR 26.6427 26.6223 26.7428
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Hide SSIM 0.8620 0.8589 0.8668
GoPro PSNR 27.1458 27.3764 27.4811
GoPro SSIM 0.8837 0.8881 0.8905

R AL 7B REUE RealBlur $dide L ibAT FOSC S IE S SUBOMI L BR 02 LR AR . 45 R EoR, JRZREE
RUOIMAHTEER S, F& PSNR I SSIM ¥ 5REAK-PAHUT . BARML, fEGADERHIEE 4 2 CBimils U MIEE
3 JR(PRTESOREE) 2 AR & Hrssny, SSIM #3435 71,  HER 3 JRIRTHER K T2 4 J=; {H PSNR
A N, HEE 3 EHTRERETE AR . X—IREY], B A m R E LY R o KR i 4514
FREME, AR TR UG SE BT IR, T A R R AR 5 28 2 2 P ) R M A7 A 22
F, BRI AT REAE S X G A TUME R i 2, 330 PSNR B RMBRA;  IXRII AT DUR AT B & R &
FMg SR TG R E ARG . £ RealBlur J $#ifE I, £ Encode3 J&fil & Hri B K15 5L F PSRN AH
BT HLARTT 7 0.0875dB, X R WIIZRAEIZ ARG 10 B BMEST H, X B 37 SRR 10 25 40 W 1)
TEH

Table 4. Evaluation of the impact of the new module’s position on motion blur removal performance RealBlur datasets for
real-scene deblurring

4. WIEFMRRAIE AR B RAVINIE, 7E RealBlur K EMASTIARRMERYR

EAE7E PPl 7 Baseline [12] Encode4 Encode3
RealBlurJ PSNR 25.5950 25.6807 25.6463
RealBlur J SSIM 0.7982 0.8049 0.8074

real inage R PSNR 29.9760 31.1520 29.8116
real inage R SSIM 0.9256 0.9133 0.9201
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BREERAE R AL S5 T B R . ARR TARR SRR TR Al 5 72 R 2] b itk — 2D BN .
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