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Image Dehazing Algorithm Based on Frequency and Attention Mechanism

WANG Jun"?, MENG Ru-Jun', CHENG Yong"?

'(School of Software, Nanjing University of Information Science & Technology, Nanjing 210044, China) T
*(Science and Technology Industries Division, Nanjing University of Information Science & Technology, Nanjing 210044, China)

Abstract: Atmospheric fog and aerosols can significantly reduce visibility andidistort colors in images, bringing great
difficulties to advanced image recognition. Existing image dehazing algorithms often face problems such as excessive
enhancement, loss of details, and insufficient dehazing. To aveid eicessive enhancement and insufficient dehazing, this
study proposes an image dehazing algorithm based-on frequency and attention mechanisms. The algorithm adopts an
encoder-decoder structure and construets a dual=branch frequency extraction module to obtain both global and local high
and low-frequency information. A fr"eqﬁency fusion module is then constructed to adjust the weight proportions of the
high and low-frequency information. To optimize the dehazing effect, the algorithm introduces an additional channel-
pixel module and a channel-pixel attention module during down sampling. Experimental results show that FANet achieves
a PSNR 0f 40.07 dB and an SSIM of 0.995 8 on the SOTS-indoor dataset, and a PSNR of 39.77 dB and an SSIM of 0.9958
on the SOTS-outdoor dataset. The proposed algorithm also achieves good results on the HSTS and Haze4k test sets. It
effectively alleviates color distortion and incomplete dehazing compared with other dehazing algorithms.

Key words: image dehazing; dual branch frequency extraction module; attention mechanism; feature fusion; encoder-

decoder structure
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ARSCHEH T — AN T AR 5 93 5 0 1) i 3 g B
18 £ Z MY (frequency and attention mechanism of
the image dehazing network, FANet), $ 3= 2 [ 4% 45 14
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I3 AN HEHN (dual branch frequency extraction, DBFE)
BEHAMIBFFlA (frequency extraction module,r‘FFM) i
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B, RHIEE B3 20 08. 7258 3 ML, K358 )5 1 e
1IE Bl N\ RS 22 o B, IRl S B RRIEAT R AERAE,
T VR F 3 15 27 & 77 (CPAttention) A5 B AT AT
B, KRR B AT Rl & 52 30, A R % B AL
B E R, 2R BN TP IE R R BN UE
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module, ACPM), #4175 Z K405 15 5.
2.1 o ZSRERIZEURIR (DBFE)

DBFE HUR I 45K P 2 s, il 2 DGR
FEAI 2 AN SCALAR. XU SO A SR I B L 4 T S F
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I ReLU i BBCEAT HHAE SN, I 7 J F) 452 i
L 4o A 1 R 23 5 S O 4
FROREAE P, 4511 2 0 S

IR — MBS, B EIET 2R
SR i, S I P 19 B4 R A,
SRR KN B S A AR R, 7 B . e T
SR, AN 55010 5 590 P 270 B FE i
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WS K R, AT 20 27 3 B AT 2 0 FRO A 37
1 (4) 1= (5) From:

1
xq = AvgPool (x) = W ; J;Xc ()] (4)
Y1 = (x—xg) X @i Xg X B )
S, x BRI ABHE, X, i, )T € MBIEX, i
8 (i, ) AL I, AvgPool (1) s G LT Y AL B 4F,
al~ '\,‘31 SRR I SH, Y R R
T R AR IEE RN BT R S XA
I3, H AR BIIR/NACI2 x Hx W IR EUR B8
I3 8 4 DRI N2XCx Hx WHI R EREFIE . T 3k
HUREAN R AE P A AR 43, XA = SR AR B B
&N Ak, 15 2R A E. SRS, KRR
5 =) EBAC A AR D8, 75 215 B A . A T R ECE B
AREEER 4y, A% PR AN T 2 =) B EE 2 40 R R R
AT 5 53 350 v A0 P 2 TR T B O R X B AN EE S 40
EUZRid R it S AL R AT A, e, B RS
) Je B A P P A2 21 SR AR A A\ K/, i R an =X (6)-3X (8)
Fhs:

low = AvgPool(rerrange (x)) (6)
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Y, = rerrange (Y>) ()
Hor, xRN NEFAE, rerrange () F 7 % 53 FFAE Bl
&, AvgPool ()37 B & N B IBAARIE, an s B2 707
N2 2] B, Yy R i AL

B, K PI SCR BN Y MY KA AT D,
I AN 3x3 I AR R B RN, I SRR

Ik B AT Bl 2235 42, B K 45 RN B R — R4y 3
AR R . =K (9) P
Y = x+conv(cat(Y1,Y>)) )

L >

Horp, YRR, convEoR 3x3 B, cat()F
INPHERRAE.
2 SRERREER (FFM)

FFM 81 9 2% S5 40 a1 3 Ffras, Al A3 fid A we
M BL RS LA BL, ARSI B & R
. BARFIBEOE R B HE, DL BUIRAUREE. 285,
BN B SRR AE AR R, 753 30 S AURFE. 728 2 A
BB, 45 1 B B A 3 A AR A A s SRURR A A S
N, &I VER TP FI SRR, 75)«51%97 ~ R R
%?Ei%ﬂ?ﬁ@fli ﬁ*ﬂ* .

R, St

1

K3

FARSKRUL, 55 1 Bir BOE Jooxt i N RHIE IR 4T B &
RSP AL, ARSI 1x1 BRI S R AE 1,
FFRNH) D MR, 358, KPP AR R B AR
I — AL L. Bl S, X R S AR AR AE R
Sigmoid i AL, JF 5T A IR IT RS RS AL AT
A, 19 BRATHR 7345 ik B AN i SRS P

FESR 2 Fr B, B SRR AR ?E‘?m%ﬁﬁ FAEEEATIE
TR AINEL S, AR5 ol el il R AR R E

>Q

35 B A6 FH 32 ST AN A RFAE. B, 83 Sigmoid

WO BR BRI = E PR #IFE 0-1 ‘Z|‘E_'J.¥BE§)/E‘, AL
?If%‘f)'ﬂﬂ%’]%ﬁﬁfﬁﬁﬁ%ﬁfﬂ%ﬁ%ﬁ, Wi 1x1 B
D A B R A S B 45 R, IR 5 R LR vt REAE.
2.3 Himni@iE-fEER (ACPM)

FEVR L5 2] b, JE R L &) 2 S H T
F PG AEFRAT S5, o — S W R ﬁ*ﬁﬁ%@
5 HER S (self-attention mechanism). I IE =
2L R L
EDSER-WaLiIN
(multi-head attention mechanism) 2§, £ 3 A0 i@ iE 1 E
iﬁ*ﬂ%{?ﬁ:iﬁéﬂAﬁﬁﬁ/\TﬁE’Jﬁ?ﬁi%fﬁmﬁ?ﬂ
FVRFAE SR BB P, Forbr, Jd 0 v e 7 I X R fE AR R

JI#Li (channel attention mechanism).

il (spatial attention mechanism).

FFM %4 &

X 3 A A (] PR AN B SR SR BIUE TS 2 [ v E R T, B
VER AT LG B R A B4R T R RS S X A
HLRENE 70 53 ) F 8 8 A 22 ()45 5., $eTHRFIE R AR R
%HTHH&"*&ﬁ”E’J’%ﬁiiﬁﬂﬁﬁﬁm&

TES RS 25 B B, %u%ﬁ’]ﬁﬁ@?“fk%ﬁ’]%é’i?
P24 15 ) %LFSCE@,?\JT{W%&E%ﬂﬁ?%&

BTk 020 S LA (0w b, B T NG

@L—f{%%‘ai‘%ﬁ% (additional channel-pixel module, ACPM).

AR HUEG SN 07 55 BUG AT 6 A5 B0 ok A
YEJG, T4 A4 N\ 2@ I v & G R =
REE, 15 2RFAE R S, K 95 AN REAE B 43 01 5 9 N REAE
AT PR S BAL RJE, BRPAT B RIRIE. 3
R 4.
2.4 BIE-RRIESELR (CPAttention)

TEBEA A I FE o, AR A CPAttention 5
PR AR A R A ERAE, INITIFE T R AR B e
AR B EURRHIESS B, A A 5= 14015, CPAtten-
tion AR [ 4% 45 g an Pl 5 BT,

5 ACPM BiHANA], ACPM Bl & A 5 FE &
HERE, ﬁﬂﬂa‘%ﬁﬁﬂ*ﬁﬂ’]?‘iiﬁ%ﬁiﬁﬁ it — P
AL . CPAttention #EHR 2 H BB & S A4
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FER R A AR, BRI R RE B e gl
WIEE R AR CA, B CAIN BB RIE
BT PA, &K CAS PAZ G E HITRE 25
RRAE . Ak, BE4i N CPAttention [UFIERINF,,
KANHNCXHXW, 5%, ¥R EE F A4 N8 IEE & /)
B, IS B RN C x U x L IRFAE, FR4
P AERZE J ReLU. Sigmoid B8 #15 21)38 i 11 &
JIRLE K/NRCx 1x 1. Bea, FBCE 5 i NRFAE &3l
T8 A AR, 1R i KN RC X Hx W.
HEEREL 103 (12) Fir:

X1 =AvgPool(F.) (10)
CA. = o (conv(6(conv(Xy1)))) (11)
CA=CA.®F, (12)
1 \
+ »
L] . *
\J
i—l—*
v
v
v

4 ACPM Z#E

—»@—»
?
S —
Oe—
* v T CxHxW
) v Cx1x1
+
| v C/8x1x1
v T CxHxW
' CI8xHXW
g
. 3 g IxXH*W
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—]
CAttention

K5 CPAttention 4544 &
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Horh, AvgPool ()7~ 4= Jayit Ak iR %L, 6 /2 ReLU WU iR
#, o7& Sigmoid BIH R E, @ KNIB IR FHIR.

55388 E R JIAL, K CA (CAttention FIHY) %
AE|BA ReLU il Sigmoid B 5 £ A 584 2
R R R RIERE I PARUE KNI HX W. B Ja Xt
N CAS PASRFIZ LR AR, 13 5% H Out.

PA = o (conv(6(conv(CA)))) (13)

Out=CA®PA | (14)
L

2.5 MKRERH ‘_ A

N T {Reatt e e, T ok o6 B A5 B
B 2K, R RN 8 T R 7E A,
L A5 B S A 25 D RIS, 47 2 B

SRR BRBER I, et A E N 0.1:

L= Lspatial + /lLfrequency (15)
GlCI]0R B PR GRS N

3
1
Lspatial = Iy ”Ifa_lgtnl (16)
N

r=1

B L1 453K BR80T AR A R
3
Lfrequency = Z % “T(Ifa) _7:(Igt>|‘1 (17)

r=1
Horr, NARIEIE FME R B R, e % T FANet it
HITEF BRIy £ BT TS L, FF () A bRk i Lt
A, . )
3 SEINAE R 50
3.1 LRHEE

KRIAELR G FEE L F 4R % RESIDE R T £%
SEEG, £ RESIDE #dfs 46 o % A A% MK 37 55 433l
AT S5, 153 750 = W5 AR AS AL
B, SRS AENT N B SOTS-indoor. SOTS-outdoor.
HSTS #1 Hazedk Ml 4R b iE47 PEA.

RESIDE % P 34 4 (reside-indoor) 5% 1399 5k
T4 B AR AR R 13 990 5K 45 55 K14 RESIDE
AN EESE (reside-outdoor) 15 1 8970 5K T &
A2 i 313950 5K %5 K%, SOTS-Indoor il SOTS-
Outdoor ¥4 7 500 %A % BE. S 1 EBH A SCH AR
LA S OL T 2 FROR, AR GEAE HSTS Hidf %
FHEATIAK, HSTS #2510 5kA % KI5 Hazedk
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A 500 5K % N A F EIEA 500 iK%= 5 K
BN SR AT HE R, AR SO B S I R AN
DARAR TR B 48— £ BY i 256x256 K/ EIAE, 75 AT AR
AR P xof Ee B B A P 5 0 4 MG /N ik AT BB 2 %
AR,
3.2 LWIMEFITMN RIS

ASCAFEH Python 3.8.10 Al Torch 1.11.0+Cul13 #4
AR #E RTX 4090 (24 GB) /B IT 256, #4E R4
A Ubuntu 20.04, %575 K Adam AL 28 I % & gy Al
B2 oA 0.9 F10.999, L& K/NEEN 4, FEEN
reside-indoor Z(# 4 FIkARKT, §I 3 fe Il g 2% 2] K
P26 PE TG AL 0.000 03 2 PRI IN % 1E-4, 755
4 ISR 2 5] 3K F A 5% 08 K RIS A 15 2 )
1E—4 F4 % 1E-8, L&A 300 K. 7E E 4 reside-outdoor
Helin e BV, 2T 5AERT 3 Ho2 I 00001,
N 4 5 ifﬁﬂiﬁﬁ%%il%%ﬁﬁlﬂ%p;@iﬁ 30 K.

WU §5 57 A (L (PSNR) 126 ARk
fehr (SSIM) ﬁr{ﬁz’%%?i&% PSNR #1 SSIM #5#5 fIE
TR R 25 55 ORI
33 LWHEREIEES R

NESUE FANet 5% (125 55 200, A SCE L DCP,
AOD-Net™), GridDehazeNet®”, FFA-Net™, MSBDN™,
DehazeFormer-t°), SFNet™, OKNetPY45:4 gtk
N T4 5 2 S 7 T EAT R SR, &5 sk 1 B

(a) Hazy (b) DCP (c) AOD-Net

H1 & 6 A LA H DCP J5 VA 7E A3 K 25 X I 25 5
H LI S B I, 3% B R LR RSO il T
AR R 22, JUH IR AR GUR I SE I 5L N . AOD-Net
FHECT DCP B SGU #2255, (BT ok 1 4715 25 2R Al
NG ZE 7] . FFA-Net fll GridDehazeNet B & LE i

:Mﬂﬂﬂﬂﬂﬂﬂ

(d) FFA-Net  (e) GridDehazeNet  (f) MSBDN

Ko ARTFEMIMALE RE

7. ] PAE H, A ST R BV E AR V([ e L (PSNR)
FIZEFI AR (SSIM) kR _E3RE a4y

F 1 AFEJTFAE SOTS WHIRE e &iFn 4 1
N reside-indoor reside-outdoor

ik PSNR (dB) SSIM  PSNR (dB) SSIM
DCP 16.62 0.8179 19.13 0.8148
AOD-Net 19.06 0.8504 20.29 0.8765
FFA-Net 36.39 0.9886 33.57 0.9840
GridDehazeNet 32.16 0.9843 30.86 0.9823
MSBDN 32.77 0.9813 34.81 0.9858
DehazeFormer-t 35.20 0.989 36.30 0.9910
SFNet 39.25 0.995 ?\ ~37.37 0.9940
OKNet ‘39.‘8 6.%52 T 3687 0.9944
FANet (Zlijtﬁ/%) ‘ 4(2] ©0.9958 39.77 0.9958

9 KB
331\ SOTS M4 Lk 25 R

U\ SOTS MERAE Ik B 43 2 N % BIFI = 40 55 1,
S S EIEEIRE RS BIE 6 B, HE 1 ALl
RIA SRR TCIRAE = A BE SR 0 AE MR & -
WIGR I 25 R AR B A T HoAd 7 v, Hbo il 4k R
RN R IME. BARku, 72T A LB, W
ROR B 25 SFNet, H: PSNR 1843 BITE = N BE &
M= EESE FIAE] T 39.25 dB 1 37.37 dB. B {HE
RN, A CEEME T SFNet [ PSNR £ % P 4L
4L B3R AT 0.82 dB; TE =AML Hik s T 2.4 dB.
ACHEMET OKNet ) SSIM 78 % A ¥ & E e
7 0.0006; T*%%&zﬁ%ﬂ%%ﬁv OQl 4,

(g) SFNet (h) OKNet (i) FANet (j) Ground truth

3 PG R 22 PR R B, R I 1 38 X et 3 5
PR, Hr, FFA-Net HEdR A 7 = Lk 58
EIG £ ZROR, XWAE— e R Fis i = 1 B AT
i, T i B 3R IR, GridDehazeNet 72 L RE
D1, RIS B L Z AR IEA M. & )5, SFNet.
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OKNet 225 2 BAH — & Ik, (ATE 5 ASCREIER IR
LR, HE IR UF MITESET 5 B A A 2P, 1X 2
EA] A3k A B4 R SR T A ML 1) o O v G b 1)
EARAIE B, ARG 2 EME s iE 518 5% Z IRAFTER
FRAESERE. BRI, 408 FANet BEE 22 Z BRI ik
SELEALSE b, IR FR AR AR T A I RUR.
3.3.2 HSTS Il Hazedk MR 4E_E MR 45 5

Nk B IAIE FANet S 7E HAh Bdm 55 L L%
ROR, AR SCAE HSTS A1 Hazedk MR 5E_E4» W4T 3 41
TXF O SEEG. PRI A, AU Hazedk
MRS 4% 8 = 4 5 = 41 5 R 49 9 Hazedk-indoor Al
Hazedk-outdoor 4 £, PR VA8 FH X B R A = S At
TR, BB LS RN 2-F 4 s, & 3 BHH, &
SCHRAE Hazedk-indoor WIS _F I R B A 45 3,
7E PSNR V4485 -5 i) SFNet 5i%4H % 1.19 dB,
{B7E SSIM _E (M4l T S0 B v 1 oy 200 o
1A 5 B GAATESEA NS, X WERASCHIE
fE—ERRE I Rl %, FEUR A RS T
AR 2R, B3R 2 M1k 4 AT LUE ), A SCHRIEE E /M
ZHARE F R E AR, £ PSNR F SSIM fabr 13
TR ES M, 3 5EH T FANet k5%
R A R RN e

K2 AFETTELE HSTS MHRAE L e 21T 45 R

B FEBE (ACPM). SR A B (FFM) RUETE (%
FRVER 1 (CPAttention) HEATTHAISLLG. % 5 hey”
FORUNIN T FH R IR, T “— RN R AN Base Ron
HE XU SOBR SRS (DBFE) 3 AR R AEZ A
3 AN SRR S AL L Rt AR AE B HUR 45 1 RS 06 1 5% A
SRR 5 Fis.

% 4  AEJ7HEAE Hazedk-outdoor JIREE 1K) 45

ik PSNR (dB) SSIM
DehazeFormer-t 18.55 ¢\ 0.8133
MSBDN 2310 | ° 0.8532
SFNet 3 2301 0.9227
OKNet | 23.15 0.9183
FANet | 23.39 0.9593

RS AP RS I E B I A5 R

Module Evaluation index
Model name . PSNR
DBFE FFM ACPM CPAttention (dB) SSIM
Base NG - — — 38.20 0.9937
Base+CPAttention v  —  — R 38.93 0.9947
Base+FFM N N — — 38.87 0.9947
Base+ACPM N — A — 39.51 0.9950
Baset+ACPM+
i N \ v S 40.07 0.9958
CPAttention+tFFM

WARES PSNR (dB) SSIM
DehazeFormer-t 36.55 0.9910
MSBDN 36.76 0.9838
SFNet 38.93 0.9927
OKNet 39.25 0.9918
FANet 41.57 0.9951

%3 AREJTIELE Hazedkeindoor JIIREE 155 5

WARES PSNR (dB) SSIM
DehazeFormer-t ¥ 16.73 0.7328
MSBDN ¢ 22.88 0.9532
SFNet 20.58 0.9254
OKNet 22.95 0.9327
FANet 21.76 0.9621

3.4 HRLSKIG

N T IR AR ST P R R B A R,
7 SOTS % WAL b 471 Rl S 5.
3.4.1  BVEEREHL I h ST

N8 UE AR AL SR A RPE, BT T S AR
4, 43 IR I 53 SO SRS (DBFE) A4 138

168 4 AR H % Software TechniquesAlgorithm

i Base 15584 BT 45 21 1) 25 FAH BT 0 b si s
YK 2 R LR T U, 433 DBFE J& A SCEIE T
O, K4 5 HEE 2-4 1T BTHEME B 5 Base T fil
BRI LE, 49) CPAttention. EFMs ACPM ix 3 /M
ﬁ%ﬁxﬂiiﬁﬂi“ﬁ%$ [FIFERE e T, Bk, CPAL-
tention 1347 PSNR /i1 0.73 dB, FFM fi/3 5575
PSNR #11 0.67 dB. %34, ACPM f{# 155575 PSNR 1
B 1.31 dB. f&, 4 3 MEBA NN Base fALH,
{E1S AL (FANet) 193 5 @ 50
342 X5y SOMER SR EUBLHL I 5 5

BT T HE 2B WUy SO AR S B ER (DBFE) AN 40k
P&, ARSI T DL SE5S, J3 ik e 8 A 16 {5 Rl SE L,
iRk 6 firow, v LUR H, 7EIEHUHE & IR ECH 8 AHIR
T 16 7E PSNR b5 FK T 1.96 dB, 7E SSIM $84x 1K
T 0.0315. [Rlt, A% LB I BUHE B XU 43 S A 2 42 B
B (DBFE) AN 16.

% 6 DBFE BV JH L 06 & BT 45 R

Num PSNR (dB) SSIM
8 38.11 0.9643
16 40.07 0.9958
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