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Abstract

Image deblurring represents a challenging ill-posed inverse problem, typically caused by multi-facto-
rial origins such as camera shake and object motion with unknown blur kernels. While current deep
learning approaches achieve considerable performance, they often exhibit limitations in reconstruct-
ing fine details and tend to produce over-smoothed outputs when handling real-world, complex blur
patterns. To mitigate these issues, this paper introduces a novel generative adversarial network
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incorporating a multi-attention mechanism. The proposed framework employs a multi-scale pyramid
architecture that integrates an adaptive feature excitation strategy with an enhanced channel atten-
tion methodology, alongside a newly designed multi-scale spatial feature enhancement module to
augment the model’s representational capacity.
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Figure 2. Generator flowchart
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Figure 3. Multi-scale spatial feature enhancement module
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Figure 4. Enhanced channel attention
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Figure 5. Adaptive feature excitation module
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Figure 6. Discriminator network flowchart

6. FI7 R ML ARIZ E

TG, TGN A R o B E NSNS AE,  Fy 273 i S AR 28 0 2 35 A SR JZ R AE

S hallowgeature = Cnnmodel (F

c
input *

norm _layer,num _ ﬁlters)

Fot, Cnn,q RN AR AR 0RO FICHR) 22 R T B2 I B 2 A B 2 () 6 AR AR RIS
I ) 4 R A4S 12
FLUCHI F 3 o RV AL R Middley.,,, FEIUENR BOTRZ )RR GE 2o A 2 N ERUZ .
AR —0JZ DL RO B R A M
Middley,,,,.. = Middle., (E norm _ layer,num _ ﬁlters)

c
nput >

DOI: 10.12677/csa.2026.163094 687 THEAURF 5 R


https://doi.org/10.12677/csa.2026.163094

FHRR

B JE I U AT 4R B 0 AR 22 X 288 SR At D S R K R B 5 2R A AT R A5 14
Pt

lasty,,... =last.,, (Fisput ,ium _ ﬁlters)
Horr, last,, g 2o BAGBUZ A R SRR .
3.3. S RFH LR HOIR SR i 3

RIS G BUR SR T BB AR AR R PRSI . R AR IR R R B E RO AR Rk
PR -

LG = Lwntent + Ladversarial +L perceptual
H L BARNEIR S Logyrsariar CARTTUEIR s L FANBEHIRSR o HEARIR N R
1
Lcontenl = W"Xgenemted - Xlargel 1

Logversariar - =B, [logD (G (z ))]

Lperceptua[ = ZL: 1 “¢l (X generated ) - ¢1 (X target )

FEE AR R R, B IR( L ) T TR L BRER( X poperared )T BFREUR(X 0 ER R L)
MIZESE, ASCRH LGS0t HIFRR EL cHw #1473 —1k.

FUBIRR L gepsarir VI A RS ESAE BT BB G 1 50 32 ( D )RS, Forpr 2z R FS 7345 p_ A RAFE R
bl R, G(z) R ERESERIEIE, D(G(z)) R0 &5 A i B B 7 9 B TR o, Y
XM H A LA MG IZAT IR o TEEIIR R Ly ) WS I T ZR IS A BRI 2% ) 22 SR AL R THARL, 3
gy (X)) Fi N IR X FESS 12 255 SRR AR AE MRS, 40 50 #5453 2% o 0 8 A0 X 0 Ak 4 R U
Fipsk . HACERIEWT AXPR:

Ly=-B,,, [logD(x)]-E,, [log(1-D(G(=)))]
AR P LR S B, [log D (x)] BURAIAIS D KL IR x EWHRHIA I

FEA, Hodt x B WNELSEBUR 0 p,, TRFEIIEE, D(x) R 50 300 B BRI R R 38 84y
-E,.,, [log(1-D(G(2))) | S 8515k I % G (=) IR RHA R, Jorh 2 IR 5 75 p,
FRFEOBINLEI R, G(2) RABI TR - WAL SR, D(G () ForHIHIA 0 A R 0
TR
4. 0§

REN, HERNFEIERNEIEE S BRI & BT, HUOE A SO A 5 = Ad A ) 6 B sz 56
S5RZG W HERSEE, I0UEA SCHR BT H S0
4.1. XFEELSCIG

ASERAEH GOPRO [17 i St AT BRI 2k, HANZRAREE 2103 XPBIBIGHEIN A, Witk a
B L1 XPBO M IR . D 7 ARAE S0 W] EEE 5 DRs B0 BB R A R, AR SO T 5 R 2 R — 30
SKIGHCE, RIRH GoPro MIZRAEMI—FAE v RS, MAEM+ > 22—t T2, JREL IS SRR

2

2

DOI: 10.12677/csa.2026.163094 688 THEAURF 5 R


https://doi.org/10.12677/csa.2026.163094

FRR

P4 HIDE [ 18] 5 SCADRI #0452 (Real Blur) [ 19] b5 FoAth A B 300 (22 RUBE 2240 . B OTHESE) 525
SVFIHAT XS EE

AR 5 HoAh Ze ROIAHE 42 7F GOPRO N 4E A HIDE B4 A& M igbrat bbb 25 1 23, W& 1
AL, EAHFR)SLIRELE T, BB ALAE GOPRO MHASE I PSNR 45 R L EEA A AL 0.6861 B, iX—f2
FHEGAIE 1A b 22 ROBE S5 M IR 80 BB 2R AT 0 AN [] ROBE AR A% ¥ 1 S 8 )« PSNR 45 2 LU A 4 )
JIERGEF T 1.1299dB, [FR) SSIM WA . T GiER AN E A EHUR R, ARt E i E B
FIXIRE] A o 2 o IR VR AT R AR ARG (WL S U E A RIS B R A, W S 8E
JE R TEAR 2268 2 (PSNR) FH 25 14 ) L (SSIM)_F S AFFEARAU SN o 1 3 BA i B i 5 388 sl vE i 0
BA BT RESR B, 1S LA AUR S MRIE . 52 AR, B S T A 9 i L,
SCHL T SEON A B AR SR B . iZ AL B % 0 U R A B T 0 S A A R N, SRS 2 B
(R o I A A AR A A S R v B G R N 2, DRI FE BRI SR R AR 3 T AT SR ARIE .
7t HIDE #4545 b, BB ) PSNR AR TVE R 1AL KRR 3.1864 dB HISE A, (i T H & N AFIEFL
JIREERAE 2 B 3 553 58 B BRI [ AR A0 o 1B R BEARAE S NI, & AR v I A T U
B0 BT A5E Zh A0 T B A G B KRR AE IR S, 3 {5 HLAE HIDE 3X 26 DA B 9238 Zh RO 7 56 1A O SR 4 |,
R NS

1E L5 B I 1) 5 B0 55 Real Image BB 25 BR 10 & WLVEAl (6 2) 1, BiBEAL ) PSNR 5 SSIM 484534
BB T R, XERPHEEA R EE MG N E BRI T, hRescIlAR e i G L
BRI . 75 73054 Real Image R I, A CHIRIf) PSNR {0 30.7217 dB, #IELBIRISET T 0.5337
dB; HARXFERA, 0T IZBIREBADCE BAVLES), EFMRIEE) . SURBN G R EESS.
B ST 50T BE RN R Bl = AR AR, A s i A R D R G2 B LR e R, A [R] IX 3 AR 2
BUEA—FE o ARSCHIBERL 3 BEF G192 Gopro FRFR& pREHE, TEACFIXFPAE 4. 2748 1) 1 S BOBI
HiZ R A ek, (HIL SSIM JEE T & 0.9088, X 15 HHA SCIE R % 53 A M 15 5 R G 1 45
MK & 2. Real Image J B4 LA FL 52 B I3 50 T MR A B0 VL O RE s, B B Bk it 2 R
22 [A) A I 1 SR AR B 5 AN T RORE ) 2 ) B S, 3B Y e 4% il [ A IG5 . X bR 3
WS A S 2 HIR I (H IS AR IA B e, L R AR B S G R R AR 22 2 /)
JUBE S SR 3 IR, T AR SCORRE Y H g 398 58 (100308 T Y T D ML B AR ) SR DR 2 . RV R PR AIE, 2 220 4w
— XK A A AR )RR L . XA U Gopro A REE EARKIE, KOAA A KL 24
JRPER (H—F B ST EUR b, XA BRFROR T, FETESEEEE 1 XK AR A 4, AT
FLAK T B4R 1) PSNR A1 SSIM .o 1% 15 B A A6 LS By I 37 556 BRI 25 Bk 75 EE AR AL TR 2 P AR SR LV e
73, ABARSCAERTY 50 LU R AR K, IR E B 5 5 Z R 5450, AU A
A —E ST .

Table 1. The comparison of results (PSNR/SSIM) for image denoising in mixed blur scenarios such as GoPro and HIDE
% 1. 7£ GoPro #l HIDE ¥R A& M1A R T AR &5 RXTEL(PSNR/SSIM)

B VAL 772 mul [20] Baseline [21] our Attention [22]  Deblur Gan [4]
HIDE PSNR 16.5124 259518 26.5269 23.3405 24.8124
HIDE SSIM 0.6802 0.8345 0.8597 0.7736 0.7671
GoPro PSNR 16.7909 26.3403 27.0264 24.5758 26.0112
GoPro SSIM 0.7221 0.8640 0.8791 0.7972 0.7886
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Table 2. Comparison of objective results (PSNR/SSIM) for real-world image deblurring on the real image dataset
F< 2. 7E real image HWE LB LI TAEMIE PRI Z MEE R (PSNR/SSIM)XFEE

e PG 7% mul [20] Baseline [21] our Attention [22]  Deblur Gan [4]
real image J PSNR 21.5040 25.5982 25.5913 26.0613 26.3399
real image J SSIM 0.7124 0.8060 0.7967 0.7821 0.7971
real inage R PSNR 247256 30.1880 30.7217 31.8160 32.3532
real inage R SSIM 0.5327 0.8872 0.9088 0.7548 0.9006

(7) DeblurGANAH Y

Figure 7. (1) Blurred image; (2) Sharp image; (3) Multi-scale model; (4) Baseline model; (5) Pro-

posed model; (6) Attention model; (7) DeblurGAN model

B 7.(1) EHE; ) BMER; 3) ZREEE; 4) E&ER; 5) AXRE; (6) I&E
JIEEL; (7) DeblurGAN 58!
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Wk 7 PR, AE GoPro Hdla S EXTEL 12 RUEHESRL . R IHEZL AL Deblur GAN AR ) 25 Bt 45
Ko GEREW], 2 REHERR LB EE L TR O0RE, TR THESEIF AR AE N DX 52 H V7 Rl 24
W, ARSCHERE 2 N5 N AU R TE 2 (SO HA RS T O 7 A R 78 R 3RS S
BRSO B b, ASCHARUR R 1 T SO0 2R i B . A AT SRR KBk b, RSO R 17
Wi EEOL T Deblur GAN B DA_ERSCRTG 28 T2E BN I £ Ox s ST L, SRR 1 RS BORI A 2K
IRy, ST EER PG K ZER AN, S P T A E B RIRERE . Bk, ASCRIAZE R
eIz BB R 55 R R I T R A B S Sk

4.2. jERhSCIS

AHT{E GoPro. HIDE 5 Real Image = /M{# 4 FabAT 55, @ik 7E LAY rhAk IR 5 N 22 ROBE 25 1]
HFAIE H 5 R HR (Multi-scale Spatial Feature Enhancement Module).  H & M AFE U5 £t (Adaptive Feature Ex-
citation Module). 3 5#3# 1+ & JJ(Enhanced Channel Attention) P S 5 G455 pR £k, 30IE T 25 2R XA 7R
PEREBIA 251

Table 3. Validation of whether MSFM and AFEM improve model performance, showing motion blur removal results on the
HIDE and GOPRO datasets
% 3. MSFM #1 AFEM 2 & FAXREIRAIIE, 7 HIDE 1 GOPRO ¥R EiZahRMAFRER

J& MSFM 5 MSFM 5 MSFM

AR S REWARZS Baseline [21] & AFEM F AFEM # AFEM
HIDE PSNR 25.9518 26.5076 26.6839 26.6775
HIDE SSIM 0.8345 0.8587 0.8611 0.8526
GoPro PSNR 26.3403 27.0620 26.7762 27.1772
GoPro SSIM 0.8640 0.8830 0.8748 0.8825

Table 4. Validation of the effectiveness of MSFM and AFEM models on real-world image datasets for real-scene deblurring
7 4. MSFM #1 AFEM @ B FEMRBHRAIIE, 7E Real image HIBE LR ETIHRIEMEBRBIR

J& MSFM 5 MSFM 5 MSFM

AR S R EWARZS Baseline [21] & AFEM F AFEM # AFEM
real image J PSNR 25.5982 25.3976 25.8126 25.3831
real image J SSIM 0.8060 0.7874 0.7932 0.7965
real inage R PSNR 30.1880 29.7164 30.7743 29.5419
real inage R SSIM 0.8872 0.8694 0.8958 0.8465

M 3 LSRRI LB Y, FELRAAY NN MSFM Al AFEM B35, PSNR Al SSIM 214 A [A F2 B (4
TE, UL A SEHOG AR 1 LR SCR A T DU R AR AT Bk #r, 1ok, JERERT TR
I MSFM #8sf5F HIDE s 8 25 OB i U R e, e PSNR A1 SSIM 4351l 9 26.6839 dB A1 0.8611.

X—25 55 MSFM B 2 REERHERLA Be 006, B SRR A A RIRZ B N = EE L,
ARG R R E R

M [E I 5] N MSFM 5 AFEM #E , #EALE GoPro MRS _E i £ 1) PSNR $271 % 27.1772 dB;
{i&E A AFEM FEER I 7E GOPRO MR AR ERIZOUAERR SSIM #2728 1 0.8830. HHILT )., MSFM ikt
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H AFEM BLHUO R ALZ Z ORI 2 B 1 & G A5 G IR R B
7 4 X T AFEM 5 MSFM #EAE Real Tmage %4 4 _FE4T 908 SO PR M FE bR 45

7R, 1F Real image J 44 b, AFEM BEHoR1 MSFEM R i N AL PSNR Al SSIM ik 5] 1 3L £%
AT K, IF HA MSFM J& AFEM &L T PSRN AHE T H:4k 427+ 1 0.2144 dB, XK ] MSFM BLHRAE
ZHEAE 1 L BORIAT 55, %t 2 RBERRE (S B5 B 58 B 1 /F FH - 7E Real image R 454+, AFEM
BHAN MSFM AR IN A AL A B 7R 2 MO 1 % AR AR A B T RUF/KSF, [RIERE, AUAAZE MSFM BT OL T
BRI £ BCR A THE K, PSNR A1 SSIM 73 73li5 3 1 30.7743 dB A1 0.8958. Hith A%, MSFM #&
BRI AFEM BEEAE Real Image $U4E 45 [ A HUAS S0 UF (1 2 O RICR

Table 5. Maintaining the presence of ECA and MSFM, validating the effectiveness of the AFEM module. Motion blur removal
on the HIDE and GoPro datasets
= 5. {R¥F ECA F1 MSFM 27, IE AFEM fRIRBEFME. % HIDE M GoPro & Lz shiE# AR

EAETE VAL 772 Baseline [21] our J& AFEM
HIDE PSNR 25.9518 26.5269 26.2058
HIDE SSIM 0.8345 0.8537 0.8529
GoPro PSNR 26.3403 27.0264 25.7463
GoPro SSIM 0.8640 0.8791 0.8517

7 5 NTE[E 8 MSFM 5 ECA B3t F, 38UF AFEM FEE{E HIDE Ml GoPro ##i 4 iz shigi
FRRBOR B AR XT . RIE1ZESE R . £ GOPRO MRXAEF HIDE b, AFEM BEH ) A\ {#75 PSNR
A1 SSIM 55 AN R BE BT, Uk B i S A 1) R AU B A e P T B K, 7EUREE ECA
FEHLRT MSFM RS LR, A% GOPRO iR 4 Al HIDE H¥5 45 (1) 2 A5 R4 A Gk 2 FE 2R A /K F,
H PSNR H1 SSIM 43514 25.7463 dB #10.8517, AFEM FEHU R A8 H 1 & RO AEShHLA], G 20858 1 4
TUTEIZ SR 2 ik 72 1) S B A 3R A

% 6 ERFF MSFM Fl ECA #LHUFAE, I81F AFEM #EEYE Real Image ¥ 4E I (1 3 SE37) SR 25 B
(A SRR E

Table 6. Maintaining the presence of ECA and MSFM, validating the effectiveness of the AFEM module. Real-world scene
blurring on the real image dataset

5% 6. 1R¥F ECA 1 MSFM 727E, I8iF AFEM 1&E3REXME. £ real image HIEE LRV E LI SAEH]

AEEE S REWIRES Baseline [21] our J AFEM
real image J PSNR 25.5982 25.5913 25.7566
real image J SSIM 0.8060 0.7967 0.8100
real inage R PSNR 30.1880 30.7217 29.9372
real inage R SSIM 0.8872 0.9088 0.9267

fR#E % 6, 7E Real image J H#i4E I, AFEM BiH{§i15 PSNR Al SSIM ik B[R] B2 AHIE 4R, £
AR ECA Hik 5 MSFM #id, HIJE AFEM 15T, B Real image J HHE 51 L0001 2R A
KIEFETE, PSNR A1 SSIM 4354 25.7566 dB #1 0.8100. X —Fl5E W, EiZHcymdiES, AFEM
BT B2 1) BDE ARSI, 53 SRR R SE A UURE, 4ERF T BRI SE AR R, (R AR SRk TiUHA
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FITRF 5 M, ECA 5 MSFM I A FHF T Zig5n FRIGEEW ST IR EE . 7€ Real image
R #dE4 I, ECA Al AFEM AN {615 PSNR il SSIM A AFEERHET:, WA ECA BHAl
AFEM e 80 () L RO B A 4275, 28 b, AFEM Bt TR IZ 50 5 RO L R0 AR a2,

Table 7. Objective metrics for motion blur removal using models trained with different loss functions on the HIDE and GoPro
datasets

7. WEREHR K R HO)IZk AR EY, £ HIDE 1 GoPro #iBE LIS s KX FREI B MIEHR

PG BREWARZS Baseline [21] our Losscontent lossdis
HIDE PSNR 25.9518 26.5269 26.2745 23.8425
HIDE SSIM 0.8345 0.8537 0.8574 0.7693
GoPro PSNR 26.3403 27.0264 27.1482 20.9830
GoPro SSIM 0.8640 0.8791 0.8868 0.7334

R4 7 7E HIDE 5 GoPro #U#E4E b HEAT (45 2% R A7l M S50 25 5L, AT LUE AN [958 2 TR A5 284 4
RESom 2% . MR ARBURH, BAENALE LAY PSNR 5 SSIM B R iMi7e {86 A
TR ANTIANFIBIRIE T, BATE GoPro i % FhREAE] 27.1482 dB (1) PSNR 5 0.8868 (1]
SSIM. X—XfEUiB, WAIRAENZOEFE 2] 7 OCHIE A, il 20 5 th -5 3 i R A AE /2 T
M—8hE, =R A AR KT BUR G RGN E 5, MM IRERAE S SO PERE . AHILZ R, AR
A B T 158 AR B BRI AL BUSERK,  EAE DUE B N E PR RN, Sl A 2R % PSNR,
SSIM EHUERFIEF AR . Bk, BN EIUR S H MRS & R G0 RE, R ATy S
BARLEAY,, T AT B AR I 2R

Table 8. Verification of the real-world image deblurring performance of models trained with different loss functions on the
real image dataset

= 8. IEAREHR KR BOIZAIIREL, 7E real image HIBE LR ETIHRIEM KPR

AEE S PPl 7 % Baseline [21] our losscontent lossdis
real image J PSNR 25.5982 25.5913 25.2957 24.9160
real image J SSIM 0.8060 0.7967 0.7871 0.7508
real inage R PSNR 30.1880 30.7217 30.1144 29.3280
real inage R SSIM 0.8872 0.9088 0.8790 0.8386

% 8 JER TR FIR K R EAE Real Image $dE4E ERHALSCIRA R . PTLLE N, FNEHARRKS
MR R R A BUR R ECIAS T SRR, Xt 2P ENE T WAV B G B e fit 7GR IS 2054,
T 3458 2 U 40 i P PR B LSe35 e T ATt e B AL LA . SRER S5 SRR W], R R SL it
BUR BB S5 b, B a0 Sl i & R R PR H L S0 PUUINRNLE], AR OREEIF R T 7R [ B
PR EAIERE -

5. 55RIE
FEASEIG . FRATHR R B B AL 0 A O I 2% BRI . SRS RPN, IR
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LRREGISEBEIRCR R, TG RS ER . BAVEH 7 2 MR Fn T SEIe 4 R xr L, &
U B (5 1% EL (PSNR) M5 K R A PE SR 20 (SSIM), - 45 RAR BT AR IX Se AR ip RIS BIBF 45 R, it —0 00
UE 1R 2R RO 7000 2% m i B 223 RO LR PR R 55 R B0 R, ARORORG SRR YA H s TN 25
TS KN -

SE K
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