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Abstract: Objective Motion deblurring is an important yet complex task in image restoration. In many practical sce-
narios, images can exhibit complex motion blur because of camera shake, rapidly moving objects, or changes in shooting
conditions. This type of blur often has nonuniform characteristics, resulting in a substantial loss of high-frequency details

in the images. High-frequency details are crucial for image clarity, recognition, and visual experience, making their resto-
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ration a research hotspot in image processing. However, existing deblurring methods typically perform poorly when con-
fronted with these complexities, and the restored images often suffer from noticeable blurriness and detail loss. This phe-
nomenon not only affects image quality but also limits performance in high-precision application scenarios, such as video
surveillance, autonomous driving, and medical imaging. Therefore, designing a novel, effective motion image deblurring
method that can address complex nonuniform blur situations has become an urgent issue that needs resolution. Method A
motion image deblurring method that is based on a Transformer architecture and multiscale feature fusion is proposed in this
study to resolve the challenges of motion deblurring. This method utilizes an encoder-decoder network structure, which is
widely used in deep learning because of its excellent feature extraction and restoration capabilities in image tasks. In the
encoder part, a module that combines convolutional neural networks (CNNs) and a dual-attention mechanism is designed.
The advantage of CNNs is their ability to effectively extract local features from images. The dual-attention mechanism
guides the model’s focus to important areas in the image. This combination not only enhances the depth and breadth of fea-
ture extraction but also substantially improves the model’ s ability to capture key details, thereby providing a solid founda-
tion for subsequent deblurring tasks. In the feature fusion section, a multiscale feature fusion module is employed to
enhance feature expressiveness through a gated deep convolutional feedforward network and a feature enhancement mod-
ule. The multiscale feature fusion strategy allows the network to integrate feature information from different scales, ensur-
ing that details are preserved during the restoration process and effectively addressing varying degrees of blur across differ-
ent regions of the image. The feature enhancement module exiracts high-frequency information to enhance the clarity and
realism of the final image, ensuring that critical details are not lost during reconstruction. In the decoder part, a modified
Transformer module is introduced. Fourier transform is integrated into the feature extraction process within the feedforward
network layer to enhance frequency-domain information. Fourier transform aids in processing images in the frequency
domain, providing rich frequency information and effectively improving the model’ s ability to recover subtle features in
blurred images. This innovative improvement offers a new approach to feature processing, allowing for a high level of resto-
ration performance in actual deblurring tasks. Result To evaluate the effectiveness of the proposed method, extensive com-
parative experiments are conducted on GoPro and Human-Centric Indoor Deblurring (HIDE) datasets, and in-depth com-
parisons with existing mainstream methods are performed. Experimental results indicate that the proposed method achieves
considerable advantages across multiple metrics. In the GoPro dataset, the peak signal-to-noise ratio (PSNR) reaches
32.70 dB, and the structural similarity index measure (SSIM) is 0. 954, indicating that the quality of the restored images
is very high, and details are largely recovered. In the HIDE dataset, PSNR reaches 30. 53 dB, with an SSIM of 0. 922, fur-
ther validating the effectiveness and adaptability of the proposed method. Ablation experiments are performed to provide in-
depth analysis of each module’ s contributions, verifying the positive effect of the proposed innovative points on motion
image deblurring. These experiments clearly demonstrate the unique roles of each module and provide quantitative evi-
dence that confirms the effectiveness of multiscale feature fusion and the Transformer module. Conclusion The motion
deblurring method that is based on the Transformer architecture and multiscale feature fusion substantially outperforms
existing mainstream methods in experiments conducted on GoPro and HIDE datasets. This research provides a novel solu-
tion to the critical issue of motion image deblurring and showcases the potential applicability of the proposed method in prac-
tical scenarios, particularly in image processing, video surveillance, and autonomous driving. Future research efforts
could focus on extending the principles underlying this method to other image restoration tasks, such as denoising and
super-resolution, further enhancing the model’ s versatility and robustness. Moreover, exploring the incorporation of
domain-specific knowledge and prior information related to the nature of blur into the deblurring process could guide the
model toward achieving highly favorable outcomes in real-world applications. Continual optimization and refinement of this
innovative approach are expected to create opportunities in the field of image restoration. By doing so, this method has the
potential to substantially contribute to the advancement of related technologies and applications, including but not limited
to improving image quality in photography and enhancing the performance of image processing systems used in various
industries. In summary, the proposed motion deblurring method represents a remarkable advancement in the ongoing effort
to overcome the challenges posed by motion blur in images. With the advent of deep learning techniques and modern image

processing methodologies, these advancements can be leveraged to develop solutions that directly address the limitations of
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existing approaches. Whether utilized to enhance the quality of consumer photography, improve security camera footage,

or refine images captured in autonomous driving systems, successful motion deblurring techniques have far-reaching impli-

cations. The link is https://doi.org/10.57760/sciencedb.j00240.00170 and https://github.com/zh7546/project.git.
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x, = %' X O'(Com)lx,(DWConvsxs(x’))) (22)

K, o %R sigmoid PR%K.
B BEHGE I 1 x 1A BRI S AR 1] 1) T
B A S AR R R . i 3 LA RT A 2 1 4
T ¥~ Scale , 5 40 A0 R x, 77 S5 24 i H v 09 52 i
J1o Scale WIUR N, EIRE — TT HABERL 58 24K M
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oL

— [old
fScale _fScale -n 9 old
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K, LJE L1k 8, B S S48, I E B
PR T AR B PO 42 , S T R S,

M Scale ZH b — U TR HT A
Scale & — 1] 22 2] (bR &, 728 B R,
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(23)
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T VA A SCHE M 13 Bl IR ZSA0R 5 s i 1
it , 3258 7F GoPro (Nah %% , 2017) A1 HIDE (human-
centric indoor deblurring) (Shen %% ,2019) P TF 451
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GoPro ZUHE AL T K& i1 GoPro AHHLIAHE 1Y
AT 51, e e BRSO 1 502 th T ALY 32 s ATy
TR PR Bl i = AR Y . B R T T 2 AR
(432 SR , AR L MEBOR e 5 BT 55 , O HLBOR)
PR AAHIE] , S PPAl 5 A S bR 5 b i P 2

T E WA

HIDE H(ils 4 & AU T 2 A E N T iz
SRS O, & T IIVAE BT 2R E N
K5, frixsedgssoh, i T A2 Wik
TEPHEEAR | MR AR 17 0 SN 52 4% , X B A50R 7
BB T R EOR

SR GoPro B4R , VIZRAE AL 75 2 103 XA —
T T LG IR AR AL 1 11 SR . 7E GoPro X
Ptk F IG5 2 Y REL T T 50 HAE HIDE 48 4
P& Bz ARRE Ty, DA AL 55 2 025 RO 1115
A M P15

SEHG 8 PyTorch AE 2R 14 TS RY (R 5 2 A1 25,
FEREPFER ST 1T, SE 45 7F HL.5K NVIDIA GeForce RTX
V100 b #E T2, DuAbds R AdamW , 9] 4727
BB 1 x 107 T A% 5% 3R KSR W ] B 27 ) 32|
25300 %6, Y Rk B bR L1 92K R 1 R A AL
EE7
2.2 FMNIERR

R T HERR VAR 2O 7 R RO VERE , R (B A
W% Lt (peak signal-to-noise ratio, PSNR) F1 45 ¥4 A7 {114
(structural similarity index , SSIM)AE A F 2V 55

PSNR H i it 25 R P 5 L9235 M TR 1R 2
] AR R R 22 5 (L , DB M) IR 15 LS00
T PRI 2 TR 1 2 S bl ) | SRR BT
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RRORY] PR 5 S 17 T T ) 45 ) AR AL, 25 SR 25
RLF
2.3 XfLEsEL

N T PAS A SO AR 2RO SCR ERPERE TR
GoPro Bt4li 4 F HIDE B4la 48 115 8 P ARYHEA T 1 %
It , £33 DeepDeblur (Zhang % ,2017) | DeblurGAN-
v2 (Kupyn %5 ,2019) . DMPHN (deep multi-patch hier-
archical network ) (Zhang %5 ,2019) .DBGAN (learning-
to-DeBlur GAN) (Zhang & 2020) .MIMOUNet (multi-
input multi-output U-Net) (Cho%£,2021) .CODE(Zhao
% ,2023) . MRDNet (Zhang %5 , 2024a) il DSANet
(Jang 55 ,2025) o 45 J7 A GoPro %4 42 1) 5 & Lt
ORI 1. R 1A AR A7 15 7E PSNR AL
SSIM i b b ¥ BUAT T B AL 45 2R, PSNR K £ T
32.70 dB, 5K ALTT ML, PSNR 4275 1 0. 76 dB.
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AR B, I\ GoPro B4R A vh Pk I 1 3 MRASTH 14115, 7 DeepDeblur 29.23 0.916
% 5 DeblurGAN-v2, DMPHN, MIMOUNet, CODE . DeblurGAN-v2 29.55 0.934
MRDNet DL A DSANet 77 8 (1) 2= 080 25 S 945 T 00 DMPHN 31.20 0.940
WXL o RS RN 25 5 18] 6 s T X sk DBGAN 3110 0.942
TR 245 SR iy il e 4y X 3 MIMOUNet 31.58 0.950
MNIEL 6 (0 25 Rk o TR ath g N CODE 31.94 0.954
SR RSO EAF RN KB EGIL A g JF - MRDRe 3179 0.951
HIRARIEASEE i MIMOUNet Shi Hofty S ff )y DSANet 31.65 0.949
A T (0 DB, MIMOUN et B R 3 iyl R 32.70 0.954

VM AR R IR S M R A R KR 2, b O RS R A
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-
TR A a CODE MRDNet DSANet

TE IS DeblurGAN-v2

MIMOUNet

CODE MRDNet DSANet
l l !I | l
! A ! E o a ! A
{ﬁ HIbE % DeblurGAN-v2 DMPHN MIMOUNet
TR ¢ CODE MRDNet DSANet

Ko ARFETE GoPro Bdif bR TELS FxT 1A

Fig. 6 Visual comparison of different algorithms on the GoPro dataset
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Table 2 Testing results of the HIDE dataset

i PSNR/dB SSIM
DeepDeblur 25.73 0.874
DeblurGAN-v2 26.61 0.875
DMPHN 29.10 0.918
DBGAN 28.94 0.915
MIMOUNet 29.22 0.917
CODE 29.67 0.927
MRDNet 29.36 0.921
DSANet 26.15 0.897
AL 30.53 0.922
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FI DSANet J5 i B9 BRI SR IEAT T XF L. S T4l
Xof Ho 2 SR SRy WL, X 2 BRORY PR 1) 40 5 o3 AT
TORAL IR, 7t HE I T ) 40 T AR 7 s

MEL T B XS H 45 R E % TR 1] a rh Y 1
M, AR SCT R RS T MR S0, I HAR HL R R
ST . T HC A © 5 i R A A5 RIS E T IR
IS 285 4 1 AR S0 %, 75 3 9 S0 B ARASOR O HL 55 52
PRIERALF o X THEAE b v By BB 6 T, A 07
12 W BEAE 15 M b K 2 4k TR, LA i . 1

X7 1, HoAth 6 Fl iy 3 45 20 A AR 1% 5 B F
T BB B K 25 I 78, S5 I R 3k IR —
WA TERDRI A ¢ Hh g AR SR [ 81, AR SO ik
AR T T (H5 5 5 6 Mo ik At L, Tk & 1Y)
NI 41 o i B A . DeblurGAN-v2, CODE F1
DSANet A B8 20 2 B AR X I i) iz sh sk . R
T3 A 3R — e BRI B T T AR (B 3L
TR E B ELR, SIEWERZ B2 R

SR VA T3 D 7 BB RL R FE GoPro U 4R
LHET T ZAVEN FR AR L, S5 SR UL 3. SEER
T2 UG AW 5 1% W5 15 14 L (PSNR) (27
24 (Params ) 7% #4138 52 L (floating point opera-
tions, FLOPs) M fE B BE (iz A7 ] ) o 36 3 Zdin
R, R4 DeblurGAN-v2 7R 12 173 B |- R M A i, (2
HoAb g bR i 2% Ja T A 5 1%, BRI R AE
CODE 7E i858 J FF b R M A, (His f7 it A 4b F
R AKF . ML Z N AR ST LA Params Fil PSNR
B AR, 7E FLOPs FIE 47 I 8] F ik Tk
LG .

2.4 HEERIE

ST IRAG UEAS S v v Bt A L e 3
B | 22 RUBEFREAE il A5 H Rl L Y 5 AR I T 5t
D 28 ) A7 00 AR SCHEAT TIH Al SRS . SR4ABIR T
ANTEIC BT R BEXT H

D5k 1., 4% CSAM J5 , #5570 Y PSNR T B¢ 3|
32.41 dB,SSIM TFR#%]0. 951 6,

2) 7152, FKA% CSAM H (1) SE, A7 ) PSNR T
[4%1) 32. 40 dB, SSIM T 4] 0. 951 7,

3) 77753, JH SE B4 CSAM, KU f) PSNR F &
#]32.37 dB, SSIM FREF] 0. 951 4, 33X 3R B WU
B RR A A S 3 R AR R X T AR 9 DG TR R
77, 42 B R E SR U AR NI $E T+ BRI e . 7F
CSAM ferh | 1 56 SE B o 42 5 {5 5L H 38 1
B, i 8 3 JRy 3 2 (Al 8 B 28 [ A .
(25 A A5 I 2 B R\ 42 J) GELEE ) J2 DR B R AR 1)
M, SRR AR (4 [R) ) J2 T 2 6 S0 i X SR A T
SRAL o XA ) AR R I 4% AE I ke B
T BERS 1 15 I b IR R G T R A A, AR S (] 2R
FE T A Xk, L A 8 G 0 3 e LA P A
FRAE

4)J51k 4. FEBRMSFM J , PSNR F#fIKE] 32. 41 dB,
SSIM FFEH] 0. 951 6, SLEE5 LRI, MSFM X 1517

1013



1014

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 4,Apr. 2026

A ¢

7

£33 GoProfBEEMNEMSEITEE

Table 3 Comparison of other parameters on

the GoPro dataset
i Params/M  FLOPs/G iz fFIt[a]/s
DeepDeblur 11.70 336.00 4.330
DeblurGAN-v2 60.90 42.00 0.041
DMPHN 21.70 235.00 0.315
DBGAN 11.60 759.85 1.298
MIMOUNet 6.80 62.87 0.230
CODE 12.18 22.52 1.775
MRDNet 7.10 72.66 0.677
DSANet 32.20 37.59 0.254
AL 6.1 45.86 0.043

TE L AR B9 e L

IELEIE

ELEIE

ELEIE

CODE

DeblurGAN-v2

MRDNet

DeblurGAN-v2

MRDNet

¥

DeblurGAN-v2

MRDNet
AR ETE HIDE s 56 B se 45 R0 o1&

Fig. 7  Visual comparison of different algorithms on the HIDE dataset
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x4 HELZIS
Table 4 Ablation experiments
JiE: CSAM SE (Cjif;g) MSFM FM-FFN PZI\];R SSIM
| - - - N Vo 3241 09516
2 - - A N V3240 09517
3 - N - N V3237 09514
4 v o - - - V3241 09516
5 v - - N - 3221 094938
Axx N - - N Vo 3270 09541
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Fig. 8 Visual comparison of ablation study results of different methods
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