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Fig. 3 Hierarchical feature interaction fusion module
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Fig. 5 Sensory fields for different residual block structures
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FENAEBATIR PR VGG 16 T 2B AL R
TEJZ 8 . EASC, ffH] VGG16 Tl 2 Al
53, 5. 152 TRk .

R T 22 % I ARG R I P 5 EAT A R A
I, RICRHT 2 RESS PSR (MS-
SSIM) SRLAFRM L, Wk (4) Fis:

@, (I") = ¢, (1)

Lms — ssim =

R ) (Y
m=l ,U«i +:Uv§ +C,

Kb, . w0 0RIR 2555 5 RUR A i R A 1Y
H. o, o, 00FRR K5 EGRE W E S bR
M2 o, FR 2355 Ja UGORTGE b MR Z el (8 B 7
Zo B, V. NMWIZ BN EZESE, C,, C,
R EIR, B EBRECR 0,

WAL, FEVR T M R B, X e 9t
WA (Ledig®, 2017), FEA SO H X
izt (5) For:

L, = i—logD(I*) (12)

Kb, D) Fom ¥ 255 J5 W EHMG 1 FIWT R 38 il &
BRI

REARUR REANE (6) PR

L = Lo = L1 + o + BL, + yL,,, (13)
Xh, a, B, y NENURREBIVESE, 1A
L, Fa, B, vyl E N a=0.2, B=0.001,
y = 0.005,

20, + C, . (11)
o, +o0;+C,

B
4 3L W

AT FE R TR 18 R RMR 25 55 T s
HETOFMET 2555 ik, TEATFIE BB i
SE it A SCEPERIPAG AR o XUy 2555 5 A4
DCP (He %%, 2011), EPDN (Qu %, 2019),
(Huang %, 2020), FFA (Qin%, 2020), FCTF
(Li #1 Chen, %%, 2021), DCRD (Huangﬂ] Chen,
2021), SkyGAN (Mehta%%, 2021), AECR (Wu%§,
2021), (Yu#§, 2021). ATRIGHEIIHGA 21 525
BOE . B L PG AR DLOE fRE MR TR
i Wn, IR R RS VR
41 IRIEERBIRE

SCEGBEE . AU EIE T Pytorch HEZRSEHY,
7 Ubuntu #8% F ff F§ NVIDIA 2080Ti GPU il 25 ™
AT, R Adam fRALER BEATHLALIN 4SS, gl i
FIFEHB, = 0.9, B, = 0.999, WA HikE K
0.001, fHFHZP K7 X222 %, Gamma=
0.5, 7EYIZRad Erp, A T X B EA T a0, A
OB MR BENLE BT Y, 256 x 256 R SE, SR 0EAT
90°, 180°, 270°MYREMLEEH: . K-V ®i4e . = E#
U g By NG| e e [



PIMIL 55 « JZGURFIE S .55 1 500 B2 P U0 S 1 IR A 1 26 5 I 2% 2839

A AE N TF 18 BB YR £E SateHaze 1k (Huang
45 2020) MIRICE (Lin%, 2019) FiEfh4&H2%
%5 1, 1F SateHazelk 8RS, & 34 F5dE
£, BATHIEE T BRI W E AR . Thin ¥
BE A T BUR M S5 55, Moderate T-4i4 48
W MR A 25 e B A TP AR 55, Thick T4 48 b K%
M55k eSS . ERATFEIRE T, II%GEQ
320 5K EMR, BEAE A T 35 sk EMR, KA
AsTkES . R (2021) F5 M 2 RN 5 ok S
HURL A2 A R, & Uk BE VS A T AR . RICE
Bn 4 R DR B R S, A R A 4R
HIA = R AT LR Bl = B AR, I,
PN FTR A ZR (2021) ¥ RICE $d A48k 2 %5 %
o I, 7 Sctls RICE 3 8548 2 2 Bl
£ RICE BB E WA FEdE 4, RICEL T4
PR S00 X YNRFEAR, XA ST KA =
EUR A —5K To = BUE . 1% 7508 4 th 45 3K Earth 1
£, BdEESZEGER, RFEE /TR
% . RICE2 T-%¥ % /2 i Landsat 8 OLI_TIRS %4/
wAEmMMR, HFEMEHTHEAGHLESEDY
LandsatLook [E12 . LandsatLook K245 H SR E 4
MG B E % . 78 RICE2 T8 8 b0 4 736
R R S12x5 12 M EIG, TS —ikA =&
1% . —ik = BRI —3k = RS . 7F RICE £X
AT, WA TS LG ERMNGRE, TR
TES AR, AR S0 RICE £0ds 454 1R 9
WA | s s L e SO N o2 B 1
AR E I GEHEERDHEIR, FILERM
RN Zrat R, AR SO AR 1 o ) =X e
LT TY 7.

VAN EAR . 0 T PP & RO i tERe, A
K P W {5 M bt (PSNR) 145 A4 A0 oL M 48 %
(SSIM) 1R smiPAhebr, XPIA-FEbrE s T
MG 2 AT 55 TP IEAR Sk I 2 G s i . Ak,
A SR AR R AZ TE 4.3 5 PRI R T 4% Fil
Bk B R AT AR

42 EEHH

AR L E T E MO T £ 0T E
HIEE IR VMR 2R, ERER T A 1 %
0 WIAE PSNR FISSIM | AYIREs 3R, 4514
R, 24 RMA, B3 A OHLARHA, SUIRah
I, A SCHR ) JT I AE Haze Lk 2085 45 LA K

RICE 35 2 ¥ UG T g, JF H 76 PSNR
FUSSIM J7 [ HUAS T A s . o, 5ET
U 25 ¥4 15 F ) 2% 85 8 19 55 3% EPDN., Huang .,
AECRAH I, Z3CHE Thin fog FHURAE 1Y PSNR 43
W E T 5.622 dB, 3.199 dB, 4.457 dB, SSIM 43¢
MHEE T 0.0464, 0.0224, 0.0507, HIETIE UK
EF T SR A Bk FRA, FCTFAHEL, AL
7E Moderate fog ¥ % 4l5 5 I (%) PSNR 73 5l $& 55 T
1.668 dB, 3.977 dB, SSIM 43 %4 & T 0.0068,
0.0191, SEAFEde i h 1y iR A5 £ %5 59 Huang,
FCTF, DCRD, SkyGAN ., 4<3CHE Thick fog +
P4 1Y PSNR 43145 = 1 0.064 dB, 5.588 dB,
6.104 dB, 1.707 dB, SSIM 4> %l #& & T 0.0311,
0.0932, 0.095, 0.0026. -5 [RIFERET X5 321 M)
LAY % 5 1 TBN M L, R SCHE RICE2 F 35
P54 F i PSNR #2557 0.824 dB, SSIM & 5 T
0.0014, LAk, ZEXF AT, (Huang 55, 2020)
P RFEMNE TG AT TR IEE B R
A5 M A T MRS, JF B TR
PEREFR T o SR, B IR (4 AR HOR X B, O
H, ARSCH I A8 A 7 R 500 i 1 50 F L iUS
TH (Huang%:, 2020) WHAYERIERR.

43 TEMESH

ATTE Haze 1k A RICE B9 50 5L X425 2=
FHEM TR . B 6 R B R4 A EHILE
Thin fog T MHA4E b 2225 )5 1 T AL L SERCR . 4n
BT, DCP K55 J7 ¥Rk 2 11 18 B 8 A7 e ™
EEEIRE, iE 6 (b) IR 1k 2 5k E A
F RS> X B, EPDN 2555 5 1 BAR A HH LA
Gt A, (255 )5 1 EHR AT A TR 55 5%
mE 6 (c) 53 EUE P EHEX IR, FFA 2555
Tk EERE B EPDN A B TE, SR H4n 5Pk
HEENAWAR B L, WEe (d) 425k
KR AL HE X I8, FRA 2555 07 VR 52 110 [/ 4%
FEIZ IR 1, T A SC 255 07 WK 0 RS AR %
X e B R0 ELSE RS . FCTF A1 DCRD 2 f5 it 2 1
(X B R MR ) 22 5 i, HARHLBERE LR K
W55, SR TS [ g SR R e AN
], X 16 55 3 5k 1A R mb () 45 R 17 0 s IX 35
13T RESN 55808, X FE 65 4 31 IE 2T HE X ik
TR/ R, RS RR AN 2 . AECR £
507 S TR RO, SR AR I IEE
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MESA ZRBZ B fE—EN Tz, WEe (g)
55 25K AN 3 TRIE R h I SR A B 4 . TBN 555
TIEERFIRER T, 556 W AR A AR A A D
WEE, JFHaEORME, WE6 (h) 545K
FEHhma X, AxEEIkmre () b

AN, W TR GCRE S AR R A 22 R 5k 2 23 i 45
BB APERT, A 7 Fh 255071k, ACEZE
TIEAE IR B RE ORI RN, AE WA 5E L 40 B
0L VORI EE RN AT 2 D7 THT B 4220 1 AR TR R

*1 EMEETE Hazelk HiRE FMESILE

Table 1 Quantitative comparison of various algorithms on the Hazelk dataset

) Thin fog Moderate fog Thick fog
ik PSNR SSIM PSNR SSIM PSNR SSIM
DCP(TPAMI,2011) 13.450 0.7015 9.782 0.5916 10.896 0.5720
EPDN(CVPR,2019) 21.740 0.8821 24.057 0.9103 19.731 0.7860
Huang.w/o SAR 21.474 0.8168 22.094 0.8274 22.120 0.7842
Huang.SAR(WACV,2020) 24.163 0.9061 25.311 0.9264 25.073 0.8640
FFA(AAAL,2020) 24.836 0.9200 26.503 0.9415 22.404 0.8487
FCTF(GSRL,2021) 20.798 0.8802 24.194 0.9292 19.549 0.8019
DCRD(ICIP,2021) 20.966 0.8769 24714 0.9318 19.033 0.8001
SkyGAN(WACV,2021) 25.381 0.9248 25.583 0.9035 23.430 0.8925
AECR(CVPR,2021) 22.905 0.8778 24.035 0.8794 20.612 0.8122
TBN(CVPR,2021) 25.001 0.9127 27.426 0.9447 22.230 0.8431
A3 27.362 0.9285 28.171 0.9483 25.137 0.8951
s i RHA RLRMA S SRR S 5 1 4 55 2 B RISE 3 4
®2 BWEEERICESIEE FMEBILE
Table 2 Quantitative comparison of various algorithms on the RICE dataset
RICE1 RICE2 RICE1 RICE2
Jrik 7
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
DCP(TPAMI,2011) 12.396 0.6286 12.476 0.5356 DCRD(ICIP,2021) 32.310 0.9512 30.298 0.8890
EPDN(CVPR,2019) 29.950 0.9549 27.479 0.8888 AECR(CVPR,2021) 34910 0.9507 33.759 0.8770
FFA(AAAIL,2020) 36.443 0.9633 34.820 0.8968 TBN(CVPR,2021) 35.954 0.9679 34.543 0.9139
FCTF(GSRL,2021) 32.063 0.9415 30.617 0.8595 AR 37.792 0.9684 35.367 0.9153

E: IR RHA HURHA M IRIX BB iR S 1 44, 5 2 A A 34

(d) FFA

(b) DCP (c)EPDN

(a) Hazy

image

(e) FCTF kﬂ DCRD

(i) Our

(h) Yu (j) Ground

truth

(g) AECR

B6 Thin fog K b AT 00445 5

Fig. 6  Visualize visual results on the Thin fog subtest set
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7 7R B9 S 4% 25 55 B8 TE Moderation fog -1l
A F RS G T AR . R,
T DCP L5 kI FAemml, AT iy sl it
TSI IR, AT ZREURASRIEE, N
M SFEEFHOER KRR, K7 (b) TR EIER
TR P A G EPDN %5 5 Ik 7E A
FEMRAE -, B TR RS, SR A
MRS, WET (o) 55 15K 2 5K KR A
CLEAMEX IR, FFA 2555 7 A8 25 40 A ¥ 51 i IR R
AEEG T, HRIGE 8% 5 A5 EHE
T, an &7 w5k S5 AR G 25 43 A A X3
5], FRA EEJRAUA /PSR E, M TE ™M
KEAMABSEG, HEERNEIRA KES

.(d) FFA

(a) Hazy ~ (b) DCP  (c¢) EPDN

image

(e) .FCTF ‘(f) DCRD

5% f . FCTF F1DCRD 25 %5 J5 I (0 ) 5 FFA %5
JrEARL, B2, HAEZ /A S KRN L5
i ST HEXT FFA YT, AECR 2255 7 VLR 55 /0 A A 1Y
A1 EME rh A% FCTEF 1 DCRD J7 i 2% G it — 4
$ETF . TBN L5 J5 i 7E W25 F A BE (] T res2net
TE imagenet ZE 45 LA PO ZRAEAY, B T5IA T4
SRS B, AR 25 43 A AN 150 1 XS A

TAREERRCR , SR MIAR XA SCHRE I Oy i, T
Moderation fog ML Y RIMANA I, BIR
A ST AR T i ERAE AL e ROR 5 R ER
FONEENT, [T IAR G, W TSR R
B DR, AR SCO7 B R AR BT & AT A 4R T

(LT

(j) Ground
truth

(g) AECR | (h) Yu (i) Our

P17 Moderation fog MR8 1 AT HRAL ML 345

Fig. 7 Visualize visual results on the Moderation fog subtest set

P 8 JE R B S 45 25 55 B IAAE Thick fog Tl 4
T EE T RCR . inE 8 TR, DCP 2%
55 7 AN RT3 G 0 AR VK S 1) R B AEAE O ™
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BREGHA T, s (o) 553 ik ar ke
X, FFA 2355 5 DA v 55 AR 1 i R AL
T EPDN, 7£ & 8 MR B (A HE X dk, FFA 25
EHIELEBETHZM% . FCTF M DCTD 2% )ik
FEM 5 M AR 25 35 R AR E, R 8 i 4 5Kk A
%, HARSE W EGE b a5 B, I B
J& 0 EME BB AR 1 . AECR A1 TBN 2528 5 2511
EZRESMY, (HE TBN 2% LfE O RE RS
B B T AECR 2555 )7, tnEl 8 46 13K
FEE 35k X B B LT EAE X . FRIE S (i) Al

Fil, ASCERINE L% k] LUA AL 55 A
TRE TR Z AN FRAE, Rl R 7E @ 8 I A
LA 2 55 i o

19 JE R B 245 25 55 B TE RICEL 4R 1
FFEJF TR . anE 9 iz, DCP 2555
FEEFRNEIRER T KENAFES .. 5 Hazelk
BRI, EPDN 255 )75 4E RICEL T4 h
PR USSR A 55 5% B . WEl 9 (e) B 13K
L 3k EMG P A GHEX I, FFA 7E RICE1 T
WAE PRI, HREER S RIBEFE GG
P, WE9 (d) 55 35K KGR B A 21380 X 38 .
FCTF 1 DCRD 2% J7 1% 25 %5 ) 19 G AE Bt £ i
TR B —a 2z, SRS TR, anlE o Xt
;Y55 2 3 G R AR 3 5K BRG H G 20 G E X3 .
AECR A% HEHA RIFHRFHCR, SR X5
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Ja B R AE T 2 KA 5 51 AZR @, W9 (g)
B 1SRRG AT EAE X S, TBN K25 5 K2 1Y)
P15 B SR AR L L M Il PR (AR AR AT, SR T L 2%
FIEAMIRE, JFHAMRA D EZIRE, W9 (h)

(¢) EPDN  (d) FFA

(a) Hazy

image

(e) FCTF  (f) DCRD

B3R R A EAEX SR, 5 ERITEALL, AL
$e IR ORARE L AE, JFHASMES W
ImE, PRE T 2R RAEE .

(j) Ground
truth

(g) AECR  (h) Yu (i) Our

18 Thick fog T-IHALE b T PLALBLSESS S
Fig. 8 Visualize visual results on the Thick fog subtest set

(a) Hazy (b) DCP  (¢) EPDN (d) FFA (e) FCTF (f) DCRD (g) AECR (h) TBN (i) Ours (j) Ground

image

truth

19 RICEL T4 FATH Ll se s
Fig. 9  Visualize visual results on the RICE1 subtest set

110 Jié s 02 4% 25 25 53 0A 76 RICE2 7l 4R
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2355 7 R 52 R A A8 ™ 5 (0, R L[
EPDN 2550k LR T/ w15, It HIRE M EE
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R LS ROR, AHRIKE 1) R G = SCEAH Y
WE 10 (d) T8 2 5K MG E T I, 1T B A
W B AT X 3, FCTF A DCRD 225 )7 51
€ S ) R TP 2 5 5 A LAl S, dnl&l 10
X R A — AT EMR, IF HARE A IR A 3R 45 X 5k
FEFEhRE, anlEl 10 WXt iy 925 =47 RIf& . AECR
ZFTFIEXT T 10565 2 5K AR 3 5Kk MR IR &2 (1 4%
U, SRR TS 15K EHRMR R A G AR I i, T

HILP A AT 5 B . TBN L% 77578 RICE2
I AR A T A A Dy v O BRAH A ROCR , (H
SEFIASCHR B AR T, ASCHR B AR 10
55 247 T RGO T (RS E 23, JF H.TBN 2355
D5 AR (7 7 A TR
44 HELSEIE

T SRR A 25 % 07 1 R A B AU AT 2L
P, AR S ) 2% 45 R RIASE He ) 9 1) LB i T
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Up Branch) F/R{UALE b3 S Mg A, Horp
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FAFIERIEREE . (3) OTB (Ordinary Two Branch)
FRMIF 32, For b 43 3 00 245 R 35 11 %
ZEPRGEHE, R o3 SR 2% rh R T E A U B R 4%
(4) OTB_MRDCB (ordinary two branch, Multiscale

residual dilated convolution block) F/RTE (3) A3k
fih B A 2 ROE R 2225 WG AsE . (5) OTB_
HFIM (Ordinary Two Branch,

3 2 )
1 !
9 X
- -
Ry ]
il
AT

Hierarchical Feature

- b

(a) Hazy (b) DCP

image

(¢c) EPDN

(d) FFA

(e) FCTF  (f) DCRD

Interaction block) F/R7E (3) FYFERE FInAJZ 9 4R
fEAZ H A, (6) OTB_MRDCB_HFIM (Ordinary
Two Branch, Multiscale Residual Dilated Convolution
Block, Hierarchical Feature Interaction Block) &7~
e (3) ByFEah EREINA T 2 RO 5k 22 25 1 45 1
P, XA TRRRIEAC BRI A
SCAE 0 Fe AL

(i) Our

(g) AECR (h) Yu (j) Ground

truth

K110 RICE2 T4 I nl gl Al 4 2R
Fig. 10 Visualize visual results on the RICE2 subtest set

TH il 52 58 2 7F Hazelk A9 Thick it 4 [ ik
17, ASCHH T BiR 6 F525:, PSNR FISSIM (1945
RANFR 3 PR, ek R 311 3 MEEANAT LUK,
XG5 3 W 2% 0] DLTE — 78 B8 BE 1 g 8% 2 v A AL 7
PSNR HISSIM 5 i HyPERE . HLAh, 38 LA 34>
PRV 4 AL, in A 22 RUBE 25 ) 5 UL Ee ) 5
RUFE PSNR F1 SSIM _E 43 5118 A A B U 42 57 1
1.501 dB #10.0064 . X & H T2 R 23 i 45 FUs
TEARBUE iy AR G5 H A5 B[R], 55 1 1 2%
Bz, JFERE T B UER . A, AT
BGAIF 2GR IR il A BB 0 A 50t AR SCHE 3l 1)
Mo S ML I T 2GR IR Rl G A, 3 o XF
b 26 3050 3 AR AN S AR, FTRLR B, 2
P FRAE il A W AR B3 PSNR AT SSIM J7 Ifi 2 % &
SR, N PSNR F1SSIM L 2 W, 5 4 i By
BERY IR 218 A5 Bz A ik 2 4n -1 so #E Bl &
TR RS R R A AR

1T J 7 T T il S 6 v A5 A5 78 1 ] R Ak 3
R ME VR, A Loy W4T 4832 W 4%
PR R RE S BRI e %5, AR D%
BRER o AL G5 S I 24 35 B0 53 S N 2% e 8 i — 20 U
DEEERER AN 11X B LT EAE X, L4 3

KBTI RS A%, JE B IR E
EEGE, G S AT LD EAE X, A,
T 22 RUBE 2 ) 45 FRURBE P A5 Y 25 25 SR i — 20
$ETE, IO E ERR o M A,
B 15 = AT RS A @R X S, 763U S N 4%
O GARRAIE il 5 R B 55 8 [ A B A A 1Y
AR RE S, WE 11 () 3B A7 EIRh @
RE DX, SR, T2 AR TR A J) 8 X 38 11 2 55 i g s
AR, WELL () 5547 BT 21 e X
MAT B X8, BRI, AR SO B3 52 T 45 155 75 £
el BT 2 RUBE 23 1 4 BB A2 SRAE il
HEH, I HUBAR T R4S RO, A0
555 5 I UGS T T EHR TR 42200

%3 7£ Thick FH##EE LRI PSNRFNSSIM £ R
Table 3 PSNR and SSIM results on the Thick subdataset

HHY PSNR SSIM

OUB 22243 0.8423

ODB 22.325 0.8465

OTB 22.489 0.8493
OTB_MRDCB 23.990 0.8557
OTB_HFIM 24253 0.8574
OTB_MRDCB_HFIM 25.137 0.8951
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Fig. 11 Ablation experiment demonstration diagram

RN E3 “@ L
(@ﬁ% b) # (o) i
K% b i3
(a) Hazy (b) Ordinary
image up branch down branch
5 4 g
RSO T — Pl L TR G Al 5 L i R
32 HF I XUy SO IR IER 255 W 2%, i 2% £ 24

TR FE L B A WS 2 REE BT ™., =
W, RGCRIERE B R 2 GO A8 B A R
P (HFIM) , & )25 R JZ R4 v i B 0 8 1R
S B A BNR 2R iR S, TR BRIk
JE AR F R R (9 255 8]V A I i A B UR 2 AR
HYENTE S o R TR FRAE R 2 R A9 28 T
G, DAULHGTR L% i ZRIARE 1, MK Hh s o
HIIE MR . 2 ROEEAE BRI R 2 R
FR 25 A BUWEEL (MRDCB), FREUEAT AN EZ

P R/NRRFAE BT, 88 I K 12852 B A [] A R A ] 3
FrRle , RE IS B RHE L EAT S 6 1 2 R

LTihuo%ﬂﬁ9ﬁ%%m£ THEMLE, A
SCRFETHEAE PR A T BRSPS T ek
Ao FIART IR, ASCEF I LTRSS I
3 —E S Thas o], Rk, R E R BT %
BEZHKE

2 % Tk (References)

Cai B L, Xu X M, Jia K, Qing C and Tao D C. 2016. DehazeNet: an

end-to-end system for single image haze removal. IEEE Transac-

tions on Image Processing, 25(11): 5187-5198 [DOI: 10.1109/TIP.
2016.2598681]

Cox L J. 1977. Optics of the atmosphere-scattering by molecules and
particles. Optica Acta: International Journal of Optics, 24(7): 779-
779 [DOI: 10.1080/713819629]

Deng J, Dong W, Socher R, Li L J, Li K and Fei-Fei L. 2009. ImageNet:
a large-scale hierarchical image database//2009 IEEE Conference
on Computer Vision and Pattern Recognition. Miami: IEEE: 248-
255 [DOI: 10.1109/CVPR.2009.5206848]

Dong Y, Liu Y H, Zhang H, Chen S F and Qiao Y. 2020. FD-GAN:
generative adversarial networks with fusion-discriminator for sin-
gle image dehazing. Proceedings of the AAAI Conference on Arti-
ficial Intelligence, 34(7): 10729-10736 [DOI: 10.1609/aaai.v34i07.
6701]

Engin D, Gen A and Ekenel H K. 2018. Cycle-Dehaze: enhanced
CycleGAN for single image dehazing//2018 IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition Workshops. Salt
Lake City: IEEE: 825-833 [DOI: 10.1109/CVPRW.2018.00127]

Gao S H, Cheng M M, Zhao K, Zhang X Y, Yang M H and Torr P.
2021. Res2Net: a new multi-scale backbone architecture. IEEE
Transactions on Pattern Analysis and Machine Intelligence, 43(2):
652-662 [DOI: 10.1109/TPAMI.2019.2938758]

He K M, Sun J and Tang X O. 2011. Single image haze removal using
dark channel prior. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 33(12): 2341-2353 [DOI: 10.1109/TPAML
2010.168]

He K M, Zhang X Y, Ren S Q and Sun J. 2016. Deep residual learning
for image recognition//2016 IEEE Conference on Computer Vision
and Pattern Recognition. Las Vegas: IEEE: 770-778 [DOI: 10.1109/
CVPR.2016.90]

Hu J, Shen L, Albanie S, Sun G and Wu E H. 2020. Squeeze-and-



PIMIL 55 « JZGURFIE S .55 1 500 B2 P U0 S 1 IR A 1 26 5 I 2% 2845

excitation networks. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 42(8): 2011-2023 [DOI: 10.1109/TPAMI.
2019.2913372]

Huang B H, Li Z, Yang C, Sun F C and Song Y X. 2020. Single satel-
lite optical imagery dehazing using SAR image prior based on
conditional generative adversarial networks//2020 IEEE Winter
Conference on Applications of Computer Vision. Snowmass: IEEE:
1795-1802 [DOI: 10.1109/WACV45572.2020.9093471]

Huang Y F and Chen X. 2021. Single remote sensing image dehazing
using a dual-step cascaded residual dense network//2021 IEEE Inter-
national Conference on Image Processing. Anchorage: IEEE: 3852-
3856 [DOI: 10.1109/1CIP42928.2021.9506603]

Kim U H, Kim S H and Kim J H. 2022. SimVODIS: simultaneous
visual odometry, object detection, and instance segmentation. IEEE
Transactions on Pattern Analysis and Machine Intelligence, 44(1):
428-441 [DOI: 10.1109/TPAMI.2020.3007546]

Ledig C, Theis L, Huszar F, Caballero J, Cunningham A, Acosta A, Aitken
A, Tejani A, Totz J, Wang Z H and Shi W Z. 2017. Photo-realistic
single image super-resolution using a generative adversarial net-
work//2017 1IEEE Conference on Computer Vision and Pattern
Recognition. Honolulu: IEEE: 105-114 [DOI: 10.1109/CVPR.
2017.19]

Li B, Luo H, Zhang H X, Tan S Q and Ji Z Z. 2017. A multi-branch
convolutional neural network for detecting double JPEG compres-
sion. arXiv:1710.05477 [DOI: 10.48550/arXiv.1710.05477]

Li Y F and Chen X. 2021. A coarse-to-fine two-stage attentive network
for haze removal of remote sensing images. IEEE Geoscience and
Remote Sensing Letters, 18(10): 1751-1755 [DOI: 10.1109/LGRS.
2020.3006533]

Li Z L, Wang L Y, Jiang S, Wu Y H and Zhang Q J. 2021. On orbit
extraction method of ship target in SAR images based on ultra-
lightweight network. National Remote Sensing Bulletin, 25(3):
765-775 (IR U, TEREOC, HI0, SR, SRIH . 2021, R
P25 1 SAR R ALAR HARE R I . S8 IRF I, 25(3): 765-775)
[DOLI: 10.11834/jrs.20210160]

Lin DY, Xu G L, Wang X K, Wang Y, Sun X and Fu K. 2019. A remote
sensing image dataset for cloud removal. arXiv:1901.00600 [DOI:
10.48550/arXiv.1901.00600]

Mehta A, Sinha H, Mandal M and Narang P. 2021. Domain-aware unsu-
pervised hyperspectral reconstruction for aerial image dehazing//
2021 IEEE Winter Conference on Applications of Computer Vision.
Waikoloa: IEEE: 413-422 [DOI: 10.1109/WACV48630.2021.00046]

Mou F. 2021. Research on Thin Cloud Removal and Application of
Remote Sensing Image Based on Deep Learning. Chengdu: Uni-
versity of Electronic Science and Technology of China (2 yE .
2021. H TERE S ) IR 20 = SN HIWFIE . #s: ey
Bl K2%) [DOI: 10.27005/d.cnki.gdzku.2021.001113]

Qin X, Wang Z L, Bai Y C, Xie X D and Jia H Z. 2020. FFA-Net: fea-
ture fusion attention network for single image dehazing. Proceed-
ings of the AAAI Conference on Artificial Intelligence, 34(7):
11908-11915 [DOI: 10.1609/aaai.v34i07.6865]

QuYY, ChenY Z, Huang J Y and Xie Y. 2019. Enhanced Pix2pix dehaz-
ing network//2019 TEEE/CVF Conference on Computer Vision
and Pattern Recognition. Long Beach: IEEE: 8152-8160 [DOI: 10.
1109/CVPR.2019.00835]

Ren W Q, Liu S, Zhang H, Pan J S, Cao X C and Yang M H. 2016. Single

image dehazing via multi-scale convolutional neural networks//

14th European Conference on Computer Vision. Amsterdam:
Springer: 154-169 [DOI: 10.1007/978-3-319-46475-6_10]

Ren W Q, Ma L, Zhang J W, Pan J S, Cao X C, Liu W and Yang M H.
2018. Gated fusion network for single image dehazing//2018
IEEE/CVF Conference on Computer Vision and Pattern Recogni-
tion. Salt Lake City: IEEE: 3253-3261 [DOI: 10.1109/CVPR.
2018.00343]

Shi W Z, Caballero J, Huszar F, Totz J, Aitken A P, Bishop R, Rueckert
D and Wang Z H. 2016. Real-time single image and video super-
resolution using an efficient sub-pixel convolutional neural net-
work//2016 IEEE Conference on Computer Vision and Pattern
Recognition. Las Vegas: IEEE: 1874-1883 [DOI: 10.1109/CVPR.
2016.207]

Simonyan K and Zisserman A. 2015. Very deep convolutional net-
works for large-scale image recognition. arXiv: 1409.1556 [DOI:
10.48550/arXiv.1409.1556]

Song Y F, Li J, Wang X G and Chen X W. 2018. Single image dehaz-
ing using ranking convolutional neural network. IEEE Transac-
tions on Multimedia, 20(6): 1548-1560 [DOI: 10.1109/TMM.
2017.2771472]

Sun X and Xu J D. 2021. Remote sensing image dehazing method
based on cascaded generative adversarial network. Journal of
Computer Applications, 41(8): 2440-2444 (i, 74 4 . 2021.
FE T GRIR A B BT 0 2% 10 2 SR IR 1R 5 7 ik L TS HLN
41(8): 2440-2444) [DOI: 10.11772/1.issn.1001-9081.2020101563]

Tan R T. 2008. Visibility in bad weather from a single image//2008
IEEE Conference on Computer Vision and Pattern Recognition.
Anchorage: IEEE: 1-8 [DOI: 10.1109/CVPR.2008.4587643]

Tang K T, Yang J C and Wang J. 2014. Investigating haze-relevant fea-
tures in a learning framework for image dehazing//2014 IEEE
Conference on Computer Vision and Pattern Recognition. Colum-
bus: IEEE: 2995-3002 [DOI: 10.1109/CVPR.2014.383]

Wang L W, Li Y, Huang J and Lazebnik S. 2019. Learning two-branch
neural networks for image-text matching tasks. IEEE Transactions
on Pattern Analysis and Machine Intelligence, 41(2): 394-407
[DOI: 10.1109/TPAMI.2018.2797921]

Wei X S, Xu Y Y and Yang J. 2022. Review of webly-supervised fine-
grained image recognition. Journal of Image and Graphics, 27(7):
2057-2077 (BLF S, VR M, Ml 2022, 46 B Kb T i 48
B EAZ U 25 R L [ B R B iz, 27(7): 2057-2077)
[DOI: 10.11834/jig.210188]

WuHY, LiuJ, Xie Y, QuY Y and Ma L Z. 2020. Knowledge transfer
dehazing network for NonHomogeneous dehazing//2020 IEEE/CVF
Conference on Computer Vision and Pattern Recognition Work-
shops. Seattle: IEEE: 1975-1983 [DOI: 10.1109/CVPRWS50498.
2020.00247]

WuHY, QuYY, Lin S H, Zhou J, Qiao R Z, Zhang Z Z, Xie Y and
Ma L Z. 2021. Contrastive learning for compact single image
dehazing//2021 IEEE/CVF Conference on Computer Vision and
Pattern Recognition. Nashville: IEEE: 10546-10555 [https://doi.
org/10.1109/CVPR46437.2021.01041]

Yang S T, Wang P F, Wang J, Lou H Z and Gong T L. 2021. River flow
estimation method based on UAV aerial photogrammetry. National
Remote Sensing Bulletin, 25(6): 1284-1293 (4 it K%, M5 K, T18,
SRR, LRIGE . 2021, S5 JC AMLILAS $E5 DNk 4] 18 O kAl
BB IREER, 25(6): 1284-1293) [DOT: 10.11834/jr5.20209082]

Yu F and Koltun V. 2016. Multi-scale context aggregation by dilated



2846 National Remote Sensing Bulletin  # 254  2023,27(12)

convolutions. arXiv:1511.07122 [DOI: 10.48550/arXiv.1511.07122] 1109/CVPR.2018.00337]

YuY K, Liu H, Fu M H, Chen J, Wang X Y and Wang K Y. 2021. A two- Zhang Z L, Zhang X Y, Peng C, Xue X Y and Sun J. 2018. ExFuse: en-
branch neural network for non-homogeneous dehazing via ensem- hancing feature fusion for semantic segmentation//15th European
ble learning//2021 IEEE/CVF Conference on Computer Vision and Conference on Computer Vision. Munich: Springer: 273-288
Pattern Recognition Workshops. Nashville: IEEE: 193-202 [DOL: [DOL: 10.1007/978-3-030-01249-6_17]
10.1109/CVPRW53098.2021.00028] Zhao WD, Li S S, Li A, Zhang B and Chen J. 2021. Deep fusion of hy-

Yuan F N, Li Z Q, ShiJ T, Xia X and Li Y. 2021. Image defogging al- perspectral images and multi-source remote sensing data for clas-
gorithm using a two-phase feature extraction strategy. Journal of sification with convolutional neural network. National Remote
Image and Graphics, 26(3): 568-580 (G AE2E, 25k, hshs, & Sensing Bulletin, 25(7): 1489-1502 (4T, 2101111, 2542, k5%,
B, . 2021, PR BORFIESR ORI B PR 2555 . P R K 50K WRiR . 2021. 255 2 ) i e il 5 2 IR B BB a5 40 25
JE241, 26(3): 568-580) [DOI: 10.11834/jig.200057] FEB AR, 25(7): 1489-1502) [DOI: 10.11834/jrs.20219117]

Zhang H and Patel V M. 2018. Densely connected pyramid dehazing Zhu Q S, Mai J and Shao L. 2014. Single image dehazing using color
network//2018 TEEE/CVF Conference on Computer Vision and attenuation prior//Proceedings of the British Machine Vision Con-
Pattern Recognition. Salt Lake City: IEEE: 3194-3203 [DOI: 10. ference 2014. Nottingham: BMVA [DOI: 10.5244/C.28.114]

A two—-branch remote sensing image dehazing network based on
hierarchical feature interaction and enhanced receptive field

SUN Hang'?,FANG Shuailing' , DAN Zhiping'?,REN Dong'?,YU Mei"?,SUN Shuifa'*?

1. College of Computer and Information Technology, China Three Gorges University, Yichang, 443002, China;
2. Hubei Engineering Technology Research Center for Farmland Environmental, China Three Gorges University,
Yichang, 443002, China,
3. Hubei Key Laboratory of Intelligent Vision Based Monitoring for Hydroelectric Engineering, China Three Gorges University,
Yichang, 443002, China

Abstract: In recent years, deep learning-based dehazing methods have achieved remarkable results in the field of image dehazing.
However, most dehazing methods based on U-shaped networks directly transfer the features of the encoding layer to the corresponding
decoding layers, which lacks information interaction between the low- and high-level features. Meanwhile, the network model designed
based on the U-shaped structure may destroy the detailed information important for the restored image in the process of downsampling. As a
result, the restored clear image lacks detailed texture and structure information. In addition, the dehazing method based on non-U-shaped
network has limited receptive field, which hinders its capability to effectively utilize contextual information. As a result, these methods
cannot achieve ideal dehazing results in remote sensing images with large scene scale changes. Therefore, this study proposes a two-branch
remote sensing image dehazing network based on hierarchical feature interaction and enhanced receptive field. This network includes
hierarchical feature interaction sub-net and multi-scale information extraction sub-net. The hierarchical feature interaction sub-net uses the
hierarchical feature interaction fusion module to introduce semantic information into low-level features and spatial details into high-level
features layer by layer. This way enhances the information interaction between features at different levels in the encoding layer. The multi-
scale information extraction sub-net uses the multi-scale residual dilated convolution module to fuse the features of different receptive fields
for obtaining contextual information, which is crucial for remote sensing image dehazing. The experiment on two public datasets show that
the dehazing method proposed in this study achieves the best evaluation compared with the existing nine excellent dehazing algorithms.
Among them, in the three sub-test sets of the public remote sensing dataset Hazelk, the quantitative index PSNR values of this study reach
27.362, 28.171, and 25.137 dB. In the two sub-test sets of the public remote sensing dataset RICE, the quantitative index PSNR values of
this study reach 37.79 and 35.367 dB. In addition, the method proposed in this study is the closest to ground truth in terms of subjective
visual qualities such as color, saturation, and sharpness, while still achieving the dehazing effect. The following conclusions can be drawn:
(1) through the proposed hierarchical feature interaction fusion module, the deep semantic information in the coding stage is gradually
interactively fused with the shallow detailed texture information, which enhances the expressive ability of the network and restores clear
images with higher quality. (2) Through the multi-scale residual dilated convolution module, the dehazing network proposed in this study
can increase the receptive field of the network without changing the size of the feature map. The contextual information of different scales can
also be fused. (3) In two public remote sensing image dehazing datasets, namely, Hazelk and RICE, the dehazing method proposed in this
study outperforms nine recently proposed excellent dehazing algorithms in terms of objective evaluation indexes and subjective visual effects.
Key words: deep learning, remote sensing image dehazing, hierarchical feature interaction, receptive field, two-branch

Supported by Natural Science Foundation of Hubei Province of China (No. 2021CFB004); National Key Research and Development

Program of China (No. 2016YFD0800902); Natural Science Foundation of China (No. 61871258)



