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Multi-scale Dehazing Network Based on Error-backward Mechanism

YANG Ai-Ping' LI Xiao-Xiao'! ZHANG Teng-Fei' WANG Chao-Chen' WANG Jian'

Abstract The existing dehazing methods can not estimate large-scale target features accurately due to the loss of
spatial context information, leading to the destruction of image structure and remaining of haze. To solve this prob-
lem, we propose a novel multi-scale dehazing network based on error-backward mechanism, which is composed of er-
ror-backward multi-scale dehazing group (EMDG), gated fusion module (GFM) and optimization module. Error-
backward multi-scale dehazing group consists of error-backward block (EB) and haze aware unit (HAU). With com-
paring the difference between feature maps of the coarse-scale sub-network and those of the fine-scale sub-network,
error-backward block produces an error map and then transmits it to the last coarse-scale sub-network. So the
structure and context information can be reused effectively. Haze aware unit is the core of all sub-networks, which
consists of residual dense blocks (RDB) and haze density adaptive detection block (HDADB). It helps to extract
local information and accomplish adaptive dehazing according to haze density. Differently from the existing fusion-
based methods stacking features from different scales directly, the proposed gated fusion module learns the optimal
weights of feature maps from different sub-networks, which prevents interferences to destroy image structure and
details. The output of optimization module will be the final dehazed image. Extensive experiments on synthetic
datasets and real datasets validate the superiority of our proposed network, especially for the haze removal at a dis-
tant view.
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AN JER A ] L
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R 2 F AT S 4. He 551 $R HG 1
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By IR A THE S 2, IRl K HUR AR LS 2
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DR B AR Rl S 4R Y —Fh 25 550, AT R 2=
BN, T REEBE R ERE TENE
fhTHRE L. 2RI ARG T — @ R, BAE
SeI AR AN AL BT, M AER IR R TE % BIA.

B TR PE 2 2] (738 AE KB 4R E
BRI Z M2 (Convolutional neural networks,
CNN) KAt 5 KA. Cai 5 M Ren S5 Fy g
CNN flithi@E 5 &, RN BB 22 TR R,
B RAOCRE N RE R, X5 ENEES
PP B AR 1) j. Zhang 55 R @ —Fh
SRR G IS W 2%, AT (R IAk 1132 S AR SORE.
Li S5 S R HRAOBHE N — R K, W
— MR E %% AODNet it K. LiRT7ikig3 T
YRR i CNN fhiit 2 &, XfE — @K Ea
PR il P 4% 1122 2] B /7. Chen 25 7E 5] N FHEH 5K
LA SRR L, 4R T — B 2 i 19 B/ X
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—MRHIE % S o, AR IR —
TR IS5 15 2168 7). Yang 5507 @ KA
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W, ZFINEEBEE I SRR G, N 4
SEICEHME BAE RS RRAE P B o5 ELsN, HISS T/
JUE W 2% R 32 BP R AR 3, i il R 5 k15 B &
0K, TR HERG R BORRFE B A5, B2 55 AR
MBI R AR,

BT, ARSCHR - Ah Ik TR ZE AR AL 2
RIEEZM4. B, T 5 mE M2 R KRR
fiE H AR e YE, Wi 2 AR (Error-back-
ward block, EB) 4 s L& £ & 45 i {5 B L/ T3¢
B B HRZERE, IS KR T M2 2, 1
REHE BAEG IR IR R S e, IUA B & 3R
W A A S 1 R 72 [ A SR 1) 22 FRURE ) 2% 45 g 21
K1 s, ATRUE Y, o 22 [l A R Rl o A iR 22
K, SKBL ST M Z AR S . [, R R R
5 BB 55 R A AN S 85 i, AT — 55 5
KNG (Haze aware unit, HAU), K25 425k 22
52 HEMNA N (Haze density adaptive de-
tection block, HDADB) A5 A, Al iR 5K 25 X 5
AN 55 XS4 i R L i, Skl A E N £ %
Ji8h, AT RAE S AT S RAE, T 4%
AR (Gated fusion module, GFM) 1l i 7
T, R ERZAKITEMEN T2 RELS
FEAE P Rl
1 ARXFHEE

AR TR 2 AR AL 2 RO 2 55
A IIE 2 PR, MEOFRREREZ RIEEF
#H (Error-backward multi-scale dehazing group,
EMDG). GFM A, EMDG L4 3 A
A REER T P46, &% T W25 DL HAU AL, IFi
TH EB SEL& 7 W 2% 2 [A) 58 B 13 Rl e A H
TR T T 2 AR A Unet!!
Gir), KPS A R — AR

IRE LR RER

N T AN TR KRB W 2% i R IR A A A L /R
AR, AU TIRZE RAEREL K/ RUEE M 2%
RME S EE B RREM S, Wil 2 fos, £ R
FET MBS = AN ER IR 30 IR LT, BRI
RPEETME85L, FTA % 58 8K ot i 4R 1 EB
BATREIE.
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(a) Multi-scale network based on direct-integration strategy
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(b) Multi-scale network based on error-backward strategy
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Fig.1 Tllustration of direct-integration strategy and error-backward strategy for multi-scale network
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Fig.2  Architecture of multi-scale dehazing network based on error-backward mechanism
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Fig.3  Architecture of the error-backward block
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Wk, F Up Hinth &5 R R eh K RE T, 85K
REEFMZEIIZR. X BG4, 2 n] s
RS RRUBE - X 288 P 2K () 5 A A JELHEA T SIS b 7.

1.2 EFERMEAT

H P A AR RSN, #BE X
o3 HH I 55 R 35 DX 3, (AT S ORI 2 5. N
I, ASCBR T — PP 5 RGN T, BRI 4
Fion. HAU Bk Z % £ (Residual dense block,
RDB) f1 HDADB 4 %. RDB 3% ] % 4 3% 32 f1 5%
ZES N, RERE 2 O HR E IR EHRE, 7850
PREH G 1 405 R AE AR ERFE. HDADB i id i
) 358 DX 33 140 35 R 5 K /N 40 b ke s e IX 3 2 5
SRS, AR b 25 BRIR 55 X K 55K, AT BE S AT
R o %o ¥ 55 X AT I P 22 55
1.2.1 REZRER

TRZEBRY 5 N GE B A R, Bk
SER NI 5 BTN, B AR T ST R R AR
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Fig.4  The structure of the haze aware unit
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Fig.5  The structure of the residual dense block
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Fig.6  The structure of the haze density
adaptive detection block

TG, NEFERE Fo, ] Convl F1 Conv?2 43
A AT FRALBE, 43 BRI Fy A Fy:
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A, § FoR ReLU BUE REUZ . WG M AFHIEE Fy

KINHCOXHXW EHEC x1x 1, FETEL
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B TR 22 AR AL 0 2 RUBE 25 55 R 2% 1861

average pooling) 74 735tk
WX 28 I 25 56 i, & 183 I AUE 5 PiAb 2] S
(1) Fy 1T 3R AHR, 151838 InAUS AL B
Foe=F xW¢ (5)

IRIG, FERLYE S AT B AR R IR LRI, SE
PEHEEN XS, B, WRIEE Fo #t— P
RHE, 135

Fy = 6(Conv4(F¢)) (6)

g, RSN O x Hx W ISR Fy 785
A3 b R4, F R4 e T AEROR ST N 1 < H x W
*REI% Ws:

Ws = o(Conv6(6(Convh(Fy)))) (7)

WA 28 11 5 ) B A A A R 55 [X S Ak OB EE W )
AR, HE XA E W FIMER/N. 1 We 5t
FAE ] Fy BEAT I, T S0 28 o I 25 [X 03 B
%, Fs NZUKE H IE NG I B 1) i 2856 H

Fs = Fy x W (8)
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ANFETIA I 2 REE RS 7 50608 25 B AT
Pofs B Z R RY, AR SCR T I T 14 R i e fl
T 3 AAFRBE ) M 2545 2% HAREE B o] SEEL
XA BERMER, B TIRER.

W 2 fros, NsRERYUEL % 2] &7 M 4%
REAE B S B, FE AT IR Rk ) S ExS
THAE B IE. ¥ 3 DTS FFIEE M B2 75
RN Jo ~ Jy ATy, BT S R RRE B B RS A
&, SeRIFH _LREEREET g, F Ty 3E4T _LRERAS Ty 1
ATy 1. FRFERH R — AP KON 2 M E G Z
M=K N 1 GERZ AR, 7R REERHIE
R BFRIRS, Ht—PRBEE. ARG, ST
AbFR I BRFAE ], 8 I AR R AR IR AR 2R A - R A
BTG R, 2T Jo~ Ju 1 A Je B
HE W, Wy MW, FHMEERIBE S ARG EBRZ,
HAE EBUE R, 2 RERHET 1565 ia 5]
KRN

J=Jox Wy + J1 T xWy + Ja T xWs (9)

14 KR

ARICRH T Ly BRAEGA R P
Ly AT BLTH 5 09 2% 1 R 110 T 25 B8 55 0 Wl T 4R
I B ERZE, AT R ML 717 R4,
fif iR T AL RO ME— B AR P Ly KRR
LGRSV

N 3
Ls =% 3 Bs((GU),(a) — Ji(w))  (10)
=1 i=1

Fs(e) 0.5¢2, le] <1 ()
s(e) =
le| — 0.5, AN

K, GUI) RARMERE TS B, JRREW
BMg, « RRGERSMNE, N RREENE, i=1,
2, 370 AE R R G, B Zi8HE.

RRAE B A AL K I SURFIE RN 4 JR) 45 0 55 v
5B, A% ImageNet™! Hill 2k VGG-
1602 P28 B A 25 B3 BRI AGORN I T PR A 29l 72 Y
REAE B, R RE A B ) 1 2 (B AR N BBk A
22 % PR 5 18 i B A5 TRD A AR i iR 22 . TR0 2K R
B Lp A RINN:

3
Lp= Zj C;W los(GI) = es(DIE (12)
Rob T TR, G W T B e,
o VGG-16 BAFREURIE, j 9 VGG W&
BRI BE S C T R 4050 {2 0 i
SRR R
A, 352K BR BN
L=Ls+ALp (13)

b, AR R H, AT LR N R B A S 1
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2.1 HURE&E

AL RESIDE A 38545 F1 NTIRE
(New trends in image restoration and enhance-
ment) 2018 2 F PRI H 1) O-Haze i 412
EVNGRATI R 2%

RESIDE iR & KENENG ZFEEM=
S Z BB, AL E NI (Indoor train-
ing set, ITS) M= MJIIZEE (Outdoor training set,
OTS). Hr ITS A% H 1399 5K == A& I EHR &
ff) 13990 Sk =N A Z KK, OTS i 8477 K=
A1 T AR & LK) 296 695 5K % 4 55 IR .
£ H SOTS (Synthetic objective testing set) Il
REEM HSTS (Hybird subjective testing set) £ %
MpgE. Hh SOTS M E 500 5K= WA 5 K
%A1 500 K E=4MT 5 KR, HSTS A il e
10 sk =5 ZE1E.

O-Haze S L0545 5K 4N 55 B S
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Xt % G, AR3E NTIRE 2018 2 & Hhik €1
PR b, AR 35 KA Z KR MOIZREE, 10 5K
A % BB AR SR

N SR W VRN A ST BT R I 45 1) 2 B
e, A SCHE G B & Bk T IRE B S5 A
152 [A] [P AE {5 M LL (Peak signal to noise ratio, PS-
NR) A5 A (Structural similarity, SSIM).

X E

ARICHE )25 T7 5T Pytorch HEZE ST,
#£ Win10 #A855 F i NVIDIA 1080Ti GPU fini
P2 (R k. AN I 2k B Hh BEBTLABOI 220 x 220
BRIEGY, ME M2 B, 28K 323
IRIEE B = 0.9 By = 0.999 KIIE R AL 11 (Ad-
aptive moment estimation, ADAM) flifb #8347
1, WG I R E R 0.001, 76 ITS EIZ 160 A
WGRE, B 20 NIRRT 2] F20F; 72 OTS
g 10 SNSRI, & 2 USR5 ) FR 08
}e: #E O-Haze EIZE 100 DN, & 10 ANl
SRR 5 2] FRpR . YIRS At RN E N 8,
RERHLp FIBUCE R 7 X BN 0.04.

2.2

55 S AT SEER XS B, B TS RS e TE S A
Z G FEZ N IIZREE, M OTS HBEHLIER 2500
5K BT B S HL0T B A 25 UG AR = AM)IN R4 B
J&, KH SOTS MM 51 500 K= N A 5 KB
A1 500 5K % M 5 EEORBAL AT I

fE SOTS = WAL ERtiT £ 500, 53
AT R, 25 R an3% 1 FoR. nTRUE ), AL
TR 27k, AE GG 188 %65 (Dark channel
prior, DCP)" J77% % Z AR 8 %, PSNR 1 SSIM
{E #%/]N; DehazeNet!". AODNet!"? fl1%tT £ R EH
AP 2% (Multi-scale convolutional neural net-
works, MSCNN)!M )22 55 77 VAR I M 2% fiti 1+ 25 55
BRI 24, H PSNR FI SSIM % DCP  /MESR T
e Pix2pix £ Z M4 (Enhanced Pix2pix de-
hazing network, EPDN)®I, ["14% I/ F SCRA M 4%
(Gated context aggregation network, GCANet)!"
GridDehazeNet "™ J& T W B AL (1) RFE 2 55 W 4%
(Physics-based feature dehazing networks, PF-
DN)P 2 ROEEHG 38 25 %5 I 4% (Multi-scale boos-
ted dehazing network, MSBDN)®% DL J A 7%
2 g v B v 25 55 W 2%, PR AR AR A T R T

2.3 HEAREIBE LXK 7l P b Teh .
YNet" KM 283 3%, ANRE 78 7 S B EGREAE, P
N T IUEASC L 2 55, S I H2 URBLIF AR, /£ SOTS /MR E LT L%
* 1 SOTS = N INASE L7 45 AL e & LA
Table 1  Qualitative comparisons of dehazing results on SOTS indoor test-set
ik DCP DehazeNet AODNet EPDN GCANet
PSNR (dB) 16.62 21.14 19.06 25.06 30.23
SSIM 0.8179 0.8472 0.8504 0.9232 0.9800
Dk GridDehazeNet PFDN YNet MSBDN V. RS
PSNR (dB) 32.16 32.68 19.04 33.79 33.83
SSIM 0.9836 0.9760 0.8465 0.9840 0.9834
2 SOTS =AML Z 45 A 58 & AL
Table 2 Qualitative comparisons of dehazing results on SOTS outdoor test-set
Tk DCP DehazeNet MSCNN AODNet
PSNR (dB) 19.13 22.46 22.06 20.29
SSIM 0.8148 0.8514 0.9078 0.8765
Jrik EPDN GridDehazeNet YNet A T7ik
PSNR (dB) 22.57 30.86 25.02 31.10
SSIM 0.8630 0.9819 0.9012 0.9765
#* 3 O-Haze $#liR 2% 4 A LA
Table 3  Qualitative comparisons of dehazing results on O-Haze data-set
Ty DCP MSCNN AODNet EPDN GCANet GridDehazeNet KT
PSNR (dB) 16.78 17.26 15.03 16.00 16.28 18.92 19.28
SSIM 0.6530 0.6501 0.5394 0.6413 0.6450 0.6721 0.6756
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VAN, g5 Rk 2 fion. 78 O-Haze $¥54E LT %
FAPY, g Rk 3 fron. R 1. K 2 FiEk 3 ATkl
F R BT At v 2 g X 4% A SCHE H IR 4% AE
JUA DN ER I AR T e s 1) PSNR B AL & 11
SSIM 1. H:+# MSBDN F1 GridDehazeNet [K]FX 4%
R, X SOTS M4 4 & fe J18csi, L SSIM
Fehrmg T AT M4, B g m L/ FXER
R ERAR, S8 55 2 e
WA TF KRR, fE B S5t P A FZ AR HA
FHAH.

A, ARSCA SOTS = PR A A1 = AR £
W AR E 4 5 5 BT R E AN, &7
ERFZBFME TR, Hd, B 4T REENE
BEFEER, THATREINEGEZLSER. BT
DCP J7 VA s @ e b iE g %, HAZEKR
BB G, JCH Y EUR R AA R R TR R 2 X
WEL A AR, 2 ISR B R EILR (A0
7(b) T A AR 2 X 3). 2 DehazeNet
A1 AODNet % Ja G, i KEZSIRE (W0

(a) Hazy image (b) DCP

7(c) H LA RERN I (0 R ), i K2 BT A I
28 KI%, ANREF 7 I BB HFFE. J4h, GCANet H
TR EKE D mIE B (WE 7(e) BIRTFE
BEFIPIAARIL 2%, 15 W 6 R 25 X 3 2 H 3 ) 30 et g
L. 52 AL, B 7(g) R G A g
BRI S . GridDehazeNet FlIAs ST/ 2% $5) A BUAS 8¢
TP R ROR, BT 7(f) A 7(h) ATRAUREL, A
LT3V AT DA Bt OR35S 5 0 A5 B AN 45 {5 B

RAGM T AXEE SN ITEE HSTS JIJ
AR BRI A R, FTLUE H, DCP £ F R R 7%=,
WA 3 R % % (Color cast dependent
image dehazing, CCDID)® PHNfaAn A — € #E Tt
EIFA R, ASCEVERAS R PSNR A1 SSIM {4.
Kl 8 ¢5th 7 HSTS M 3 M EEZst N &
R R, 24, DCP. AODNet #1 EPDN 7=
AR B 2R B, DehazeNet 1 YNet £ %54
IR, ML T, ASCE 25 45 B B g
EIG, B E IR FrRe /1, 1X 02 oD
JRUBE I 28 S HY B RFAIE AR JE A SR A 35

(c) DehazeNet (d) AODNet (e) GCANet (f) GridDehazeNet (g) YNet (h) Our method (i) Ground truth

Bl 7 S50 7ELE SOTS MR R FZ 41
Fig.7 Comparisons of dehazing results with state-of-the-art methods on SOTS
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2.4 FEEXIEE LN

N TSR UEAR SCHR R I 2% AR LS 5 T HE
P, RS Z G L, MR AT Tl
THRHIRR AR, AL T 4 1R F Sk
4% BB AT EMAE V-G, &9 g5t T A5k
H5HAR UM A RN EZS R, WK 9(b) fr
7, DCP AEARBEAL 5 KT AR R 22 X BRI B
HIE IR, FEER GBI LR, W 9(d) Pow,

AODNet SZY)HAE R KR, 2 T B 5 1 EIE
LR RE ok g, P B A LT P A et T
. [FlB, GCANet fEkE — 2 B S0H 55 BUE
fE, MR EHIE, Bl 9(e) 28 2. 3 I
PR 1) 5 0 R 2 IX ekt 00 2 B A R 2 4 i PR
e X I S . A LG AT JURR 77, DehazeNet
BT M R iR P A R €, (L HL T 32 553 40
M2 ZRe AL, WA 9(c) il XA A

X 4 HSTS MHASEEF 45 A0 e & LA
Table 4  Qualitative comparisons of dehazing results on HSTS test-set
Jiidi DCP DehazeNet MSCNN AODNet EPDN YNet CCDID ARITg i
PSNR (dB) 14.84 24.48 18.64 20.55 23.38 18.37 17.22 30.07
SSIM 0.7609 0.9153 0.8168 0.8973 0.9059 0.4725 0.8218 0.9658

PSNR (dB)/SSIM 14.37/0.8168

23.00/0.9190

18.24/0.7808

19.70/0.8125

18.96/0.4221

R

30.86,/0.9694

PSNR (dB)/SSIM 18.16/0.8685  22.13/0.9662

18.13/0.8641

22.62/0.9067

18.56,/0.6069 26.73/0.9359 /1

(a) Hazy image (b) DCP (c) DehazeNet

K 8
Fig.8

(d) AODNet

(e) EPDN (f) YNet (g) Our method (h) Ground truth

HSTS MiksE B SEA T EEF R

Comparisons of dehazing results with state-of-the-art methods on HSTS

a) Hazy image ) DCP ) DehazeNet

9
Fig.9

) AODNet

(e) GCANet

f) GridDehazeNet ) YNet ) Our method
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Comparisons of dehazing results with state-of-the-art methods on real hazy images
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Table 5  Comparisons of network performance based on
different modules

LA A B C D E
54 RDB v v — — —
9/~ RDB — — v v v
GFM — N N J v
EB N N
HDADB — — — — v

PSNR (dB) 28.79 29.52 31.53 32.45 33.83

SRS AT ], Gt g Rk 6 fiok. H DCP.
DehazeNet. MSCNN™ J5y:7E CPU s, HAh
BT URFE S ST AE GPU _ESEBL. A7t
RS9 620 x 460 R R BB KA TE 0.73 5. &5H
6 FIRTIR SO 45 W] LLE Y, AR ST VR AIE i
HGiEE MY (Feature fusion attention network,
FFANet)™ 2% 8 E 52, 5 GridDehazeNet 7772
BEY E N EP S LY RPN A

* 6 KITTIIBATI RN b

Table 6  Average computing time comparison of
various methods

ik CPU/GPU BIEO)
DCP CPU 25.08
DehazeNet CPU 2.56
MSCNN CPU 2.45
AODNet GPU 0.24
GridDehazeNet GPU 0.59
FFANet™ GPU 1.23
VS @RS GPU 0.73
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Fig.10  Dehazed images with some darker areas

R, AR SCTTVE R B0 BAS SE3 ivs oh P AR e ok
T L Z 7557 AR HALE 5 X5 Z AR

).

10

References

Wonkyun K, Jong Y, Jechang J. Contrast enhancement using
histogram equalization based on logarithmic mapping. Optical
Engineering, 2012, 51(6): 1-11

Li H, Xie W H, Wang X G. GPU implementation of multi-scale
retinex image enhancement algorithm. In: Proceedings of the
IEEE/ACS International Conference of Computer Systems and
Applications. Agadir, Morocco: IEEE, 2016. 1-5

Stark J A. Adaptive image contrast enhancement using general-
izations of histogram equalization. IEEE Transactions on Image
Processing, 2000, 9(5): 889-896

He K, Sun J, Tang X. Single image haze removal using dark
channel prior. IEEE Transactions on Pattern Analysis and Ma-
chine Intelligence, 2010, 33(12): 2341-2353

Tarel J P, Hautiere N. Fast visibility restoration from a single
color or gray level image. In: Proceedings of the IEEE Interna-
tional Conference on Computer Vision. Kyoto, Japan: IEEE,
2010. 2201-2208

Zhu Q S, Mai J M, Shao L. A fast single image haze removal al-
gorithm using color attenuation prior. IEEE Transactions on
Image Processing, 2015, 24(11): 3522-3533

Berman D, Treibitz T, Avidan S. Non-local image dehazing. In:
Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition. Las Vegas, USA: IEEE, 2016. 1674—1682

Zhang Xiao-Gang, Tang Mei-Ling, Chen Hua, Tang Hong-
Zhong. A dehazing method in single image based on double-area
filter and image fusion. Acta Automatica Sinica, 2014, 40(8):
1733-1739

(iR, JHDE 5, BRAE, T i, — gl A 00X Sl vt A 4 v &
IR G L B 50E. Bl #4R, 2014, 40(8): 1733-1739)

Wang Yun-Fei, Feng Guo-Qiang, Liu Hua-Wei, Zhao Bo-Xin.
Super-pixel-based mean and mean square deviation dark chan-
nel for single image fog removal. Acta Automatica Sinica, 2018,
44(3): 481-489

(FEZ X, R, x4, Bk, TG R E -7 2 mE i
18 IR ES 2 55 J570. B, 2018, 44(3): 481-489)

Cai B L, Xu X M, Jia K, Qing C M, Tao D C. DehazeNet: An

20

21

22

23

24

25

26

end-to-end system for single image haze removal. IEEE Transac-
tions on Image Processing, 2016, 25(11): 5187—-5198

Ren W Q, Liu S, Zhang H, Pan J S, Cao X C, Yang M H.
Single image dehazing via multi-scale convolutional neural net-
works. In: Proceedings of the European Conference on Com-
puter Vision. Amsterdam, Netherlands: 2016. 154—169

Zhang H, Patel V M. Densely connected pyramid dehazing net-
work. In: Proceedings of the IEEE Conference on Computer Vis-
ion and Pattern Recognition. Salt Lake City, USA: IEEE, 2018.
3194-3203

LiBY, Peng X L, Wang Z Y, Xu J Z, Feng D. AODNet: All-in-
one dehazing network. In: Proceedings of the IEEE Internation-
al Conference on Computer Vision. Venice, Italy: IEEE, 2017.
47804788

Chen D D, He M M, Fan Q N, Liao J, Zhang L. H, Hou D D, et
al. Gated context aggregation network for image dehazing and
deraining. In: Proceedings of the IEEE Winter Conference on
Applications of Computer Vision. Hawaii, USA: IEEE, 2019.
1375-1383

Liu X H, Ma Y R, Shi Z H, Chen J. GridDehazeNet: Attention-
based multi-scale network for image dehazing. In: Proceedings of
the IEEE International Conference on Computer Vision. Seoul,
South Korea: IEEE, 2019. 7314-7323

Dong J X, Pan J S. Physics-based feature dehazing networks.
In: Proceedings of the Europeon Conference on Computer Vis-
ion. Glasgow, UK: 2020. 188—204

Yang H H, Yang C H H, Tsai Y C J. YNet: Multi-scale feature
aggregation network with wavelet structure similarity loss func-
tion for single image dehazing. In: Proceedings of the IEEE In-
ternational Conference on Acoustics, Speech and Signal Pro-
cessing. Barcelona, Spain: IEEE, 2020. 2628—2632

Deng Q L, Huang Z L, Lin C W. HardGAN: A haze-aware rep-
resentation distillation GAN for single image dehazing. In: Pro-
ceedings of the Europeon Conference on Computer Vision. Glas-
gow, UK: 2020. 722-738

Ronneberger O, Fischer P, Brox T. Unet: Convolutional net-
works for biomedical image segmentation. In: Proceedings of the
International Conference on Medical Image Computing and
Computer-Assisted Intervention. Munich, Germany: 2015. 234-
241

Johnson J, Alexandre A, Li F F. Perceptual losses for real-time
style transfer and super-resolution. In: Proceedings of the
Europeon Conference on Computer Vision. Amsterdam, Nether-
lands: 2016. 694711

Russakovsky O, Deng J, Su H, Krause J, Satheesh S, Ma S, et
al. ImageNet large scale visual recognition challenge. Interna-
tional Journal of Computer Vision, 2015: 211-252

Simonyan K, Zisserman A. Very deep convolutional networks
for large-scale image recognition. In: Proceedings of the 3rd In-
ternational Conference on Learning Representations. San Diego,

USA: ICLR, 2015. 1-14

LiBY,Ren W Q, Fu D P, Tao D C, Feng D, Zeng W J, et al.
Benchmarking single image dehazing and beyond. IEEE Trans-
actions on Image Processing, 2019, 28(1): 492-505

Ancuti C O, Ancuti C, Timofte R, Vleeschouwer C D. O-Haze:
A dehazing benchmark with real hazy and haze-free outdoor im-
ages. In: Proceedings of the IEEE Conference on Computer Vis-
ion and Pattern Recognition Workshops. Salt Lake City, USA:
IEEE, 2018. 754-762

QuY Y, Chen Y Z, Huang J Y, Xie Y. Enhanced Pix2pix de-
hazing network. In: Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. Long Beach, USA:
IEEE, 2019. 8160-8168

Dong H, Pan J S, Xiang L, Hu Z, Zhang X Y, Wang F, et al.
Multi-scale boosted dehazing network with dense feature fusion.


https://doi.org/10.1109/83.841534
https://doi.org/10.1109/83.841534
https://doi.org/10.1109/TIP.2015.2446191
https://doi.org/10.1109/TIP.2015.2446191
https://doi.org/10.1109/TIP.2016.2598681
https://doi.org/10.1109/TIP.2016.2598681
https://doi.org/10.1109/TIP.2016.2598681
https://doi.org/10.1109/TIP.2018.2867951
https://doi.org/10.1109/TIP.2018.2867951
https://doi.org/10.1109/TIP.2018.2867951

9 W R 5 HE TR 2 AR LI K 22 R 25 55 P 4% 1867

In: Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition. Virtual Event: IEEE, 2020. 2154—2164

27 Dhara S K, Roy M, Sen D, Biswas P K. Color cast dependent
image dehazing via adaptive airlight refinement and non-linear
color balancing. IEEE Transactions on Circuits and Systems for
Video Technology, 2020, 31(5): 1-5

28 Qin X, Wang Z L, Bai Y C, Xie X D, Jia H Z. FFANet: Fea-
ture fusion attention network for single image dehazing. In: Pro-
ceedings of the Association for the Advance of Artificial Intelli-
gence. New York, USA: AAAT Press, 2020. 11908-11915

BEE RERKZEHAEMNEEL
I e e R U S W N ISP
FE2 2, B BRI AL . A
SOEEEE.

E-mail: yangaiping@tju.edu.cn
(YANG Ai-Ping Associate professor
at the School of Electrical and Infor-
mation Engineering, Tianjin University. Her research

interest covers deep learning, image processing, and
computer vision. Corresponding author of this paper.)

TR RERFHAANMEER
WV U e w0 e s b -2 1 W L
NEMBEZE, IREH2].

E-mail: leexx@tju.edu.cn

(LI Xijao-Xiao Master student at
the School of Electrical and Inform-
ation Engineering, Tianjin Univer-

sity. Her research interest covers image dehazing and
deep learning.)

SKEET®  REERFHAESIMLSER
B R T S e o a2 0 Wl
UG ARG B4, VR PEE 27 >

E-mail: ztf951@gmail.com
(ZHANG Teng-Fei Master stu-
dent at the School of Electrical and
Information Engineering, Tianjin
University. His research interest covers image style
transfer and deep learning.)

FHE RERFHEAANMMEFER
TR B o Fe A, 20 5T A
NEUG L, RS2

E-mail: chen2019@tju.edu.cn
(WANG Chao-Chen Master stu-
dent at the School of Electrical and
Information Engineering, Tianjin

University. His research interest covers image derain-
ing and deep learning.)

OB ORERFEAASMEER
AR BEIRIm. FEEEREFTT W
FLALSE, INEDTHEE.
E-mail: jianwang@tju.edu.cn
(WANG Jian Lecturer at the Sch-
ool of Electrical and Information
Engineering, Tianjin University. His
research interest covers computer vision and cognitive
computing.)



	1 本文方法
	1.1 误差回传模块
	1.2 雾霾感知单元
	1.2.1 残差密集块
	1.2.2 雾浓度自适应检测块

	1.3 门控融合模块
	1.4 损失函数

	2 实验与结果分析
	2.1 数据集
	2.2 实验设置
	2.3 在合成数据集上实验
	2.4 在真实数据集上实验
	2.5 消融实验和分析
	2.6 运行时间分析
	2.7 算法局限性分析

	3 结束语
	参考文献

