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Research Advances on Deep Learning Based Single Image Dehazing
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Abstract:  Vision-based outdoor systems are highly susceptible to severe weather such as haze. The quality of the col-
lected images in the hazy environments is seriously degraded, which affects subjective perception and brings challenges to
the subsequent intelligent processing tasks. In recent years, deep learning has been applied to single image dehazing and
achieved promising results. However, the hazy scenes are complex and unpredictable, which puts a high demand on the gen-
eralization ability of the dehazing methods. In this paper, we summarize the recent deep-learning-based single-image dehaz-
ing methods. The advantages and disadvantages of these methods are analyzed in terms of network mapping relationships,
learning methods, training datasets, and knowledge transfer. In particular, we focus on new training strategies and network
structures that have emerged in the last few years, such as meta-learning, few-shot learning, domain adaption, and Trans-
former. In addition, the subjective and objective performances of various representative dehazing methods are compared on
several public datasets. Further, the impact of the dehazed images on the performance of subsequent object detection tasks is
analyzed and evaluated comprehensively. We also provide the computational complexity and running time of these meth-
ods. Finally, the conclusions and future tendency of single-image dehazing are drawn.
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BEAUAS B By 25 25 45 3 AT DU 4 1Y) 38 7 S 22 H A ke il
15 .

ASCHR T — OB % T W RS K 55 1 USID-
Net 8", 3 - fifp 2 48 32 7R X 43 55 78 PR 00 P9 245 N 25 5
fEE . O 7RSI B S0 25 %5 56 BRI R 5 7
BT T G B a R A A A HE 55 S AR AR AR B . A,
JEEI P BE TN N AE A4 Z A AR, i T — BB
Z R RFAETE 2 (Multi-scale Feature Attention, MFA)#
il , BT 2 RO R AR s Fn T LI, 4271 1 25 %%
PERE.

Zhao % NG BT S0 AL T4 2] (7 ik 45 A i
e BT AR B B K 55 HESE RefineDNet, LA
RAEZ AT TR — B Be, R WG 8 Je g0k &2 m]
DL TESE B B, dALES — B Be w20 K55 45 2R, id
ik = BN 4 25 5 I AT LR A0 X B 27 > e 2w LS
PE. N T AR AR 4551 IR HR AL T — oA AR 2
fill G SR M SRR A AN K55 s, T A R T R %
ROR .

2.3.2 ETHEEBFEINAZE

B 2 2 A R G S 50 MR G Se T A
HEUIN LR 2B o , P28 AT DA 2] B U A B
(EAiCEET I EYSW

FE A 2] (Zero Shot Learning, ZSL) & — F G 54
1 A B 2 Oy 2K, I A RS B 2 2 T 5%
A HBYRHE . X Fh2 2] 07 sURE 0 A R G OB B2
5 H LY 5 RS ) 8, U HGE & T B AR HE L
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I E S R R 55T 55 . (B2 T2 AT 2
FTepA 2 AR HA PR vE . itk i 22 T

JZ TS TAE B F A2 i TSR 25,
JEHS T BT e

Li S NPOHR L T — R TR A S 1 R 5%
71 (Zero-shot Image Dehazing,ZID). F FH fir 5 B AR AR
i Se B A5 AN 55 55 UG A 1 T TR 3 S 1 R R <
JCHRLE . RIS 25 58 KUGGHAT 2% 2 FIHERE , AN G
TE R IR IR R B e =X . X A8
B S AT WA RN 5 B 5 3 RGO e e 3 S 5
0 B B[R] . AR, X — 5K IR T 2 500 F Ik %
T HEZ 4 R R AR R R IR

Kar %}\:Sl]ﬂ:‘lﬁﬁ Koschmieder L5 #2111 T —Fh &
BEAR GRS B AY . 2o 2k 5 S B 5 RIS A Kos-
chmieder B8 S H00C 2R DA K Al — 2L TE 2 % i ok 52
IEFEA M EEARAL . P B B AE SR TR KU 2555
KT PG S FNAR IR B2 MG 2 AT 55 3 3BT T R 4F
ROR . ABJE , i T35 20 i AR 3ETT 1 000 534K, VI
SRR, HALBSCRA A T2t

AR 2 AU A B BT EUGCR U ZR 1R 5
R B SRORE , T A IR EE R A
BT B MR A 2T 19 25 55 07 R i A AE M 28 IR AR IR
A TE B ME LRIt B T o o R A )

XFHORF , oW 27 ) BARIER T U UM AR A
BRI RS AL TE BB B, 550
BRI Zrid B A G WS i A B eI R R
TER TR B B RRVE , BOARAE — @ B BRIk 7 x5l
SRASE R MRS  (ER TS EE AR 1 e B MR 2B
EEVERA AT T i — DTt
2.4 EFHMRAEBREINEGEE

UTAEAR , BLAR 27 > ST A 2% b BT L% I J7 ¥5 AN e
I, WVARZE IR R ] O 55 2 T ax sk
YIRS B TG 255 AT T £ 1ERE . X
FETT 1 0 BE AR SE B o A M A S804 55 v o B 9
POk HE S Al BhAR R A4 I 2 A2 ) DT 2 AR
AR T, X T B S EUR BRI AP 1 L 55 A50R

R &2 Hinton %8 N2 1 2015 4R 2 1)
SR B, LA SRR R 52 2 0 OIS Y 2% > B ) 1R
ER R BRI A2 AR | R S 2 AR A A 25 R 2
AR R, S HOTAR TR L, 2 R AR TR B D) A
TRAREAL ST J i | FRAT Wb T 28 TR M 1k e

Z A & , Hong A NPT — bR TR R
& % W % (Knowledge-DistiH Dehazing Network,
KDDN) , % ¥ £ 3 o 57 AT 55 27 > R 55 R .
Ui X 245 55 2 2 [ 2 et TR ) 114 2 B - e ) 190 6%, 280 o4
262 2] 18 W MR AE P 2% 25 2 I RPIE RS, T TR 35

A
%,
-

A (£55) W28 2 2] 55 4 - 1 I VIR WL 50 R A . ot
O AEF BB T AT A MR 2 55 4 110 25 [
JIASUAR T8 R AR 22 B, LA 1A 365 7 b2 2] N 2 N B A5
A, I BN G T 2 e 55 4 XU A A RRAE

JLAE SR IR 2] T ) — b, AT DAL R Y
o) b R AR Rk AN Wi N R A BARAT: 55 2% 2 3|
“TUTHIR RS T R 00 2E 2 B T, AT DA PR
TN TR HARE S5 . e A/ AR S ) AR B T
2R IR T RS PERE . R AT 5T A AR
T —Fh o 225 M 4% (Meta-Attention Dehazing Net-
work , MADN) , A LA DA 55 5 [ 15 rv 5 42240 52 365 i 1144
56 I ATERAE ARG SR T . T R AR I 2 i A
155 5 KA H Bhik P 51 1Y 5 % AR 454 . e as
B Z 07 AT LASAS ALY 2R FROR

Li B NP T — o W A G B AR, S i 2
AL @T%i\t%ilm%'(Semi-Supervised image dehazing net-
work, SSL) , 12 W 4841 35 A7 Wi B = > 73 SR B 24 )
O3 SCPIASTRGY , TR 3 LA . A I 4y S ]
B UEE S AT A8 YIS, TR il 28 19 2% 52 1) M B 4t
KRB 295, WA R TE R A 2z 21 Al e B
3 S YU T 2 1) L SRS, S e 3 R ) I e T
AR5 0 s B ke 7240 R IV WA PR A e e R R 255 —
A3 3B RRAR S &, 7850 R4 2000 AR 42 7+
EEROR . WHREIRERY, SR E 7, X Fhee
~J 77 AT LL 3853 K A% S U AL SR B9 VE L DA
M ARAF A £ %5 P RE .

H 2 el TS B Y LS 37 5T 19 %5 5 RS B AT
oA R BERLG FLSE RS B A BRI TSR i T
— AT IR 2222 AR M A S8 A 3 0 ST Y
WFFE LK, $ETHAY 72 fL RE

1872 1k, (Domain Generalization, DG) [ H 1 22 >J
—AMEERD RS AE —OR R S8 e] AU AR
TR PERE . 1L A @& B (Domain Adaptation, DA) & £E 8/
AN TR 2 18] % 22 5, A1 B0 1Y) 58 Sml A5 A ko A8 8 9 A 7
Y HAE 2508 HbRE - pyvEfrg sk Ak . B A 8
Sz A Y DCOITE T, 3850 38 0 RS AL Rt # bl L
Vila] B ARSEAE | 17385002 A0 AN AT 7 [ 3 S 5 . skl
a3z Ak He A 3 07 S 2Pk P (A S B iy e
HEX.

R TGRS LR A LSRR S A Y 25
Shao % N0 H T — o oy 1) 3 10 35 1 35 a7 ) 4 AfE 4
(Domain Adaptation Dehazing Network , DADN ). AT S
Y — A RS S B R R D3 S5 B2l . AR
T, T 50 2R FH R i) 728 48t 1) 28 485 P A5 DA — 4l 2 4t 31
i — 8, DABRAMG O B S 2 (Rl 25 0 . SRS
15 FH A ¥ 11 I 1 RS R DI 5 Pr 2 7 7 A 25 55 T 4%
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EE 2023 4

TE RGBT B 38 12 ) 1 I P45 04 A (A 5 3 S 56 A
PEGRR BEF- 208 ) B R B L 55 kv, LAt —
AARTHE MR I LS5O . HAT, LR Rk W 8
VE R UEXS ek

Zhang % N T0RE 2555 AT 55 e A SR — A2 W 3k
TR TRt . 368 3 Il B B % A 55 ke 4l L 52 KR
(955 S RFE , K5 IR0 55 5 1R (R 15 B0 S 1 5 A 55 5
PGS 55, LA S22 . e Ah VR340 22 40 DAL 3R
W% A8 R IR AL B 25 55 I 2% SR A0, E— 2D 3R T T M 4% 14
ZALRE ST, W H SRR BEBUR A £ 5580

Chen 55 N 48t 1R 507 oK R A #UR I S 3 41
W T EL SR T B 5 5 g PR A b B BEATS R
AR T AR TSR AR B BT 24t
B0k R, T R DR AR 2 . AR B, X T
B B S b B R p AR R P S 4 O LA TIE i
{1 77 =X P 5 55 3 R4 I 24 R AT (A, LA A
BT BRI 55 RCR

EARBIWESE TR IO AT AR S A
S5 ML AR 5 ) U R B BIF 5 R N T 1R 5 25 40
S, AR MBAR T T S5 SRR L 55 OR T fiff RAs
Rz AL RE T 07 T U T BRI R . X O T R
P52 25 (T 98 TARSR A 10 AY RELHE , © 22180k H Al

BRIBTFE RS SR, AR L3 AR g e 15 25 55 1)
RIS AT AE — SE PR R R A5 A R, Anosar ) VIR E 1k 22 |
e ZRAE N GRAEA s TR AR 2 I FENA B B 2 2
UIEA, X T SE AT 55 A AR BR ) 5 38k 1 368 10 05 %0
SR 22 R I REAIZ AL RE ISR T3 A BR , 45455

3 BEBGEZERBEERTMER

3.1 BIREZERYIES

B T I EE 2% T W MR L WE 9 R R A
PR 25 25 J0H SR AN W A Y Al LAt E 17 122 40 1Y)
WEFEHE e . R 1 s iy 2 B E R T Y 8 4> 255 Bl
AR R T KA I R] B RS A UG AR AS B s A=
i

Al LIE LB T RESIDE(REalistic Single Image DE-
hazing) g MDID(Multi-Degraded Image Dataset) {54 |
LA B B 1 AR 30 52 /1N . Haze RD U421 (04 7
15 5K 15 T LR 75 SR AR I BAG AN [ R B2 1Y) 25 48 19 5 Bl
% . I-HAZE 44 & 35 X 55 5 AR (14 6 55 %5 N ]
B, Forh 55 g UGO8 T 4l 25 e LA 7= A 1 LS 25
25 P N AABE . O-HAZE 0 & 45 Xt 1 AN R 10 %
55 1135 BB % . Dense-HAZE ™' il NH-HAZE ' 5 4
SIS 55 % A7 I 55 g R T M RIS

®1 BEREZERBUEE

petES P[] FU A Kl s B
HazeRDP 2017 75 FEEIRA Y https:/labsites.rochester.edu/gsharma/research/computer-vision/hazerd/
I-HAZE"® 2018 35 B https://data.vision.ee.ethz.ch/cvl/ntire 18/i-haze/
0-HAZE'"" 2018 45 AL https://data.vision.ee.ethz.ch/cvl/ntire 18/0-haze/
Dense-HAZE"® 2019 55 A https://data.vision.ee.ethz.ch/cvl/ntire19/dense-haze/
NH-HAZE'®' 2020 55 HAL https://data.vision.ee.ethz.ch/cvl/ntire20/nh-haze/
RESIDE® 2019 87 125 HERLG il HSE https://sites.google.com/view/reside-dehaze-datasets/reside-standard ?authuser=3D0
MDID'®! 2020 | 30346 BRI Y —
BeDDE!! 2020 208 B https://github.com/xiaofeng94/BeDDE-for-defogging

RESIDE #4845 /2 2019 4F Li 55 N V82 i 1, I 45
4E 41,45 % P (Indoor Training Set, ITS) 1% 4 (Outdoor
Training Set, OTS) & BUEHE 5, 43 942 % 13 990 X% il
14 427 XF IR . AP IR A 35 5 i H A i 4R
(Synthetic Objective Testing Set, SOTS) , 7 {3 & #Y) H 52
215 B 1 4% (Unannotated Real-world Hazy Images,
URHD) %4 4 , B 52 i BT 55 3K 2 P 3 4 (Real-world
Task-driven Testing Set, RTTS) LA A iR A 32 00 I 38 £ 4
4E ( Hybrid Subjective Testing Set, HSTS). XU E R
12 T 25 B I o I I LS5 . SOTS 4331 #
500 X 2= PRI S0 % 55 PR 4 % . URHTH A # i 4 000
B ST B 2 5 KR . RTTS A 4 322 Tk A bR i
% g K5, T T 5 2200 B ARK AT 55 . HSTS £ 4 540
10 K5 A 10 5K ECS2 BT 0L

RS R R T EALIR S L — 19 55 5 R
BRIZR , R 7 I S PRk 2 10 25 5 R I S A AR ROR IR
25 bR ST I 26 AR5 I BA O 4 H A MDTD B30 45
£55 30 346 4~ FEE, JEARHE NYU Depth V2 dataset'®”
PRI B 5 B AR A (46 55 5 SR I S 45 = Rh
[E 3zl

P T 52 B g FH 375 55 v sox 118 55 8 -V B LA AR ME 3
15, PR b R IO B AR X b 119 25 3 R 22 Dy 3 2o A
R BLAE B 38 3% (] — 37 s AT B ) 8 S s 8
f X5F 55 4k 3, Zhao % NV FE 2020 4E 4 i} T BeDDE
(Benchmark Dataset for Dehazing Evaluation ) & f5 & . 4k
A5 208 X [ ARG, FEx MG R 11 SR 55 s UG RIS 5
R A A5 W 225 R, IR RGO A 23 T . X —
R0 R AT Ry I L0 55 g KR L S e g it T
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L E B A E RN 2 2 Ak S B AR AR AT L A
ARR.
3.2 EBEZEMIER

FUR 2255 PERE B PE A A2 45 F ORI 2 00 P . 3200
TEAN 2 48 30 A W58 25 1 = 00 A JR 2 o 41 W 11 4% it
i, ) DA% S B ) FE LR Z | S o MER AT RE
BTV A L AR I T A B R
AR T S SR B IR, R S RS A MR AR A5 L 1
TR 2 WA 6 5 .

ZVEAN R 5 AR 5 28 8 52 T B AL
AHBET FUVTEAN , 2 WA B w] E S M AR AR
SRR XS 22 R oK PPN T AT Ay h S
% BRI SHE R EURFEF R %
MEVEANFE R W3 2 Fr 7, He A I {5 45 B 1L (Peak Signal
to Noise Ratio, PSNR) . 4% #4 #H {1 )& (Structural SIMilar-
ity, SSIM ) & P i e AR RME R 22 F N F5 45 . PSNR
I

PSNR=10- 1og10(1\:/fs§) (5)
Hoir  MAX A G AT I 1 5 KAR A, MSE Ry 2355 5]
1% J R ELSE MR J B3 71825 . SSIMSEE e He )
FNZEHE = A J7 T A 1 UG A ARRUEE . SSIM H{HYE L A
[0, 1], M BREUR e BB . Ha 3 F

SSIM(Lj)=[I(Lj)a}[c(Lf)ﬂ][s(J,j)y} (6)
Hodr 1, e, s 4y W 3R UG JREG J (022 58 6 HEE
AR A FL A . TESEbR g TR E P, B S8 a, pHly
— i 1.

%2 EEETERITNIER

iz E5% 5% o7 FH 4 s
PSNR N i
SSIM N i
BRISQUE®! N i
NIQE™ N i 1
MetalQA!! v 3
v N £E
R1! J S
DHQI™ N 1%

Ik, IS % V4 46 B 40 BRISQUE'®, NIQE'™
Metal QA" 4 th FH T % 25 5 i i EAfr . BRISQUE™
1Y 5 A T 2 DA B A% 42 HU MSCN (Mean Subtracted
Contrast Normalized ) Z 4 , 4K 5 1 MSCN R E(40L & WAk
X R S 43, ) 2 BN 43 A i R 2 B0
R B IR 2 3 A R AIE B J5 A SVR S BRI 31 70 5L
4 LU 25 80 PR 0 A PR AL 45 01 . NIQE ™ 2% T
23 A3 [ SR s g v (NSS) ALY 8 FL MR Il i 5=

IR G 5 Ok BB Ge i 2 T Y a7 S e
. MetalQA 7' i B o7 > i JEAB R 2% > 45 Bl K FURT IE
LRSI, ST R PN R 12 AL e

Zhao %5 N {5 Bh i 56 1) BeDDE Bds 4, $2H T #H
M2 % KUR LSV 45 , B WL £ (Visibility In-
dex, VI) FIl B 52 J& 38 24 (Realness Index, R1) , & JH T
ZFEEURR BT EIFO . o, VIR RS S g 2%
Z ) A AR BL PR A VPAS ER B i, RIF ] 2555 I 1 &
5515 W1 2 2% BRITEARFAE 23 (8] A AR B R TP AG 25 2555 R
PRI . WA 2 E XA R SR R 225, i T
— L M BT I SR bR . INTE S % L S R AL
(DeHazing Quality Index, DHQI) ™", 38 1 $i B ATl 45 2=
BR%s s briE (S5 ORIVRFIE (o B2 5 4 = 20 L 55 G
IR L5 45 ATV

% 58 o3 PN GE RGEERE , I £ R
H AR A ) 5 R0 A5 M B AT 55 140 A R ok 8 22 b e 1]
TREIIENERETH . s 6 R, 55 3 2 58 H
B AR ARG, IR S5 (R R Ik 2 25 SR PR RE DA ANY
LG EIR T WIEANE bR, £55 5 B ARG I 5 B
FIA) A 1R 8 22 VR P RE VT A v U

(a) 55015 EARKR IS5 54
Flo  FSA G H bRz

(b) EZFEMG BFRIES R

3.3 RERGEEMMEREXTEE

Sk T T A b R 45 28 R R AR AT 40 i
AP B R A R L 55 R B K UL
B A 32 AL X L4 SR . 36 3430 45 T 10 Fs A i
TR 2 2] 2 35 SR AE G P MR 48 SOTS il HazeRD
I Y PSNR F1 SSIM 8 5 % Hb 45 3 A K £F HSTS K5 4
B DHQUEEFR X FL 45 5%, bral Bt Fon it gh 51 . &l
7 RN 8 43 B 8 T 45 AR TE AE B WL 55 5 G ORD FL 5K
%55 FR R AL BRAE SR . T LU, R T B R
4 DehazeNet''* I AOD-Net“SJ%ﬁ%§ PR Bl 15 A5 Al
W) FRIKBE TT , 255 BOREK 25 5 T B TR 2 LG i 53
12 EPDN'® | FFA-Net' ', MADN">*' U] B i B A5 T o 4
&ML FE AR, 3K AN (A5 25 T CNN 925 58 K 9 e 55 8
J7, IRl 527 B T RO G SO A2 1 S . (A2 Bk
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F3 BEBEERREEFEHEUIERA L
Deha- CycleDe- | RefineD-
Ak [ AOD-Net™ | EPDN® | FRA-Net™ | TC o ZIDP | MADN®Y | ssp®T | DADNP
zeNet!™ haze!*" Net"!
https://
https:/ https:/ https:// https://
" https:/ https:/ https:// | github.com/ https:/
pEE S . github.com/ github.com/ |  https:/ github.com/ | github.com/
RS | github.com/ github.com/ | github.com/ | niranjanga- github.com/
weber0522 xiaofeng94/ | github.com/ Prevalenter/ | HUSTSYJ/
B caibolun/ ErinChenl/ | zhilin007/ | vade98/Cy- TongyJia/
bb/AODnet- RefineDNet-| liboyun/ZID semi-dehaz- | DA_dahaz-
DehazeNet EPDN FFA-Net | cleDehaze- MADN
by-pytorch for-dehazing ing ing
Pytorch
SOTS PSNR 21.14 19.06 21.55 36.39 17.81 24.23 19.83 26.69 21.87 25.82
Y SSIM 0.847 2 0.850 4 0.907 1 0.988 6 0.809 5 0.943 1 0.8353 0.9323 0.874 3 0.928 8
SOTS.0 PSNR 24.75 22.71 22.32 33.57 19.95 20.61 19.83 28.13 25.36 26.72
o SSIM 0.9270 09112 0.868 3 0.9840 0.885 8 0.879 8 0.8353 0.9575 0.9210 0.9220
HaseRD PSNR 15.87 16.85 15.60 16.74 15.65 17.39 12.84 17.50 17.34 16.54
aze
SSIM 0.787 6 0.792'5 0.749 2 0.793 5 0.756 9 0.8553 0.505 0 0.750 6 0.8029 0.763 6
HSTS | DHQI | 40.3270 | 59.7020 | 70.3160 | 68.8729 — 43.6940 | 50.5628 63.500 1 403270 | 63.8034

< R0 27 TR 45
A W B IR 2 55 Bk X L S0 55 3 IR Ak P8 S
FEAHAR (A AE 22 AN Bl B 1G]t . H A3t
Ty HRA R 1) G Wi B TR 25 % 33k CycleDehaze ™
RefineDNet ' 1 [ Wi B 4% 25 %5 559k 21D ) 4k F 45
R B . TR BT B B85 ol A ol FH 540 o I 8%
AT N, 2% B Bk 10 A1 B, X6 i R B S 4
i 4 B b BRI I AR A0 L i S TR AT R 2
X g2 W Je 25 44 SSLIS VAT DADN S W] P2 & ok
Al N, BRORAE A BB L R bR N g
B H O RN S 5 5 KR iz Ak se ) dE R

6 4 7R B2 53 590 2R FH 10 i 25 28 500 0o A% A B
S ASF Y H ARG RS B X L gE 3. nT AR £ %
AN EPDN, ZID 25 b B 5 114 MR 25 T 22110 H Fr A
AT 4517 ok 1 BT B2, X B B PR Ok ik 2 22 28 S AT
P B2 % A5 1) L. T T o) L S 5 5 R4 Ah B A B 0k
1 SSL, DADN 5 W m] DA AT 24 48 F+ J5 22 00 3 4 55 /Y
PERE.

TS T HENF LB SR Kz 17 [ X
L. BT AT Sk # R HE — &5 4 A1 NVIDIA GeForce RTX
2080TiGPU 4 &5 AL L SE R , 32 17 i [B] A 7E 500 7K
S12x5124% 2 FUE AY-F- XMt a] . ] LA, bl 2%
Z5 b PERE R W T, K5 L BRI SR B 1T
B (1R A BTG . U, SRR IR THE LI
SR BE AR 1, AR AR XA T R B S PR AT
IV

4 BEHRZE
PEAE B F IR 2 S (R L S 5 S T &

BLPENE T PSRN SR B MR A ER K %5 0T %
BR TR AR AR R i R IR RE Ty TE AR S B — L
BRI R, SRR L F BRI IR . 5
TG ER Sl ) g A B 1) 7k AT LG e R 2% 1 Blee o
P B 5 R L AT 55 MG IR AL, il id 2 )2 A AR
A fft 3t S AR B i B s o PR 2 ) B S O
AR TR T RBAE AT I S, N %07 ik 4
fEFRRE S A GET7 vk , RRFRTE 145 15 58 141
B 2525 BOR  (H R X B PR 22 55 SR AE LA N
W R ER R T A RSP R L T Y RIS TAE
D) 22 30 2o A% o A PRI AR 2 > SR AR I P g A
LS55 g IR, DA T 330 16 0 090 5 9 PR 1R ) A B
PEfE.

JUAE TR BE 2 > T PR 25 55 U T — & B
JE B R R A A —SE AR AR A FSE AR b, AT LA
MU ILASTT TR .

(1) Bl 7)™ ]

WA i, B R L s T b 0l i 5
Jr AR BV GRAEAS , 5 B R (R A7 7 A 4
7, BN R AR I 21 B2 RSN R RE T
JEEL, BB SEARA. FET AR REA LR I )
Jr RN EME LRI AFEVIRATRE N A A —EL
S5 TR AT e T A R A BIL A R G, LI B X —
BT AR BB E S EHARANITE R — A
Jrtal.

(2)HRTF

AR e 2B TR I B SR i e L 55 4 K
B 25 55 PERE AT o R ok — B ik 1] A F 58 Pt . i,
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b) DehazeNet!™ (c) AOD-Net'"! d) EPDN®! ) FFA- Net““ () CycleDehaze!*!

2) RefineDNet*! ) ZIDP i) MADN®* () ssL= (k) DADN®®! (I) Target
&7 %ﬁié&ﬁ%iwt%ﬂt

) AOD-Net'™! ) EPDN™! ) FFA-Net®

(a) Input

(f) CycleDehaze! ! (g) RefineDNet*! (h) ZID® (i) SsLP!
€8 FLZEIFIR L E LRI

gL Bz AL A T

EREARCE ] LR E BT U EAR T IR AT ST, A SR U BT A F 5T
SRR LR A BT B ok 2

B TEGR LS CR.
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F4 RITSHIBE LM BIRQNE R 5 Zit

IR Person | Bicycle | Car | Motorbike | Bus | mAP

Hazy 0.721 | 0.441 | 0.617 0.473 0.364 | 0.523

DehazeNet™ | 0.722 | 0.424 [0.622| 0.485 |0.375]0.526

AOD-Net'™ | 0.720 | 0.448 |0.629 | 0.498 | 0.376 | 0.534

EPDN ! 0.706 | 0.419 |0.598 0.458 0.347 | 0.506

FFA-Net™ | 0.727 | 0.452 | 0.626 | 0.500 |0.374 | 0.536

CycleDehaze ™ | 0.684 | 0.421 |0.581 | 0424 |0.325]0.487

RefineDNet *' | 0.726 | 0.459 |0.625| 0.499 |0.2310.536

Z1D"" 0.584 | 0.336 | 0468 | 0.383 |[0.320]0.418
MADNP 0.726 | 0454 |0.628 | 0.499 |[0.374|0.536
SSLLP! 0.722 | 0.440 |0.625| 0.500 |0.379|0.533

DADN P 0.716 | 0431 |0.653| 0.495 |0.397|0.538

T R o B L 4s
®5 HEEHNSEERETEEI

i BT a ORISR | 1817/
DehazeNet!™ Matlah(C) 0.008 1.3399
AOD-Net"”! PyTorch(G) 0.002 0.0022
EPDN®! PyTorch(G) 17.379 0.025 4
FFA-Net™' PyTorch(G) 4.456 0.1279
CycleDehaze® | Tensorflow(G) 11.383 99.000 0
RefineDNet*! PyTorch(G) 65.795 0.454 1
ZID™! PyTorch(G) 40.406 59.990 0
MADN" PyTorch(G) 0.605 0.0182
SSLI! PyTorch(G) 9.231 0.0777
DADNP PyTorch(G) 54.591 0.0350

(3RS i

BIR— S5 TARE S TR AL I 28 S5 48 LA 2
FUAMILGE RS K AR (4 P Rt 32 2 T BRI . 4n
far 7 B8 b R B RN R B 2 R4S R AT A AT, mT LA
FIRIEA RIS .

(4)Transformer £5%5

Transformer J& H Fif 134 5 45158 1) 357 24 i 5 44
F, 25 Al Transformer 9 28 25 ¥4 AN Wy 1 B, O 9 07 ] 1
T SCor ] H AR A A R AL AT 55 b, BRSO
MIVERE . AR ] LA K Transformer W T B 255
rh, R H s R 1 AR N R A #l R Ak BE L SR TE R 5
PERE.

(5) %5 5 UG B & 1 PFAN

ey xf %55 J5 0 G S i EAT VRA AT A RUHE
FEFFENBIT— AR ER LSS K . A
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