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Parallel Multi Scale Attention Mapping Image Dehazing Algorithm

Yuan Heng, Yan Tinghao
College of Software, Liaoning Technical University, Huludao 125105, Liaoning, China

Abstract Problems such as image color distortion, blurred image details, and image artifacts are prone to occur in the
current dehazing algorithm. In order to solve the above problems, an image dehazing algorithm with parallel multi scale
attention mapping is proposed. The algorithm achieves image defogging through an end-to-end encoder decoder structure.
In the encoder stage, the continuous downsampling layer is used to reduce feature dimension and avoid over-fitting. In the
feature transformation stage, a parallel multi scale attention mapping block with a parallel branch structure is designed, so
that the model can make full use of multi scale features while focusing on important features of the image, and effective
collection of image spatial structure information by connecting selective feature fusion block in parallel. In the decoding
stage, the upsampling layer is used to reconstruct the image, and through skip connections of up and down sampling to
better preserve image edge information. Experimental results show that the algorithm has better dehazing effects on both
synthetic hazy datasets and real hazy images. Compared with traditional dehazing methods, this algorithm better preserves
image details and has better color retention.

Key words image dehazing; convolutional neural network; parallel branch structure; multi scale mapping; attention

mechanism

1 5

TE%5 %5 38 AR KR MR E R EE A

A7 AE VG 1 RO AN AR BTE 5k B0 X FE B2 AR 25 1)

R A 5T 6 T A5 2 X 5 v A o b BT 55 7 AR

S R R R E R R R E AT E R
SR 1R S35 A v o PR R AR R

e 48 25 55 Sk B T IRUR 3G SR R SR B %

% HERMEZS RN BT L L Retinex #

i

AR P X LU S R 3K B K R %R
WM RB A . HTREERE a8 2R
J¥ Retinex ¢ 55 /)8 28 i 1 AR R 5 501 R ITT 2 R
J¥ Retinex B & 39 5 25 K IR, I db5 /)l 2 X 55
R 5 5 08 5 PR A 5 2 55 00 R o R A7 AR B B o
LEEBG . Jr AT B IS N 8 A E
CLAHE 1955 K R 38 5 530 1, 3d o et A 3 07 B 5
B A Sk 51 B I 2 8, AR A N, 3
Sit TR0 PO BE o [ Il [) 285 9 e ke 38 P50 e mlaed

Wim HE: 2023-03-22; fEEHEHER. 2023-05-03; FHAHHE. 2023-06-01; MEHEZHBH: 2023-06-11
HETH.: EEAKRFAIES(61172144) 10 T4 B AR 4 (20170540426) L TEHE T H S E 4 (LIYL049)

BIS1E#& . “isaebellayth@163.com

0401002-1


https://dx.doi.org/10.3788/LOP230921
mailto:E-mail:isaebellayth@163.com
mailto:E-mail:isaebellayth@163.com

DI, 25 B 28 ARG R . kT RS R 5 5
BLPERAE T A A R SR R R R G e A HoAb i e
A5 EAG A b8 38R AR B

B AT 2 AR AR S5 4 AS Wi BF 5, 3 1 4
PR B MG 22 55 B B Wil )iz W . T B A AR
PG 25 55 Bk K 2 ) R A AR A ) ek 2 T
SOGAE FE B A TE 3R AT 0 I % . He SV 4R Y
FE Il TE ST 50 (DCP) 19 B 25 55 580 1k 3 2o 8 56 0
TSR 375 S 0 1, b K R R e A B % I Jm al a
R HICS AR LR ST B PR A5 o G W AR R Y R T
U 55 5 38 1A A5 A BSRR I 22 55 Bk X DCP Bk
DA i, ) R0 i e Oy 2SR A A O R RRAR T
DCPH LR RT B 2 22 % . 5T DCP L fE K25
Yy 5 6e 0 v S AL B R AR R s B
Kas 4 5 RS I, DCP 4 5 45, 1 i K
G0 L B2 ek 5k | B0 2 A ) S

H R, B 25 TR 2 ) A8 AS [R] A58k 1) PR skt % Je /7 22
BT UREE 2 W RMR L5 Bk gk g g b . Cai 55
# 0T L AL T A9 25 55 N 25 45 7 DehazeNet,
T 2o A B I 2% R 2 AR A A T G R T R
SRR L ZE G, RenG W RINIE T 2 N £
FH b 22 ) 2% 22 35 (MSCNN) B v | i i £ KB 35 FH
25 ) 245 T Gf b 2 ) R AE bl R B R I 28 A T T A% A
T F 40 L ) R0 45 Jm B 4 Ak 2 2 AR . LA R
() — R AL 52 i 2 25 55 W) 45 A5 B ( AOD-NET ) il i 37
i ) R AR G A A K AL R B S RSO E S — o —
ASBH, IF A B g W 4% R AT AL B W IME B R S
KA B A S R rpo A R 25 . HGE L 4 B b
25 W 25 A A% i 1 5 RSO W N 5 2w EHE H
By SER M5 A, b BRSSP e R

FE AR IEME B SR E S SR & W 45 1
B2 i TR BT P11 0% i 1) ity 2 55 B0k 27 B MO B 22 06 T
o, G it B SR AR U SRy R B 2 > i DLRE SR 9k )3z N
FHF o #0322 5 kb . Zhao S0 H — Bk 3 T A4 B
XTHT I £ (1) i iff B 25 B4 R 5 25 559 (AEDGAN)
T I R A 2R IR P |1 i A AL A R 4
B4 LR A 4 R R AR B, I o 22 RO ) i)
et — BT £ FE MR . Feng VW Y 3 T U-
Net 1) 5% 22 W 4 (URNET ) ¥ ResNet "# 8 He fix A
2 T 255 P 1 A D i S e 22 i) ) 328 2 A R 2 v T 4%
fie . Bianco %"t H — ol (57 FH VR 5 G Mot 00 245 40 1) 785 4
R K% 2 55 8 8 (HR-Dehazer) , 338 i H & X # 2
PR R, 36 7 9 £ 2 R A A PRI A 0 S AR R S 45 2
) — 2t . LR SE BARNEIE — B LRI A A
TS Y SR &, (EAE RFAE 8 B Bk = 4 R R AR 5 )
TAFEZ MR R 5D SFBEAFZEAMIK . Rl
Rl 22 2555 SR R TR AR I HLI 51O AR 2 T
FERH . Zhang Z 7V HE A 3 T 4 38 O B BB
FE NI TE 2 M 4% (PCFAN) , F A [8] )2 U AAE 22 1]

FE6lEFEAH/2024 &£ 2 A/ B EXBTFZHE

B M 8 I 4 T A A 25 A VR AL, Ak
OB A W AT AR A, ARG LR,
HOEE PR AR B — Bl X 5% K 4% T (DRS-
Dehaze Net) , 455 Resnet {8, 511 T %5 42 5k 22 42 44
I 51 AR T3 HLE] 56 R E (S B B2 IS BB B
Jei 3 o FE AR A E % R . Jia SR T T
B RFE M4 (MADN) , B RRE £ BURUAC R 2B 19 36 55
P o0 T R A 3 e e T A A i Y R A
A 55 BMG A Bk B 45 A 318 19 25 55 I 46 245 k) SR ik S 3 Wl
E3FE

A 5 Bk B U — o AL, [ AE R R 1R
WURTER Y A OR FE AT AE AR B B, 3 4 SRk S 8 R
RIS Z% B e HAR B S KR AE It R LA o 5 XT LA
e TRL R AR SO Y — A T AT 22 IR T R g R
2508 A4 R o i A 2 25 4 S IR 255 i M 4% A
Sy % Al HON AR g BEARE AR 5 A A R 42 N 4%
A% BRI T o %5 BR . SCom s SRR g
B B S i 22 25 O EL AL B OEE R P RS R A2 T
e, A BRI G TN AT A N5 i

2 T2 REFE WS B4% L%

Ak

7E 40 HR-Dehazer 59 55 % FH IR B2 4 % i 45 #4 &
B EF R E A RS T REZEAE LB IUARFE
fIE , Fifi 3R G S s A 8., 30 X6 D B bR AR 2 E A
EME o (BTER T R AL 2 48 W0RR A RS R ad #2 ,
AT A 2 i R RS BR, H EMR A & 5 B i i
K, TR A o G A1 {5 B A R e R, 3K
it A 4 JC T B o TR A 1R R A P R
ALt #0007 A7 22 R 3 0 e R L 25 3R, A
o] 2 AV 4 i 155 B B PR A B R 3R T AR B R R
TEAT B I 32X P AS A B &, DN 22 1T X R B
i 5 235 A4 o LA e o A TR BB 6% 7 e AN R IF 4 B 1) [+]
B OR B AU B RS M an ] 1R .

SRy AR o i R o B SR AR B R, P 4R VR TR IR
JE G i W 5 AR SR Al 9 R R IREE 32
TORFEEXS BMR AT R ORAEERAE , R TUARFRE IR
G O ERE S, R B A R AR 5 i 5 ek R A
SRR 22 R 38 B A X A R A . TR B AR [ 4
TREZHETHIKRESE., M TH— LT REZD
$2 , Wk BRI H2 AR 08 B 4 b Al B TR IR 2 RRAE R B 2
SAF B H ER A o HU, BTk Bk R A Rl B
(SFFB) , ¥ 3% B PR R AR Al 5 BB OIE A7 & T F R A
PRAE AT, b X s RO R R AT e B S R A HRAE
oK BT 4 b 2 B EG 2S () S5 A A5 8., O B 42 I8 1 R AE
15 B 5 LR RRAE Al A, 2 2 i 5 B Bt 1 1Y
EIG A7 Ak .

ST OO B R SRR AR A B R R g 5 A%
5 i 5 2 By B =z 18] s 3t IR A7 2 ROBE T 25 07 B G A B

0401002-2



encoder

FE615F4H/2024 £ 2 B/BAEXBFZHE

decoder

]
"

. convolution layer . downsampling layer .

parallel multi scale attention
mapping block (PMAB)

selective feature fusion
block (SFFB)

‘:’ upsampling layer @ element wise sum

BT JT i 2 4t

Fig.1 Proposed network structure

(PMAB) , %48 B thy 47 22 RO W I 15 7 0 ) Bk 22 B
S5 IR i 3 I AT 22 RUBE T 68 W S R ) 25 B 2
B Be iy A TEAT R AF B 4, ol AR AIE R A8 A 21 S0 00 A
Mo I47 2 RO Ry WG SR IR AT 23 S 45 F 4
BOflG 2 RERREAE S 8 id 51 A BGE B 0 fla L
], (AR R A 58 43 R 22 RUE R AIE 1 [] I BE % 2 a5 56
TERR B A AL o AT 2 RUBE T T8 ) W S B B R
o PG 42 JRy R AR 5 Jay B4 AE A S R AR R A 7 A
B A I #8 BB 8 58 20 A e A PR AL B R R AR

fHE .

—3x3
4

2.1 HITEREEENBREER

PMABZEMMNE 2 iR . B 56, a2k IR
B 2SI B Bl B KA A R A7 W R IR AT
TR A 250 45 Rk 22 B 5 22 RUBE B, AR IBOA [W] RUSTRRAE
WS, IR RN R R T R A o A R E A TR R AL
[, 76 747 22 ROBE MG v g | AR ) il & AL >k B
T I ARG TE PG T8 RRAE 5 25 [ RRAE 3G A 7% AR AT
FHESAE ST EE ™, B AR 3 UG S5 M5 B B9 TR A, 3L
o3RI EAZ 0 e R AE 5 4 Jry RRAE , 355 0 T W 26 42 7Y
T, FE TSR R INEE T .

Hiation dilati Silati
rate is4 rateis3 rateis 2

iiation  dilation dilati
rateis4 rateis3 rateis 2

tm’:' TIrire

ilati Hlat Hlat
rateis 4 rateis3 rate is 2

[ hybrid dilated convolution [] convolution [ ReLU [ attention module @ element wise sum

K2 PMABZH (a) B 15 (b)BIH 25 (c) Bk 3
Fig. 2 Structure of PMAB. (a) Module 1; (b) module 2; (¢) module 3

Sk ik B 22 He R4 T REAE 27 2 B[R] I RE S 1R 5RO £
B RRAEAS B, R B A K /N4 B $2 U il & A TR
ROEFRE G 5 5% 22 BT 82 . AT 5y LS5 MR B 1
7] — 2GR UK [R) 8% 3z BPARAE Rl A S5 AL 8 R — )2,
AL LB i 22 06 MR AR A L SRR AL RE . R Uk
PMAB R H 475 2 458, 38 1 047 3% 2 3 AL A K
INERG W AE B — 25 AR TRV RRAE R T SRR AE
Bl 25 RRE R A B UM B

FHAL T IR B 2 2] B op gy ) 24> /N6 B HE
B, R BUZRR S 0 B 4% = A 40 JB A SR A2 BT R )
R SR A AR R R B o o O A R (R R S K B
TR 25 s A 0 o 3 B ) B R G K, o S iy A5 A
fie 51t &, PMAB# & B H K /N5 1X 1T FiE3 X
3.3X3ME5X5 5X5HM7X7% 34, i T &2 B &M

R BRR R AE W I 228/ I 5X5 0
TXTE N1 ,3X3MEX5 240 ,1X1H3X3
A 3, LA 5 b AR O 2 RE AR AR S, (R A
) &% A5 R 25 4 1 22 R

Ry R I 4% T 6% A A T 22 IRMRRRAE , fE PMAB £
e g AFEBEALS, FE G B R, 3 B B
5 22 RUBE W 5 B sl iR G 25 R A5 R 25 B oy S0 4
BF, BT AR A AR 45 MR K A Sy A R D, S B
RN R A Bt TORE A E M EFEAH LG .
it PMAB S F B B R & TR G 2 5 M
B Y 2 RO ML i AT S 2 5, R = L
il A TR A 25 T A AR gk 25 B 5 22 OB BB il 6 )5 10
AR, DA (6] 4 B2 2 JF A7 22 RUEE W5 i 3 Re F 23 T
A B TR T 22 ROBERRAE B9 O T B2 L $ e i i

0401002-3



F615F4H/2024 £ 2 B/BAEXRBEFZHE

f oA 1
2.1.1 RAEZTREMRIKER

N B4 B BURRAIE 38 R R B R TR
23 A BBk 22 L, 24 2 0 22 A A TR] 25 3 2 A 25§ 4 7R
I, 2 3 2 T J2 U Jr A B M 25 O Y I A 2k
JOE, UR AT 3 T /I8 o Ay fife Bk IO A 2500 7 )T O 41 B 35 L
T IO PRBOR AR 25§l 3 (A8 20 7 AR A B 2 5 AR 0
i B TR vl A PR A5 B 25 0% PRAIE T PR B i 2
P o R A 23 1 25 B AR i 2 AR, BE 8 D R Y fie it o
RIEZ 8, & B2 BEZ IR AN

& =
|using convolution with
. same dilation rate =
-

( using hybrid dilated |
convolution

ro=r, =D ] s (1)
e, R M AR KN s, FOR b R BT
KN kRARBR KN S RRBRIZ B K . BRIk
KK N 1A 52 3 3 K/N G BU L BUIUF 3%
P, 03 a2 (1) AT R A5 208 U SZ BF K/ 11X 11
IR ZEYCR S EH K R 110 3 X 3 R/NE B A 23 1 %R
G390 43,211 IR A 2 I 4 B 4 0 5 (1)
AL SRS SR IR A 2% T 46 B A 18 B 32 BF K/ g 23 X
23 RO DL , 76 M TR I8 3 X 245 45050 o SR R 5 25 T 4
PR % 75 B K2 BF SR TS LRI SR RE ) <

RN

I3 R 1 4 UK 32 B X L
Fig. 3 Receptive field of hybrid dilated convolution contrast

2.1.2 MGEFE N ERAHH

5 Wk B B I ALE BUR R E BIE AT, &2
convolutional block attention module (CBAM)"" 1 &
JIHLH IS & IE I LA ScEE , e Sk R s E R S
25 [A) VR R A S A R B ) Al A PLE AR T
BIIHLE B B TRl A LS AT L e o a4k S 5
[i) 24 B 1) B SRR AR o VR R O B RRAS R B
b AR T B i — S A, T R i E S O
{5 B0 AH SRR B, 44t o BE 700 ) 3 1 DG AR S I RRUBR B
23 )V B O AL B T AR IRER S B R R IX
SN 3E I B B kb T A G R B 5 2
[ A T BRI 21, il 6% fif 0 4% B oG 1 RS
BT DX 358 R 301 2% A VT REAE L RE S TR AP TH PR a5 R A . U
B BEEE a1 A PR .

By AR e 2 e Rt Ak )2 A 3 AR A T A G
B A SR F S 43 A0 2 | B K AR )2 fig 65 i
/N A B SRR 25 1 AN T I (E R I A%, BB 18 T 4f
PR S B e R AL 2T A B R .

M[max{izwlFmpm(i,j)} (2)

K M, RN ¢l 8 S RO AR )2 i R AE s max ROR
WS KAE s Fop (i, ) 2875 (i, ) 30 B F A ACRRAE o
Kt A J2 i R AR 8 0ok — 2 4 RS AR PR BT eR AR
ReLU JZ &b B )5 , th bR A 2K Z KR KN,
Sigmoid I P& AL [ 1 1 R AL
FCA:y{upsampling{Conv{a[Conv(ML.)J}}}, (3)

s Fon 2038 38 1 5 0 i  RRAE 5y 7R Sigmoid #
1% PRE 5 upsampling 7 bR FE#EAE ; Conv 3Rm TR
A4y B R 50 2R ReLU 076 BREL . K iEaH T
SR TR R R (SR CIRE =L (TN R (N B S0, o
7 0 i e )2 5 B KAk 2, 4815 5 A~ H X
WX T R /INRFAE [ PR 45 AE 1 F 4758 1 BF 42, 3% A
Sigmoid i pREL & 1 4 LAY TR , 280 — 2 5 BURAE
J AR AR 28 ] T B D R AR

Foy=Conv{y [MAX(Fc,); AVG(Fey) 1), (4)

0401002-4



FE615F4H/2024 £ 2 B/BAEXBFZHE

channel attention

gd

M4 B E Y

Fig.4 Attention module structure

s Foy 78 25 A FE B 0 4 R AE s MAX KoK e R
WAL AL B, AVG R F AL AL 3] . XUE R T Bl G AL
i) 368 il T R T s T R DL R
B Ll A RRAIE , AR A5 T 5 B e ) e 2 i H AR AR -
FAM:[(FCA®Finpm)®FSA:|@Finpuu (5)

(a)

(b)
0.5
0.4
0.3
0.2
0.1
0

s Faw BRI B R A o T ) B
Hh P P AT AR AR B ] 5 B LSl e R S e A R B
XUE BT EE O RE % 0 A 55 KR h Wy ik i 4 oo i
2409 T T B A 2R T G i R A i AR X,
L DR B RSN AS RL

Weight

BIS B BRI o (a) A7 25 B8 5 (b) T T 0 B e fi H AR A 121

Fig.5 Attention module feature map visualization. (a) Hazy image; (b) attention module output feature map

SR Uk R TR A AR R R B R 3 X3 R
IINE TR B TT 4y B A B R LS AR TR T o B S B
B R o3 i ol 12030 38 B FURNZ (S 6 Bl 140 i 45
TR A J2 B30 T 0 S B R, FF R UG TR TR B
] L EAT AL A A R B AR TR . TR T A R
AEXT T8 HAE R, B pal /D BB S8 i, 7R B I B ER
bR R BE AT A3 125 46 S R LA ALY 2 80 X b
e N U Ol AL 51 IS S i o A R A
BRI 2 57 Y0, R P REAR T R R il
TR B Jn 2 B Al IR T I A TR (1) 2 55 Ak B
2.2 EEMFEMEER

SRy I AASE L A S R o B s ol ) MG B R L iR
TI T BE £ PERRAE @l S AR P (SFFB) |, a5 % £8Pk 45 £iF
Tl A5 A T R 4 1 D RO BRI R AT e PR 5 R A

®1 ARG R SHER
Table 1 Comparison of parameter quantities for different types

of convolutions

Convolution type Parameter quantity

Convolution 113792

Depthwise separable convolution 48402

VB IR i 1 e ik S5 R R0 SR 2 il Rl D/ B
J AR SO A0 ) 5 0%, e B R A il 5 A e 45 4 A
P 6 T

T PR R AIE Bl A B SR T X3 S 45, 23 i) it
3X 35X 5 RN B A AR IBUAS [R] RUBE R AL, 28 ) #%
i Y RRAE 23 90 16 A Re LU JZ Ab B, 1438 i = Kt AL =
XEREAE ZE AT 4, 25 BR TUA 0 AF A9 [5] i) 54 3t £ 7 ]

0401002-5



BING R BORE B o IR 70 50 %A T8 RUBE R Ak [ kA7
i TE [ 2 b B AR A 9 5K AR GX A Softmax T
PR BRI AR A AN TRl B ORAEJZ K R RO
PR A B A A [6) ROBE AR 47 R A
F;. ;= upsampling
{6{COHV3><3{MAX{G|:COHV3><3(Finpm):|}}}}, (6)
F; . ;= upsampling
{§{ConV5X5{MAX{a[ConV5X5(Fmpm)J}}}}, (7)

FMIX:a[COHVSXS(FBXIi@FSXS)}, (8)
K Fun 2n 2 REFRHE AL G )5 f R IE . X RE
Jo R AR BB AT GE B T 4R O 4E SRR AR KGR A

E61EE 4H1/2024 F 2 B/BERBFFHE
Softmax ¥ I #& AR R AE S5, 53 91 5 & 5 3 i
N FHIE#EAT JC R AH SR , fe Jm B i ) 10 2 ROBE R IR T R
AR, i s Rl 0 AR 1

FSFFH:{FW@[Coanxg(Fmpm)} }@

{Fun ®[Convs .5 (Fip)] | (9)
S £ Fg, 32775 35 5 V9 GF T 45 BT 1R . 2 4
PRI R B B3 o i A B A ) ROBE AR AR AR BOR 8 =
Softmax BAL F & B 7 2 R )BT 4% 43 3 97 4R
TERHIE RlE T2 7 A A 8] RN 9 AT RS2 B I o
PEPERRAE 5 AP B2 B 0 S A e BEHL A A X T R
A, BB S R b R B RS2 B ORI D IO AR R L A
RO W B 22 RUBE 25 (] 25 F 15 B

filter is 64 filter is 8
H 1L B
M E
input e
z g E
— B > =
filter is 64 filter is 8

filter is 64

P 6 L T R O 5 B B 45 A

Fig. 6 Selective feature fusion block structure

2.3 MEKEH

ST 1 0 45 YI 2 Bt 2R L2 488 4%, L2 461 2k B2 O iR
22 (MSE) 5% , H F 31 505 i o 55 R 5 20 I 2% B Al
Ab R 25 25 R 22 1) B 25 (87 O AL L2 50 % T
P {5 T R %, HE R T L1402k Sk 5 L2 8 2k X T S
LB o AR Wi SI0ER BE EPR, BE A SR T R R
B . L2 0 LR .

1
EMSFZZZ[f(l)_yI}

b en IR I REAR B () i i T2 25 IR148 5y,
oAb B 255 R . L2 45k bR B S B () Fy,
{14 22 (B 7 FIR AL AR

O (R Y R 68 94 B 1K B B O A L 0 0 2 2] AR
40,0001, 38 o M 00 56 E 458 % 11 2 T 19 10 ok 2 25 )
BE2F o) RBZS 5 ] FRAENEAT R B7 1k N 45 1 S5 DL A BA 3kt
A I 5% 1) TE A ) R B

3 SEERESRE

TR R A R BE | B T 5 25 K R K Hls
A5 KRBT IR, [7] I 15 28 S Y 2% 55 50 1k

2
’

(10)

FIE RE B0 1 R BE 2 2 26 55 S VL E AT Lo 3¢, 3l i 32 0
PRGETEA 5 % L et A6 A PR T %o T B ) 445 A5 780 2 25
RT3 HT .
3.1 HEEESTWEE

A L0 SR ] Python 1 & 4 7% , 3& T TensorFlow
HE B $5 4 ) 2% A5 A0 | 52 86 28 5% 2R ] Intel (R) Core
(TM) i5-7300HQ CPU, GPU % /| NVIDIA Tesla
P100 , A4 &0 16 GB, B R A Adam fiE AL 2% £ 17
Ak, W1tk 2 21 % 2 0.0001 , 38 2 W I 56 0 483 2k 3 2
PR 2 ) R S Ab B EMG BCE h 16, 35Kk pRBICR 1.2
R PR

DIl 25 455 AL 2N JF B0 di 48 RESIDE s 8,
RESIDE #4554 t NYU V2 3% 3 508 42 ok 78 R 4
BT AR B PR A T A AR A R, o = IR AR
(ITS) H 1399 5K ¥ B G 2B 1, AR 4l R RIS A58 72
BERAOEEE B R [0.7,1. 0], KA S 2 500 1 R
[0.6,1. 8], 4F 5K 75 Wi PG % B A 10 5K A 25 %, =
NI 24 240 1 13990 7k & A 55 B4 . RESIDE =
Sh 24 (OTS) i 8970 5k ¥ Wit E11% 4= 1 , 181 4 K =0k
EIEFE 0.8, 1.0, B4 REGEF R [0.04,0. 2], &

0401002-6



5 35 I G 6 1 A K 35 Tk AT 55 %, AN SR 4R 4
T 313950 5k & WA 55 AR . AP B I 3k R H
RESIDE ¥4 4 o & L %5 K EUE 45 SOTS B 505 K
BdE 42 HSTS LA M B AL € B 55k B 92 3 5 % K
K% .
3.2 EUAEEMN

K5 T B B0k A3 e 5 K TG DL K LS 55 R
G AT 4 I 4 R 5 At BBk (AT X L, X e
B4 HE  DCP A" MSCNN # 3"  AOD-NET
B U AEDGAN 8 " URNET # 37 | HR-
Dehazer 8" PCFAN &7 MADN &3k,

F 7 AR B ETE SOTS B 4 h iy £ Z 808 .
T o W K B DCP B3k Ab B S ES (60F% X L B 3 3
W, WS R g B, I 7 (b) R sS4y .

@ o © @ ©

F61EF4H/2024 F2 B/BAERBEFFEHRE

MSCNN 5k X = A %5 BR L% AR, o 25 K
G JR T % oy LA W 7 (e) v B AT R A
B o AOD-NET 534 76 FH 52 35 43 &b B AR e 15, 76 )=
B4 bR M A, a7 (d) PR
AEDGAN & 1L 5 PCFAN Bk RAEE N 21 LR %
S, X R LB AW . URNET 83k 4k
Je G e A G 308 i v, EL O 2 P RS 2 35 3R — i,
K 7()d s 45k K 1% . HR-Dehazer 8 3: 40 3 5 B2 17
PR BN BRI AN i 7(g) R B 2 5k B b A
BB . MADN Bk A B 5 WG AEE D 52, an &l 7(0)
HAR 5 K P AR S 4y o 3 e R EL RS DL R B, BT
WEIRAEE NG WA % BMG M E MG A % B 1Y
B B i 1 2 B 0RO B B e LB X L
ST RN B A e NG = 0. S|

® ) m o) o)

B 7 ORTRI B 0 45 A 55 PR 5200 25 10 HE L () A7 5 [R5 (D) DCP 3 (¢ )MSCNN; (d) AOD-NET ; () AEDGAN;; (f) URNET
(g)HR-Dehazer; (h)PCFAN; (1))MADN ; (j) Fr $ 5 k
Fig.7 Comparison of experimental results of synthetic hazy images by different algorithms. (a) Hazy images; (b) DCP; (¢) MSCNN;
(d) AOD-NET; (e) AEDGAN; (f) URNET; (g) HR-Dehazer; (h) PCFAN; (i) MADN; (j) proposed algorithm
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Fig.8 Comparison of experimental results of different algorithms on real hazy images. (a) Hazy images; (b) DCP; (¢) MSCNN;
(d) AOD-NET; (e) AEDGAN; (f) URNET; (g) HR-Dehazer; (h) PCFAN; (i) MADN; (j) proposed algorithm
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Fig. 9 Comparison chart of PSNR and SSIM results of different algorithms on SOTS dataset. (a) PSNR; (b) SSIM
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2 RGNS WG R HAR G W (AL W LU 45 ) A L
HIUREEREZS
Table 2 Test results of PSNR and SSIM of different algorithms
on SOTS dataset

3 ORIFF R B R B AR B S AT R
HLGEAR SR FLRR BE P 25 2 0 3 2 2R
Table 3 Test results of Entropy, FADE, VIF, AG of different
algorithms on HSTS dataset

Alsorith Outdoor Indoor Algorithm Entropy FADE VIF AG
orithm
g PSNR  SSIM  PSNR  SSIM Hazy image 5.8062  0.8116 0.6529  4.9983
DCP 16.6142 0.8176 19.1214 0.8159 DCP 6.7643  0.5726 0.7916  6.8955
MSCNN 19.8431  0.8327 22.0685 0.9078 MSCNN 6.3147  0.6891 0.8160 7.0683
AOD-NET 22,1389  0.9142 20.5477 0.8933 AOD-NET 6.6159  0.6377 0.8944 7.1924
AEDGAN 27.1182  0.9095 23.3657 0.8968 AEDGAN 7.1625 0.4914 0.9125 7.5382
URNET 27.4725 0.9326 25.7226 0.9269 URNET 6.8693  0.5973 0.8362 7.6531
HR-Dechazer 26.8715 0.9163 24.3136 0.9028 HR-Dehazer 7.1319  0.5834 0.8967 7.4938
PCFAN 24.6931  0.9395 26.9713 0.9382 PCFAN 7.0726  0.5046 0.9035 7.5976
MADN 28.1353  0.9579  26.6972 0.9316 MADN 6.8931  0.6193 0.9386  6.9043
Proposed algorithm ~ 32.8786  0.9751 28.7852 0.9458 Proposed algorithm ~ 7.2968  0.5112  0.9769  7.9306
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Fig. 10 Comparison chart of Entropy , FADE, VIF, AG results of different algorithms on HSTS dataset. (a) Entropy; (b) FADE;
(c) VIF; (d) AG
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Table 4 Comparison of image processing time results of

different algorithms

Algorithm Processing time /s
DCP 1.0257
MSCNN 1.2331
AOD-NET 0.5543
AEDGAN 0.6378
URNET 0.4923
HR-Dehazer 0.6079
PCFAN 0.4063
MADN 0. 6579
Proposed algorithm 0.2016

RESIDE % 41 25 K IR B 5 v x4 A B ik 471
Y5, R SOTS ¥ 48 %= 41 %5 K G 1 il 5 46 10F
A0, 4 S 56 DA 8 bR 45 SR % 5 TR o
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Table 5 Comparison of ablation experiment results

PSNR /

Experimental module B SSIM

Residual block 24.9151 0.9159

Attention residual block 26.1766 0.9375

Parallel multi scale mapping block 26.9495 0.9391
PMAB 29.4592 0.9573
PMAB+up-down sampling fusion 30.8931 0.9542
PMAB+up-down sampling fusion+SFFB 31.7732 0.9709
Hybrid dilated convolution 32.8786 0.9751
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Fig. 11 Comparison diagrams of dehazing effects of different module ablation experiments. (a) Hazy image; (b) residual block;

(¢) attention residual block; (d) parallel multi scale mapping block; (e) PMAB; (I) PMAB-+up-down sampling fudion;
(g) PMAB+up-down sampling fudion+ SFFB; (h) hybrid dilated convolution
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