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Dehazeformer: Nonhomogeneous Image Dehazing With
Collaborative Global-local Network

LUO Xiao-Tong' YANG Wen-Jin' QU Yan-Yun' XIE Yuan®

Abstract In recent years, image dehazing methods based on convolutional neural network (CNN) have made re-
markable progress in synthetic datasets, but the local receptive field of convolution operation is difficult to effect-
ively capture contextual guidance information due to the uneven distribution of haze in the real scene, resulting in
the loss of global structure information. Therefore, the image dehazing task in the real scene still faces great chal-
lenges. Considering that Transformer has the advantage of capturing long-range semantic information dependency
relationships, it can facilitate global structure information reconstruction. However, the high computational com-
plexity of the standard Transformer structure hinders its application in image restoration. To solve the problems
mentioned above, this paper proposes a double-branch collaborative nonhomogeneous image dehazing network,
which is called Dehazeformer and composed of Transformer and convolutional neural network. The Transformer
branch is used to extract global structure information, and sparse self-attention modules (SSM) are designed to re-
duce computational complexity. Besides, the convolutional neural network branch is used to obtain local informa-
tion to recover texture details. Extensive experiments in the real nonhomogeneous haze scene show that the pro-
posed method achieves excellent performance in both objective evaluation and subjective visual effects.
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I(z) = J(2)t(z) + A(1 — t(z)) (1)

Hb, o HERERBRALE; T RAFEE, Bk
BT J AR ILEEE; A XK
s ¢ BB, HAt R AKX IRIR N

t(z) = e P (2)

Horb, d Ron AR B B H b (BB, B
W BONEUR R%. B (2) WA, B E ¢ SRR
d B, gia (1) M (2) W, B EEH
AL TR R 0OE A RGES R ¢, JF Hizd R
—NANIEE 7] L
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B4 H b

K1 RAHEU AR S

Fig.1  Schematic diagram of atmospheric
scattering model

EIRIANFER ) 55 R, TERHARN L5 7
. kU, T SRR RS Sy 38 51 5 AR
S FEPIRRRAL. 5] % — R i T ORVE R R =
ST R, BT AR FE SR A E R E E 1) TR
AFMFEINE AR, e BT E P Y 5
(IR ZERA KRIWFESE) FEURE T & &
AR X IX PR R R 55K, R AL B ER
B B A 25 5 8. P85, — Bk
P2 St AR SR AL 2R T TR 515, A5 2R
FH B 52 21k 11 I 24 A8 8 ok 2 2 52 7% 37 53¢ R DG AR B
BURTESL. B, AR F R ITE 5 5 E
i, HEBELZRHEARTBAA K.

LT ERM BB EF TR B
A& S50, e B SR AE M % (Convolu-
tional neural network, CNN) M& I 51H 55—
TR RO B b ) 5 B S TE T RS T
S AR T B B2 B, X — R TR R
A FHETRIAE. HEEFER)y: BHT6 K

Hm AR 7 tH OB B AL G 35 208 Z U, T
HEMHANAEZE R R NEERT, FEXL
T iEME Lz A B B SR & 5.

AR, B2 FAT 5532 Bk 2 1ok
TV, BB Y 5 i 5 DL R G AN A Ak B K
i (New trends in image restoration and enhance-
ment workshop and challenges on image and
video processing, NTIRE) £ 2020 “£F1 2021 4E3)
H T AR S EME A Z PRI AE, FRPe (it 1 st 2
500 8. Kb RS 2E07 =0 R &M
PREE X 2% 5K B SO AT IR SR e ), FEIRIKFE A 55
Xk T R E SR, HREMKEAFIX
WHRAARMAE. FEERWF: 1) HHE
HRE—NRERHIERR, =2 2 RREER; 2) &
RRAH 28 ) 28 i 2 A2 25 AL ANAR 1, RIAE [R) ) 5 AR A%
A FRFTA A B RHIE, X2 FEUESIRENA Z X
IR,

Transformer 75 H A 5 4L 2 (Natural lan-
guage processing, NLP) 4 /3 B ). 5210t
Ja K, V% mm v SN AT 55 #0228 Trans-
former BACERME 2%, Hoa] DR I s FRE 45 =)
FRAE R FEE UG B8, BT & E SR ST
AT FREURT A PEAS B TSR, AT EXEIE
BTSN EEE, I T Transformer 17775
& BT ENA AL S B TR R ERE. BT
= Ja s B EURE 71, Transformer 7ESUH40 7T
ERE AL, TSR B R B AR E A 55
R RREEN, B EEERN R,

[Xtt, Transformer Al CNN &54H F| T HE %)
FHEZEG RS ERE. O F Transformer
CNN 45 & W3E¥ 51 £ % 751, W Dehamer!™, ITB-
dehaze!, FZ UG HAEHR Transformer FIFIN,
BHBERVHEERE. 5o, K BiEE st
T HOTL token Z [A] PR C &, HAIH MLP
SRR, WG T A YR B R, AR Y
Je 2 B, T RS &) 2 F AL AR A e

AL EBE AR S R £ S AE 5%, HEBA
A X A Sk E S, fF8 B85 FRERE
TGO AR BRI, AL — AN H Trans-
former 43 3¢ FA AR 28 0 245 73 S 2H B R R 93 S 45
¥ Dehazeformer, H:AJ DL7E 73 45 45 BB 22 0 2% (1)
JRI BSR40 g e /7 A1 Transformer )42 R 45
P PR 5 s R R S BAKRE 77, JFd i R e Al &
PR, SCULERS R 55 bR, Bk, ASCE A H
LA IR BUR ZRHIE, 1 5% 2] 2R IE 1R
Transformer AT F1, R 980N g AR ST DR
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TRUNGRAMERE, 8 AR BV E R Bk (Sparse self-
attention modules, SSM) ZZfi# 1+ & 4 KL =y 1 i)
AL R IHUER AT DO AR R RS R T 51 ()
(A5 A, AT R FH V8 B G 25 I RRAE 7 51 51 3
SHRHEF . LAk, S5FrME Transformer JEAHLEL, A&
X ER MLP B # oG BIfE Transformer
JE G SR TR B S R EE BRI
TR, X T HBRMEMN 532, [EHTE Image-
Net FFUUIZRH] ResNet {E ALTAG S, A E7EE
BISIWA ZE R FX AT O, A& R 1% 2
FALS. LIS BRI, AR E RN
BJSI T ALRERe.

1 MHxXIE

BEH R BE 7 ST X%, BB E SRS IS T &
KRG, AT ARSI BMR 5 Z 7 i KBy =28,

1.1 ETF CNN WG

DMPHN" & H —Ff i (1) 28 B 22 R EZ Ik
155 W4, AR EHE B R 2B SR AE.
KTDN™ $& i —Fh kiR 2818 22 22 07 7%, F1 18 B 1]
BRI SR T 2%, DL AE 5 K 10 6 i R O 56
T 3 BTSSP R 2 A AR o (R RRAE 2 1) ) S, B
il 2 % W B REA ZOT R 2% . AtJwD! it — 3t
#] DenseNet & fith 2% A1 Y /N AS 5] fo) g i 2% R Bk A Ak
HsE R, RSB R, & EETEE
JIRAE AN R I RFAE , JETE A 2% 1 4% B 257 In-
ception MEH KA Bl AR & 0 25 42 5 X 3 2 2R IR AIE .
ERRA-Net!" $ H —FhJE T 22 43 30 vE 2 SR e 1) g
Bl g A E S HAR E R F WK AR EE S
E TE 7 7= I, SR FH e e 40 O Al s 3
Wi & IR AT AL, v Pl A R 2 Bk
G ARS 2 %, MPSHAND JH —Fh %
UGN 2 R 2 2R A W4, B 2 2 b Ak e
JE G SR 5 A AR DL R A A 0 SRR AT AR A,
TR R RIS AT LT, R 22 R A5 3
T RART

1.2 ETERIHME G A

DW-GANY & Hi — T B il Np A4 2 55 W 45
it DWT {REE 5 Z ) m s mnil; wpiibdilG, 78
HR H IE N4> K ImageNet Tl 25 H] Res2-
Net, SKHEm M4 Kz g /75 e, R T EHK
it % il A V2 JE B BB AT 22 Oh 2 AL B DB-
CGANU F& H — P X533 A= 1 1 2% A0 A2 Rt it
W%, B4E U-net 4514 73 X 22 J2 5k 22 4514 41

FER A8 HR A R 1 9 258 S LRI B
1.3 E7T CNN # Transformer H8LE & /I E

AR, FE T CNN (1) B i 8 B 5 2] 5 AE
MG i 7 gt e, (HEdE s L%
A SR IE A BR. Transformer F1 CNN Z54
FTAE 51 55 BUR M 25 IS # 2E. Dehamer™”
P HE I 52 2] PL Transformer REAE R 244 1 il
FE RGOSR H CNN R, BT 1 A% a8 = 47
BRI W55 % B O 55 B 5] N Trans-
former H, ZBEHALSE AR XS 7 B, b 0] LB R
ANTR] 23 6] X 35 1) %5 % F% . 1T Bdehaze!! Wit —"%
I FER R Ak B 5 S R 33 AT B5HE 3 5 D Je — A S
T Swin Transformer™” 1 RCAB! [{] X 53 S #5714
gh k). BARH AT E A Transformer 5 CNN 454 1)
TAE, (BEAES S G £ 5 F A = RS IIRE.

2 AXFE

TR ST EUE £ F AR5, AR T 2R
Je 3 [F AR5 51 MG 2 55 4% Dehazeformer, &
TERCA BRI E N 25 A1 Transformer, [F]H) 2% 2] &
AU TE B A A R BB ENRR. WE 2 Bk,
B2 08 — N w2 AR 25 40, o gm L 4%
fu45 Transformer 79 SZ FIGFAMPZE 255052, 4T
B ESEG RN, —J7HiE Transformer %
T #sr SCRE EE A R s M RoR, R AIH EH
HRIE I G B S| T s B S R R —
T, 38 I AR 22 I 26 73 S 3 B G ) R B SO AE
SR THEEERGSEEAT. &5, #E™A KW
YRR JE fan N B D 2 T 45 21 25 55 KA.

2.1 HHEESY

2.1.1 B#& Transformer B

HAREMG A & o gn 15 fgnta s 8, 1L
A PG e 20 53] 1 4 A e o 4 Wk S M 1) Sr EE 4
. B AN A, Han 251 $2 H A3 Transformer
B ME = G0 i N\ P32 U= S 83 B, B
554k Transformer 7£SCEEAH TR E 7 HIFA 2. H
T Transformer A5 B KHTHREE &, HIGMN—
N Transformer DSR2 >R 3 K THE & 7).
RFRPRIXA )8 AR S HE AR Transformer 2 Hik
NGRE, AT R0 KGRI E N4 AE 7 H 8
ERsE el

FrifE Transformer™ #1535 5 B EUR HAE A
N, FEEMG R R S R R 2 ) 1R R R AE
(Anfa A ) ARHMESREL; S4h, Kb |iE s it
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Schematic diagram of architecture of collaborative global-local network Dehazeformer for

nonhomogeneous image dehazing

VET AT token Z W] I FEAK R OC R, Z0E T 2]
HEFE BRI, X R R E 1S A R B B A
RE TR ¥ &, M52 Transformer FIPEAL R
DR FOR )@, A SOR U R AR L AL E A
Transformer JZ %N, 5 K& YAE N Transfor-
mer fI ANAF], AT A H Z A G ESEEUR /)
RE BB FFAEYAE )y Transformer [ 5E 7 & 7

5, B HAd N F2T, AT AR RN
X' =F2T(X) = ReLU, (Conv, (X)) (3)

o, X ARSI A BRI, X e R X XD
RS, WA H 43 RN AN A, D 2l
TERECE, ReLU(-) R4 MR LBUE R AL, Conv(.)
RRGREAE, n G EE. K5 2] 2R
AEWLETE A Transformer FIHIA A, 7850 KIEG
TR 22 X 26 $2 B Z REAE AR 35 [R) s 980/ N R
ST UABRAR I 200 i

%% Transformer 7] U342 JR FRpAiE AT AR5 L
= BARHE I A K, AR A Transformer ) H
VE B IS g AR S BUR 2 55 n) L, BRI 7 i
PG G| 3 M 2 B Z BRI 4 E B, 1
F2T J&, ff £ > Transformer EA{E N4/ 7531
Yt #s. X T4 1 4 Transformer JZ, A] LR IR N

F'™! = LN(MSA(E(X")'™1)) + B(X")'™1)  (4)

()

Hp, PRSI ERHE, B() A8 E L E
8, MSA() A% EERT, LN(-) NEH—1E,
ConvBlock(-) AR, EHE = LA Ll 2
FHICA RN 551 Z 18] 45 BRI A P 375 il
T % WL 51 51 24 Z R AP 21, Wi 3 s,

(X/)l = LN(COnVBlock(Flfl)) + pi-t

Ebr#E Transformer JEM L, A MLP &
BRI, BIYE Transformer 2 H il A5 A1 B H
TRk BvEE SR E SRIEE TR 2.
2.1.2 WHREEENIE

HER 1B /& Transformer FIRZ ORI, 3
BT ¥ BB RS HERR, R LEEE UE
BARH, 12 e W2 Transformer 1HH & 44 & &/ £
BRK. REAR A Z ZE RIS A A % K
BT RAE, MK Transformer ZHA KR
P ARZE AR R B R R R

ASCEXS AR S B £ AT S, BBAR
XIS AR S5 AN 55 1) 22 5. fE4 JRJu [ Nt AT
FRAE A ] B 2> 5 NBAMPE S | (RN B AR
23— BUE N 2 HT query BEAT AL, NIk,
ARSCAN 8 T ) s RO R A 1 E AR AL
THE, ARG TR SR &, 3 RS2 Y. %2 Guo &Y
I Zhao S B3 K, AR SO FHAR R H 3 = 18R
/> Transformer EMTHRE R 2. W& 3(b) A
7w, S8R query BATIEE JITHREAR, A3
FRRR R R IR KSR A ) i
ITHEB IS, BiEEE RN RS, N
1M F#AIC Transformer FE S 3. X F/KFHE
B, R 5T P ) 2 [ R RS SUE B R &,
HEKPLEE FRE LT XRRER. N TEEA
EE, RS P8 2 8 I FEE S B

, FEREEET RS ETXERER. £%H
TER ] MSA W LLRIRA

head; = Softmax (QJ(\I;C;)T) 1% (6)

MSA = [heady; ---; heady] (7)
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patches

(a) #5#fE Transformer 2
(a) Standard Transformer layer

K 3 FRifE Transformer JZRIASCIEH RS

Architecture comparison of the standard Transformer layer and the proposed hybrid Transformer layer

Fig.3

HH head RniFE IR, K, Q 1V £
SMREE, § B 1MIEERIRN 1<j<h W&
51, d RIRANPRN, b 22k BiEEJH k%
. A, SOTRPY 3= LA T fift phe SLA5 781 1) 81, L
SINAT 2% 3] AL B A GatD 8 N 2B token BA
TRFFALEAE S, I 2 AN RAE S ) e A7 B
i, ForR ) 0TS 4 IS, f N T A BT 2 E
WEBE LR, NT F— YA 2 A e EE
(PIFHARAL B A 2 e A B 2 0 5K 3R B — It
¥, HE DR E 7 21 () B 4 AR RSP # A AR AN
AT SOTR, HEEI BB ZEEZ/ENEES, 72
PRI S5 KRNSO T, X G ARAE A7 B G b AN
B, BRI AR SCERG B B V= I p LBk T AL E
RN 0, A G AR 7K - A i B RRE 7 B B A R R
ﬂﬂ?@@ SEAENES
e NEG 1 e RS waEn =2 S
*Rﬁ%hﬁﬂﬁﬁ F e RH/EXW/EXC (0 IR iE 18
), 285 Transformer E¥RFIEH N7 N x N
PUPg) P, € RYVNVXC A HER R KT AR
JIRSEHURI I B E 3 = BN RN 2 6] 4 A
I1xNxC FINx1xC. N5EMRIKZEEZMGE L
HOXWANEZERZ I N x N x C 5.
28 ERTIR, AL Transformer 73 3CH HiFE = /1AL
W TE B E AN O (H/8) x (W/8)2 + (W/8) x
(H/8)?), A T 45 Transformer M) 1HH AR

A Conv block

i Emdedded .
patches

(b) i&#A Transformer /=
(b) Hybrid Transformer layer

Transformer = %5 ¥ %t b

O((H/8)* x (W/8)?).
2.2 YIREESY

Johnson &5 F FH TN 254511 VGG AL $E Y
FEAEAVE AR 20, AT $2 T+ SO0 7 1 B i P e
B 4y SRR AE N SO BRAFAIE S 502 AT AT . R
AR e FAE ImageNet Ha4E LTI 25 Res-
Net101 BRI B Z N 7 S ISE S 2, IF
W HAEA 8RR FEAT R,

W 4 FroR, J8id ResNet101 #81 A] DL £
1/4+ 1/8+ 1/16  1/32 UNEFERRHE. N T 725
FIFHAS R4S B IHRRAE(E B, SZHRRAE 4 - 35 I 2 2
()8 R, K DU A BE IR AE AT b RAE R ARG AE 38 55
JE RIS 4 AT RMERL A, SR A S RHIE
L FAS 3 x 3 KNSR DO S5 R AE I 4E RS .
Kl 5(a) Fis, FROEIGSRBE 3 2L i B AUE S B0OS R
M ReL U, 818 HE = IBHAME R B E = IR
PR, 32 TRk 5 X skt A RE . Wil 5(b)
Fiow, I8 H S B 3 B P AL 2 B
PO PR ReL U 3075 PR 2L Sigmoid M, 45 H

G157 2 SN EIE R, X SR E () R NE— e FE
FL&@%T%HL@%{M’@%&P WK 5(c) AT
N, B F BIER B E T AR B 5L ReL U,
WO PR AL Sigmoid F R, 1IEER 7 5T 5 ] R AME R
AR | I SR R 1) KNTE — e FE R R T X
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AR 2R AL Y B AR
2.3 REKEH

AR I A5 K R E A FE A7
R L, FUEFAR Ly, DAT X 2% T4 2% o Aotk 47
TEA 4.
2.3.1 F@Emk

AR FI xR % (Mean absolute error,
MAE) Wl & 2 55 45 F 55500 W 775 i B8 2 8] 1) 2 25

Ly =l J (8)

o, |-l RN Ly 68 T REFZER, TR R
R BT R
2.3.2  RREHRK

D — 5 T R SR L, ARSI

5 P VR 45 SR B 2 25 5 SR 0 LT T P 2 ]
JRARFAE PR B

A 1
L,(I, J)=

eyl UOREACH O
Horr, g MTNNZR VGG16 M 45 S ISR i 2 &
SURHEMBRAE, Ci, HoFOW; 50105 0 R
IRETEL, FEERE L, A SCRIL VGG16 (15
2+ T 12 JZBUBRIRAIE T SRR K.

G LTI, AR B ST R
L=1L.+1L, (10)

A CHEH Transformer FNAEFRAHZE /R 45 X043 52
fbA AR S B £ S Nk, IR RE WA 1.

2 1. Dehazeformer VIZ&HE
BN AT R0 B KT R () 375 W7 4R 4 Diasy s Detear s

_ ERH RN .
R
< SRR AR [
ResNet101 >
L RAE RS o
. —
—

K4 SO EE ) SRR LR A LR

Fig.4 Feature fusion module of texture reconstruction branch

|

(a) FFAEHGBRA

(a) Feature enhancement module

(b) &l R

(b) Channel self-attention module

(c) BER BHER B

(c) Pixel self-attention module

K5 R s L i A

Fig.5 Feature enhancement module and attention modules
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BEEE X, EWEIR Y; #UemXh m, SN\ S E
B Engans(-), BOREES L Encenn(+), FEIDEE De(-).
. 2ZEIE .
1) while KIS, do
2)  MWHBNA ZEIEE Duasy s Dotcar HHEFURFEFEA
X ()it (Wi)isss
3) M Transformer 33 [ [R5 45 14 5 g 2 A 245 2 X
R Faobal, < Enrans(7);
4) M CONN F 5 KIS 5 2 4 10 25 $2 BUR B AR
fiE: Focal, < Encxn(z);
5)  XPMEREREATRE G
Fiusion, = Concat(Fyiobal, , Flocal,)
6)  FbE G IRRAER N fRS A% A A EHR: o
D e(F‘fusi()nI ) 5
7)  JEEHIKEREL (10) TEHT Dehazeformer HERY IR
8) end while

3 SKWHER5SHH

3.1 BIRERIWIRE

3.1.1 HUREE

AR NTIRE $b6% 3852 H 19 A3 51 B 5 2
ZHAREAE NH-HAZE20. NH-HAZE21 #4725 A0
WA, FALE L ZALUE AR S 5 A B
SEEAMg R, BE S S A NH-HAZE20
HHREAT 55 WA F-EW K, L 45 x5l
ZRE. 5 kIR AEA 5 kR, BE RN
1600 x 1200, fL8&%Fh P 40750 T 5 0 A A 55
I A . NH-HAZE21 % 25 XA Z—iFEm EIE. 5
TRIGUEEERN 5 TR A, R IR RIS H Ar
BB AT, BB 1~ 20 1E RN, 21 ~ 25
VERNSAEEE. B3R &R, SRR 38
807 AT B s 1 5.
3.1.2 SCIOHYATS

TENZIEFEF, FFREA R T R AL Y 2] 256 x
256 K/, HEH Adam (8 = 0.900, By = 0.999)
ERRALSS, HEALER K/ NEA 6. VIR R & E AN
1x 1074, %T NH-HAZE20 il NH-HAZE21 %
B —IIIZR 60 %, [R5 5] RAERE 20 Fe AT
— R 0.5 5. TG Ea S EG R, &
HFEHLEEEE (90°, 180° Fl 270°) FIBEAL/K T HH 425
77 AT B IR 5. RIS NTIRE R8G5
PRERFE 4 H PR Fa b, AR A PSNR. SSIM
A LPIPS 1B NEIE £ Z v fehs, L PSNR
F1 SSIM B byl ik i, LPIPS $8FRRKHRIF. A

Sk FHIR 27 2IHESE Py Torch SKIZRAE Y, #EA5
IS FEZE NVIDIA RTX 2080 GPU 52,

3.2 HEhSIG

SNIGIF A 57 Dehazeformer VAR R
BHRE, AI5E NH-HAZE21 M85 F 347V mb s
55, FEEXTR S Transformer 2 (Hybrid Trans-
former layer, HTL). M H i 2 i, g5fE
43 3¢ (Structure reconstruction branch, SRB) #ll
LI E 9> % (Texture reconstruction branch,
TRB) & | 6 Mg Ak, I HAE A 55500 i E
FRHAT SR ANME. BARSEIG B E R

1) Baseline: J:Aiti X 4%, EIA5#E Transformer 73
PaAEEY

2) Baseline+HTL: A& Transformer JZ#
bR Transformer JZ;

3) Baseline+SSM: FMibi H v & /AL
PRt FE R IR

4) SRB: S5 E 7 5, RIAEZLA N 25 HH N
1R & Transformer R ARG H = I

5) TRB: S #7332, RI/E ImageNet F i
AT TIZE) ResNet 4%

6) Ours: AL J7v%, R 45 16 B4 4y SZ AL
PRE .

3.2.1 JB& Transformer EBMIED

1A Transformer JZi# i K b5 Transformer
JEH MLP &G R, H T3 5% Transfor-
mer JZ 15 #E BPEELEE 77, Wk 1 FoR, IIATR
4 Transformer ZEAHXT T 2EAHM 255843 T 0.64 dB
() PSNR 125, [F# SSIM A1 LPIPS 143 53k 45
0.0089 F10.008 3 [ ad. eAh, TERG B HVE R 1B
B BLmt - in AVE4 Transformer 23515 7 0.54 dB
() PSNR 75, [ SSIM A1 LPIPS 4y 53k 75
0.0097 #10.0085 K3, Wil 6(b) F1EI 6(c). &l 6(d)
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Table 1  Quantitative comparison of ablation experiments on the NH-HAZE21 test dataset

Jiik HTL SSM SRB TRB PSNR (dB) 1 SSIM 1 LPIPS |
Baseline X X v X 21.24 0.8339 0.1849
Baseline+HTL v X v X 21.88 0.8428 0.176 6
Baseline+SSM X v v X 21.54 0.8361 0.1837
SRB v v ' X 22.08 0.8458 0.1752
TRB X X X 21.62 0.856 6 0.1740
Ours v v v 22.44 0.8631 0.1597

(a) AEEH
(a) Hazy image

(b) Baseline

(¢) SRB -

(e) SRB (f) TRB

(b) Baseline

(f) TRB o

A
Baseline+SSM
Baseline+SSM

(c) Baseline+HTL
(c) Baseline+HTL

(@) AXTE () EIER

(g) The proposed method (h) Clear image

Bl 6 1 NH-HAZE21 WA b3 Rl st it o th s
Fig.6  Visual comparison of ablation experiments on the NH-HAZE21 test dataset

#* 2 JB4E Transformer 25 Twin Transformer |27
NH-HAZE21 Il _E (7 fh sk 56 e B b g
Table 2 Quantitative comparison of ablation experi-
ments between hybrid Transformer layer and Twin
Transformer layer on the NH-HAZE21 test dataset

I PSNR (dB) + SSIMt  LPIPS |
AT VEAL B IR S 22.33 0.8611 0.1613
Twin Transformer 2 22.29 0.8611 0.1613
VB4 Transformer 2 22.44 0.863 1 0.1597

1k, M > Transformer ZEHTHEEAE. 11k 1
Bz, IG5 H 1 B BT T 36tk X 2% 3R A5
7 0.30 dB 1 PSNR i35, [FIE, SSIM A1 LPIPS
43 B3R5 0.0022 F10.0012 FIXE 5. ML T 5k
Baseline+HTL, 7772 SRB HIN AR B [ 13 & Sy
B3R5 7 0.20 dB ) PSNR #4725, [ARf SSIM Al LP-
IPS 4313575 0.0030 F10.001 4 FI3E3E. Wil 6(b)
I 6(d)s F 6(c) FIE 6(e) Fra~, IIAFET HE &
JIRR G Re A SR T L S RE. Ak, xR
A FE AT IR, A SO B AR 7 Transformer [
FEADIF AGSEBUN 146 G, TR ARG E1EE 1
M2 93 G, BeH BURD TR Z 44

3.2.3 LHMEESIBUMESH

S EES LA BRI EZERNSEHE
B,k 1R, SINESEE#E S X TRB kit
AT UNERAE L, NG540 B 2 O SCIAR ST 3R 13 T
0.82 dB [ PSNR 425, [FIf) SSIM fl LPIPS 53
HI3R13 0.0065 F10.0143 (193825, WK 6(e) FE 6(g)
s, MANEGEMERD G, 371 7 L5458
WA REER ). 2% LRk, FUR S E 2 5y (i
HRGET 2 Z R
324 LUIEEERSIBUMSH

SR ) SOR AR T 2 55 45 R R A
HHeJ1, R 1 s, 5AUE RS E#E X
SRB AT IIZRAE L, hn N\ S0 5 4 4y XA SC
FHiEHAST 0.36 B [ PSNR 12, [A] SSIM Al
LPIPS tH73 5135453 0.0173 F1 0.0155 A5, 40
K 6(f) A1 6(g) Fras, IMASCHRE# 5, 187
T EESERP RIS E R R, 45 LR,
GUHEH 0 SCREA SR THE S UR.
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LS N VA 72 NI L T N | B S T Ay B S O
TS LE AN 23 #r IR L R 22 5 A B DCPRL
CAPEI AOD-Netl?1, GridDehaze?, FFA-Net!",
MSBDN®, KDDNEF, AECRP, MPSHAN™., Tra-
nsWeather®, Res2Net+RCANE, DB-CGANI,
FADehazell, BiN-Flow®!, PFONet??, SDDP,
TUSR-Net? 1 ITBdehaze.
3.3.1 S5ERAFEAE NH-HAZE20 HUIBRERIRTEL
W% 3 fisn, Dehazeformer £ PSNR. SSIM
1 LPIPS EHIME N 22.16 dB. 0.7345 1 0.2501,
H5EWMEZEAMLIEAS T REMRS. 5 1T-
Bdehaze #itt, Dehazeformer fE PSNR Al SSIM
EAEkAF T 0.72 dB R 0.0245 [ aE. Rk, A
EAEME R Pk B Y AT AR 21 2 FZ AU K, &
N TR e, R T B HE T Dehaze-
former FHA 32 0 25 55 07 V5 09 E AR B 22 55 RR
&40 777% DCP AF(E ™ B Ak A SUELN T &
g a) @, e F BRI %A % 3 s AN R I R
5. T2 S ) R EHE 255 771 GridDehaze, FFA-

Net. KDDN. AECR &5# 47 (£ 2t 25 B ir) i, Grid-
Dehaze. FFA-Net 1 KDDN iR fEfE — i, 5
MSBDN Hl TransWeather /7 VA G, A7)
DA S B 47 4n i Tk R .
3.3.2 53X RA5E7E NH-HAZE21 BUBERITTEL
HNiE— 5 I E Dehazeformer A &M, A
5 HAd ) 32 25 5 VEE NH-HAZE21 $¥s 4
AT X, a0k 3 B, ASCHE ) Dehazefor-
mer £ PSNR. SSIM 1 LPIPS _F/{fi}y 22.44 dB.
0.8631 1 0.1597, 5 F M K5 7 iEAH LI EUS T i
HFRIZRI. 5 ITBdehaze H L, Dehazeformer 7
PSNR # SSIM 43 73K18 7 0.77 dB A1 0.0251
(3 2. DRk, A SCTETEERE Lk B M ar AR &)
FEAS KT, R T AR . R 8 R, B
tb#% T Dehazeformer A A 27 2 25 7 VA H FEW
e 2 B R0R. FRE, 40077 DCP 47275 ™ & [
O RN SUER T 5 R ) R AR ST TR I 2 B 4
BT 22 ) i HAD 37 2 % )77k GridDehazes
FFA-Net. MSBDN. KDDN. AECR #il TransWe-

#* 3 1 NH-HAZE20 fl NH-HAZE21 JWiA4E I 5 R A S HENE REE (F: — Rz iRk guEmg)
Table 3  Quantitative comparison with mainstream dehazing methods on the NH-HAZFE20 and
NH-HAZE21 test datasets (Note: — indicates that the method does not provide source code)

. NH-HAZE20 NH-HAZE21 NH-HAZE “F¥#14
ik PSNR (dB) 1 SSIM 1 LPIPS | PSNR (dB) 1 SSIM + LPIPS | PSNR (dB) 1 SSIM 1 LPIPS |
DCP® 11.64 0.4533 0.5365 11.57 0.6278 0.4486 11.61 0.5674 0.4926
CAP™ 11.54 0.4188 0.5724 11.56 0.5848 0.4865 11.55 0.5018 0.5295
AOD-Net?" 13.44 0.4130 — 15.20 0.6413 0.3103 14.32 0.5272 —
GridDehaze®! 17.63 0.6668 0.3046 20.08 0.8134 0.2332 18.86 0.7401 0.2689
FFA-Net!! 17.44 0.6543 0.3340 20.51 0.8139 0.2315 18.98 0.7341 0.2828
MSBDN® 19.01 0.7033 0.2858 20.89 0.8207 0.2393 19.95 0.7620 0.2626
KDDN# 17.25 0.6602 0.3121 20.64 0.8156 0.2170 18.95 0.7379 0.2646
AECRP 18.58 0.6575 0.2809 20.81 0.8269 0.1865 19.70 0.7422 0.2337
MPSHAN!"! 18.13 0.6410 — 18.97 0.7810 — 18.55 0.7110 —
TransWeather®! 19.60 0.6990 0.2699 21.72 0.8368 0.1972 20.66 0.7679 0.2336
Res2Net+RCANP 21.44 0.7040 — 21.66 0.8430 — 21.55 0.7735 —
DB-CGAN!" 18.29 0.6330 — 19.33 0.7910 — 18.81 0.7120 —
FADehaze™ 17.44 0.6300 — 20.50 0.8400 — 18.97 0.7350 —
BiN-Flow™ 18.63 0.6340 — — — — — — —
PFONet 20.09 0.6583 — — — — — — —
SDDF — — — 22.15 0.8350 — — — —
TUSR-Net?! 21.96 0.7254 — — — — — — —
ITBdehaze!" 21.44 0.7100 — 21.67 0.8380 — 21.56 0.7740 —
AILTTE 22.16 0.7345 0.2501 22.44 0.8631 0.1597 22.30 0.7988 0.2049
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Fig.7 Visual comparison with mainstream dehazing methods on the NH-HAZE20 test dataset
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Table 4 Quantitative comparison with winning

schemes of the nonhomogeneous image dehazing

challenge in NTIRE 2021

Tk PSNR (dB) + SSIM 4
DWT dehaze 21.99 0.8560
Mac dehaze 21.66 0.8430
Bilibili AT & FDU 21.24 0.7882
VIP UNIST 21.17 0.8360
Buaa colab 20.13 0.8034
KT 22.44 0.8631
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