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Abstract

Aiming at the multi-task image restoration of multiple hybrid distortion combinations in real
scenes, considering the differences and similarities between image restoration tasks affected by
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different degradation mechanisms, an attention-guided hybrid-distorted image restoration net-
work is proposed, which contains a task-driven operation layer module to solve the hybrid distor-
tion multi-task image restoration problem by using the different performance of attention me-
chanism on different degradation mechanisms. The experimental results showed that, compared
with the single-task restoration models, the proposed method has a better restoration effect on
hybrid-distorted images in real scenes.

Keywords

Hybrid-Distorted Images, Image Restoration, Attention Mechanism

Copyright © 2022 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 8I8

BRI, I IE A Pl 5o 52 S S R o A 58 77 Vst o 15 ) 11 SR MR AT BB SR AR pleix
AT R, TR 90N GUARSR G T B A A B L U S8, B i 2 G5 1 [1] [2) R 2 [3] [4].
SEAESR, A5 A 4 20 PO 6 PR e 25 ST R 7 125 CL 8 Wi B L LA BT AR B A G R S 0, i s
TR R R FAT S VRS AKCE, An2m[5] [6] [7]. Z:AORA[8] [91F1 2 Mi[10] [11].

EHR R HLBI (R ) IR SR, s iR S . RAEAS AR, JPEG % . WA EH
s, EURE KB WA BB, — R TR AT, A F G b S A 2 B
R AR A R LR N LS R S S, O 2 S I S .k S O T S R
—FEL, SR TR TSI EURR, TR R IR RS RAFIORCR . fEACTH, AT
KRG — RN 5, AF L SE R IR S L AL A T MR AT S . S P R AL LR AT AR
THRAE%, H ARSI TARRA, T H N UE AR R 5 T4 Zhang [12]%5 A0@
S R 19 24 S B PG 4 R B2 BEM 12000 2% LVER 53 0 SR ORI U AN S 9/ 4 52 0 ) S B0 2
BORIAEE 5y, HrP OB AN T 1 VB 1 SR 2 BB A 0 B E . Yu 25 A[1314RH 7 —AMiERE, 3
H AN 2% CNIN SO S [ 0 BB AEAT VI 25, 33050k R P Ak 2 =T FO L 1 58 S8 4 2 -4 A
g, BRI AR U R B0, B —E . — AR AR . SIUE e % i
— (T4 1 EUR A G AR L, 07 R MR T AS A 55— A I LR e R, B IFATAEFE T 24N NN,
AN T

BT FSR I, ACSCHR T — N TR AU s B 0 5 R 4G % R U . 4
EIATEIE IR TS AW EREE S, DS RE HEMAL (R A AR A R A B AL
A PEIE SR AT UGS R . BHIE SRR R BN T 2B R 2 e, AR 0 3 R A
HHEBTR TN T A KRS, BRSEE, BUF R ERRHE . RS L8 S 2
I BB IR 5 2 R 045 8, T AR T 036 A1 45 I RCR RS A0 T2 A . SRR, IS
i, FEIRTFFBIRISICERE . FATRIT T — M EEME IFATHAT 2 A ERAE (W R F S AU B AL 1 2,
HRNZERA T —ANEE AU, XS P AR, B R AT U A2 X e 1 1 )
Wesk, BRI E YRR R G, TR R Ry SO AT S B ISR . FROTIE I LA ST R4
A R

DOI: 10.12677/csa.2022.124079 776 H LR 15


https://doi.org/10.12677/csa.2022.124079
http://creativecommons.org/licenses/by/4.0/

Yg
=
4k
48

ARSI BT R AL S LU PS5 T -

1) BTS2 AFELRRHLH R 1 R R FAT 55 Z [ R Z R PR, SIN T Bk L 51 3 0
RSB RAE R, LS MRAEE SRS TE R L 4, AT 0 A FEB A B B AN R 2 ok
IR G R FOX R AL FR R R

2) N T IRERHEIRIRE S, HEOREAZET, AN SR, RS S BRI E, AR U
PRSI T 2 REEBRHAM S ERIR IR

2. Fk

ARSI R A R A G BRI R R S5 1 s, =04 — ML
B, — AR TR LS AR5 B A E R R, DL M=

@ N ([ )

%z =

R 1 1# 1# # w

I fEf] fF #

2 N ] baR 1+ o ?I 1 S

AL e i i

" % 2|2 L L
BEAESR AU 5 IENRAE R

Figure 1. The network framework
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Figure 2. Attention-based task-driven operation block
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Figure 3. An example of the operation layer
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Figure 4. Examples of denoised images by Self2self and our method
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Table 1. The experimental results
= 1. KWEER(PSNR)

PSNR c=25 oc=50 c=175 o =100
Self2self 25.4401 24.2756 23.6113 22.9727
ours 28.9811 26.4986 25.7174 25.3504

Table 2. The experimental results
Fz 2. LWELR(SSIM)

SSIM c=25 =50 c=75 o =100
Self2self 0.6713 0.6176 0.5591 0.4957
ours 0.7455 0.6787 0.6197 0.5766
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Figure 5. Examples of restored images by RL-Restore, Owan and our method
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Figure 6. Examples of restored images by RL-Restore, Owan and our method
6. PERUEGRERLIEER

RL-Restore

i RL
| gt

ovn L 3 - 4.
r.‘ ” y

Ours . w
& i
4

Ground Truth $
b

Figure 7. Examples of restored images by RL-Restore, Owan and our method
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Table 3. Results on DIV2K
2 3. LIMEERITEL(PSNR)

PSNR mild moderate severe
DnCNN 27.5144 26.5011 25.2689
RL-Restore 28.0467 26.4562 25.2027
Owan 28.0413 26.8936 25.6764
ours 28.4364 27.3751 25.8513
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Table 4. Results on DIV2K
5 4. SLESEERXTEE(SSIM)

SSIM mild moderate severe
DnCNN 0.7315 0.6650 0.5974
RL-Restore 0.7313 0.6557 0.5915
Owan 0.7455 0.6787 0.6167
ours 0.7702 0.7079 0.6393
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