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Abstract

In single-image dehazing tasks, achieving effective haze removal while preserving color fidelity and
edge structural details remains a challenging problem. Existing deep learning-based dehazing methods
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often suffer from overall color distortion, visual artifacts, and edge blurring under complex hazy con-
ditions. To overcome these limitations, this paper proposes TripleD-Net, an image dehazing model
based on a frequency-aware framework. The model employs the Discrete Wavelet Transform (DWT)
to separate image components into low-frequency and high-frequency bands. Since low-frequency
components primarily represent the overall structure and color consistency of the image, they are
modeled via a global context modeling mechanism to enhance the perception of global semantic infor-
mation. In contrast, high-frequency components contain rich edge structures and texture details; thus,
a multi-scale convolutional framework is utilized to process them, effectively preserving fine structural
information. Through the joint optimization of the low-frequency and high-frequency branches, the
proposed method demonstrates superior restoration performance in terms of color consistency, edge
sharpness, and artifact suppression. Extensive experiments on the RESIDE dataset show that TripleD-
Net outperforms recent representative dehazing methods in both quantitative metrics and qualitative
visual comparisons.
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B2 (n H bR 518 SO ED R =R iR 22 . AR — EBUR LI ], Cantor [1]7E 1978 $&H T KA HUN
B (Atmospheric Scattering Model, ASM), JyEG 2 FZHRIRL 7Y HLEEAL . 2RISR, BEE ) SR
BRSSO I, A R ARG, AN T B EG BB A IS .

HIRH LK, RABUREAY OO K 2 ik G 22 %5 05 L BT O 0 0 B A . BRI 7 = Bk T
SIS RAG T FA XS H, HIInREIE S [2] (Dark Channel Prior, DCP). HifAF i 555%[3] (Color At-
tenuation Prior, CAP). FE# T8 /o562 —F B ARRMEN 255 077 . HAZ QLRI T B SR EUE Go it M 1)
ML, EERZHAERTRBXIEN, 2OF—NERIEEMERES TIME. X —R, ZE%
IR U E I OB R R AR KNS, BA LIS S EE . BEEECI R A ZHEE T
BG5S 2 (8 88T 5 R RIR S B 7RI TIXRE— R 8. FRRE SR
MURE, B RO S I R A B Rk . BT X IR, WERE. m
FESIREE R I ZRPERUN X R, RES A A HIE R R S8, MMl s BGME R . 58 8iE L ik
I, CAP FikiHHARR &, 15— ER R AR 1 L Z B8R, HIEEFel &M T T
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R, KEABR TSR R L S 53 Z N TR R FZ s, IS 1R
o AEHET BRI L8 (CNN) ) B B £ S0 7T, 30 SR I 3 08 T oxt i 55 5 0 5 B 8l
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W25 (GCANet), 1AL I XA 2 R RHER T B 1&E NACE , D SEIl 1 2 REERHER =Rt . itk
4b, Liu KIEHIBA[5]#EH T GridDehazeNet, iX/&—Ffl& 1y B Ll 2 R vH 2840, dt— D4t
TEFBR . ZINEEMEESR TSI T AR REZ MR %EZH, AREWR T ERmEES - i
FBRZ AL 22 RO W 2% R AEAE IS BB E. Wu Z5[6]5I N\ T BA X E L) W) e WA 732, fE0R
FEAAE—SERIFER, &7 T4 E SERATE, WA EMRE 7 AUEH L1 812 5155 ek 2t & 0L
AT ER AR S B R FLR 8. Liu S5[7]3H2H T —FhERE A B T 26 (GAN) I BUE B 9 %5 55 J7 1. 715
IS PN AR R T 28 4300 5 S BRI S5 i B 5 22 25l B, FRAE N B Bl N3 SR BEAL 1F 5 BEALEL
9 RECRFE , DM RAS [FIVR FE I 55 S0 o B AR S 0S5 B O I B, 75 CNN fESR B 2%
SO EEARE BT RIS T o ST, CNN 32 BR - [l E HAT MRS B, R bR STiomiR:
REBTTHRE AR .

ERJINLHI[8] [9]5 Vision Transformer [10] [11] (Vision Transformer, ViT)f) 5| Nitt— bz T £ %
WK JE. Song Z5[12]iid ¥ Swin Transformer FHIH—LE SEIG R, Rk T =F IR PAAE
(P AEIR AL 7] 1 . Dong 55 [ 13]7E DCNv4 [1)354ili 42 T DCNFormer, i ot 7£ %% [0] 5 -G 25 Bk Softmax
A, Ik 7B HEE S AR . RETEE VLR R Rg S TR Re , (BHOHR S EMITEECOR, H VIT
TESIN 32 L) IR E R FEE— B IneE Tt . A, JESHBTTEER I, VR R L) B A e T R
2R BN SUER[14],  E BB &5 my A 15 7 1 7T Re SR A BR

BT FIAMEE, AAEG—MNEFHESREPRHE T CNN 5 VIT FEAMESA . Hd, CNN 7 5i#iskH
SR E S, T VIT I8 T @4 R E S . ASEBUX AR AR N, SR B N AR
[15] (Discrete Wavelet Transform, DWT)¥ 4 A EUZ 73 8 — AMEMF 7 5 = AN w7 o 8k [F i Ab 2
KPUASF-7, A7 RE 8 T I e s R P U S BRI, A BRI BTG TR A 2 1) ] I S IR B A 10 25 S5 Mk e

2. TripleD-Net &I 53

K 1 J&7R T TripleD-Net 1AM % 580 . XF THRIAKIA ZEME, EJ0Ed—A 3 x 3 BRI
HRERE. B F, e RO FoRMANA FEE, Kb B Rw 5 lRREEBRN, CRREEE. 12l
QEZVAF

F, =Conv,,(F,) (1)

Her, Conv,, Fn—AH G FBLEL(Conv-BatchNorm-Sigmoid-ReLU). 1% /ZAMYH THHEREL, [ 8
XPEEAE AT R, DA 2 S5 SR B TR K

BEJE, AR FARIRZE S BT SRR AT O E SRR, R BRI N =B B £ — B
HE TSI NARER S) B AL PRSP R AR AT A0 3, AEOR [R] B B P i i i BR SE i Bit A 22 e IR HL, A8
HI Fusion BEHRXPRFEREATRE G, BN BIPINRAERI 225008 x flx, » 5GBS B R 3L £ (1) 4 x,
PEAFBIREROR &, BEJE, X 2 5 x, BB T0 R AN Z R0 42 )R F B ib(GAP), Il 2 AL
(MLP, HJ Linear-ReLU-Linear £ #)) 17 HFIEAR e, P48 Softmax BEUH—4L, FFd L o> B IR XN
R EGALE a M a, , HatHE IR s:

{a,a,} = Split(Softmax(FMLP (GAP(}%1 +x, )))) 2)

&5, FHRBIMBEX PN SCRAEFAT B G, RN SIKR B x, (522 28 DG RAE B AL 8

RES, 133

y=a,-X+a, X, +x, 3)
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Figure 1. Design of the TripleD-Net network architecture
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2.1.1. {R5TALIRST X

IRARAL B 73 2 R BEAR SE R ] 1 B, idsE @ sd 51 N\ k¥ DehazeFormer . % &3 2 it &
FIBUHEIZRAL TG i a3 AL, HOHE LR 70 R AR IE s i T B &5 I m A T R, (R 38 23 SRR
KIJTHETFES, I Sk DehazeFormer W N A TR F-47,  ATKETE B A BRI 22 R 1) 1/4.

HNEIRNFLfR Transformer HIH—4LZHIVE ML, A X LayerNorm JZ %N S BUEHEAT T
SriTe WA 2 PR, fEERZMZE T, BN S H 2 B O R R L ARk, TR TR N 2 g s AL
AL tanh FIFELRMER R[16]. UG )R K&, ¥R HB 1) RescaleNorm L 3y —Fhoy 5 5] JE LR AR
{#(Learnable Nonlinear Transform, LNT)#5, PLiE— 30 id DehazeFormer J P& HIT R /& . LNT
HOH i NN A] 2 S I AR St g, OB 20E -

LNT(x)=tanh(a-x)-y+ 8 5)
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Figure 2. Comparison of input and output of the LayerNorm layer in the Transformer model

[&] 2. Transformer 128! f LayerNorm & BY4I N\ FO41 L5

WX eRYY FRORMNRHEE, Hb aeR ATIZAIIRESE, TR R 0 B0 I8
7, B € RUCM 53 BN HGETE 2 > 4R TR 7 5 0 B 0. RSIAL B 1 HoAR S50 5 JRUAE T R R — B
SN AR AN 2N SR T E AR
£ =MultiHead Attention (LNT(S,, ))+S,, (6)

y=F,, (LNT(%))+ £ (7)

Hrp, S, FoRiid B ECN PR HERAG R T, HAS TR RS DO BZ AR AE B 0 1740 d TR
FORTEERE T RARIE P AL SR G R, 121270 3P 51 NBEE IS ) DehazeFormer BEEHAENS A
RO A R R ARHIE, [R5 25 R T SO 4

2.1.2. SRS

AL B ER  SE R ] 1 BT, H RO B A (8] S ROBERFAIE T 3 U8 (Spatial and Scale Feature At-
tention, SSFAWA . 1Z 1% 1152 FIHFAE1F = S1 B (Feature Attention Block, FAB) [17]#)/8 &, FAB i#idfl&
IIEVE R 1 518 R = IR HE B ACE I RIE M, M 51 5 W28 SG 1 ey % FE 55 X e 5 Wl 2 T R A
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SRTT,  H T E 2 B RN, FAB FEAC BRGNS 5 S0 5 (0 EAREHR I, AEAEMEAE 7 R I RS
FHIE
e Bk e, ASCHEH T SSFA R, K2 RUE R RIE I (Multi-scale Representation Extraction,
MRE) 5= IHLHIARSS & . MRE B =26 3T B SO i FnrlERT 1 < 1 B FRifkRT 3 x 3 B
PASZ 5 % 5 RIEW] 7 A I IFAT BB URAE, 2 RENS AEAN R B RUBE B BURFE (S 2 .
B v e RO F7%0 A B MRE B IOHEI, WHEEIN % R BESHE F,F,, F. iT5:
F, =Conv,, (x),F, =Conv,(x),F, = DSConv,, (x) ®)
K H =250 NFFIE B e fEmiE 4E [T Eb TP, JRET | x | BT EE RS . S, 5IA—1
3 x 3 BRI Gk ZEE, 195 MRE B R 45, HRIEAN:
Fypg = Convy,,y (x+ Conv,, (FwFlﬂFc )) ©)
FEJR S R e, RN 5 NIETEE & 5B EEE NS 8T8 S s 4 P Bt
IR K225 ReLU 5 Sigmoid 18 SR IRAFIEIE AL E o R 3 7F = JBLHNEIT ReLU #0E MR %5 Sigmoid
R, AEREAN IS IR MG A B AR O R RFIEAL EE . SSFA BEHLI) S A T A -
Fygpy=x+Fp, (FCA (FMRE)) (10)
20 FDP BEHUAC B S, A [E A1 IR RR AR I O 0 /N A e gk 47 H Ay, 1531 FDP b 25 5, JfME
1 2 5 SRR AT AL F
2.2. HREH

ASCRM L1 RAE AL HAr, H BRSNS 15 H06 N RS BR 1, 2 1812 7 40 E,
g X F

L= ||i—1gt

1 (11)

5 L2 HURMLE, L1 S0 R EERA RSN, IR IRE EOUR I G E AR, Hlik
B3 FH 010 25 5 SRR DR FFEER B N BB K T AT 55 - SR 2 AR W], AT B R O fTdi 2%
L1 5RAE A 55 BE G A5 R SN AR E WSS A2 DL E AR I iL 2 AR5 PR e

2.3. LRt

{RATALF 43 57 P 22 S v B IR ER 1 B2 184 DehazeFormer-B [12]HECE H & . TEASEITHF, &
AEFRRERAE S =P B E N 6 S, AR BAGRE N 1 > % iE RFCKIE T AECR-Net (1525045
W TR HER I BAE A 6 A FAB BEHLEI ARG LUTE i 70 MR B B F 57 AN FAB B3] FFA-Net 5
= HIAEEE6].

3(a)% 1 T Mini Enhanced Deep Residual Upsample (MEDRU)HJ#EAR G R 2 B, & 3(b)FF LT @
B FRFE(AE) S MEDRU B (A &R BRI Z R .

NPT F SRR RS E T, ASCERAE @B BLSI T Mini Enhanced Deep Residual Upsample
(MEDRU)BEH[ 184 Ky —Fhal 2 3] (¥ [ RAELA M. MEDRU 45 SR FEIRZE % SIHERL S WAR R GRSl
e R B ) () oy FR A . i 3(a)FTn, MEDRU A £ 2l =i 4 k. F TR BRI BN Y4645
FUZ B 8 MR ZESM BUIRZ RS A, DU TR R B A FRAER I L s o Pt

AR EREIES ReLU SR MH0E A AL, FFIE IS 51 NBRRE R A B A 3R e
71, [FI R HERFE A RO H
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Figure 3. Architecture of MEDRU module and the comparison of the effects between deconvolutional
upsampling (left) and the MEDRU module (right)
B 3. EIRIERRE IR E _ERAFRREMEF R B _ERAE(Z)S MEDRU #&RIR(H)BUERELIR

3. IWERS S
3.1. BEESITNERR

ACFTA I35 3T RESIDE AR 19T, A4 2 MG 25 35 403l V2 A FH 1 2 vfe 250 0 4
RESIDE & 2414, HA=WillZ4E(Indoor Training Set, ITS). =4Il Z: % (Outdoor Training Set, OTS)
LB A5 i 2 WL 4E (Synthetic Objective Testing Set, SOTS)#) V2 K. ITS 5 OTS A F#819I1Z%, SOTS
FFHERIAR . SOTS B4t — %4>~ SOTS-indoor 5 SOTS-outdoor PiANF4, 235l F TRk 7E ITS
5 OTS FlZA3 20 18 1 Be .

ITS HHHEA T 1399 5k T3 = W IR, MK EREIT R 10 FK 5T EHURBR AR iR & ik 2 1 .
FHELZ R, OTS i 4 F2 162 313,950 5K & 55 G T4k, B 55 T KE M =S5 T VF5 1) SOTS-
indoor 1 SOTS-outdoor &4 50 FkMKEME, 40578 & EN S E4MAE.

FEPEREVEAL 7T, A SCR A THE NS o H B PR G BV 4R bR U8 AHE (5 1 LU (Peak Signal-to-
Noise Ratio, PSNR) 5 45 ¥4 HH LA (Structural Similarity, SSIM) [20], BT fabr%E T 544 K /N RGB K14
TR, REATIR R

3.2. AR E

SZIAd ] PyTorch 1.12.2 £ NVIDIA Tesla A100 GPU _F k47, YIZEMBerr, B Se il £ 57 %
N 256 x 256 K/, SRJE IS BENLEEE 5 IR AT AR G 5 . IRV AL R Adam fRALAR[21], SHRE
NP =09, B,=0.999 . WIS T HN 1 x 1074, FFHE AR LR KRS FEAT TR BE, YIZRALIR ORI E A 16,
BT 28 E 1TS 5 OTS Hdli 48 Lo ol gk, ZRE 805 3 x 10° i 6 x 10° 5,

3.3. SCIGHER

AN AT B H 1) TripleD-Net 5 75 FiUEL A AR MM 255 45 53T X L, B46 DCP [2].FFA-Net [17]+
MSBDN [22]. AECR-Net [6]. Dehamer [23]PA /2 DehazeFormer [12]. & & ELEEERIC AT 36 17, #f
U TripleD-Net 7 SOTS-outdoor £ #i4E FR I A, SLIGLE LR, AR TEESHEE D, iF
SRR AR 264 N LBl T BRIMERE, X — B IE TR B R B IRTHES T A At S &
Rk

N T NHE TG R EAT E MRS, AR CAE SOTS-indoor 5 SOTS-outdoor M8 th ik B BA AL M I
BT AT, R 4 BoR.
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Table 1. Results of comparative experiments

1. JFEESIGLER

i SOTS-outdoor SOTS-indoor tParam. MACs
PSNR SSIM PSNR SSIM

(TPAMI") DCP 19.14 0.8605 16.61 0.8546 - -
(AAAT’) FFA-Net 33.57 0.9840 36.39 0.9886 4456 M 287.8 G
(CVPR’) MSBDN 34.81 0.9857 32.77 0.9812 31.35M 41.54G
(CVPR’) AECR-Net - - 37.17 0.9901 2,611 M 5220G
(CVPR’) Dehamer 35.18 0.9860 36.63 0.9881 132.4M 48.93 G
(TIP’) DehazeFormer-M 34.95 0.9840 37.84 0.994 4.63M 48.64 G
(Ours) TripleD-Net 35.92 0.9892 35.04 0.9814 433 M 38.13 G

(a) Hazy Inputs  (b) DCP [2]  (c) FFA-Net [17] (d) MSBDN [22] (¢) Dehamer [23] (f) Ours

Figure 4. Visualization results of comparative experiments
4. ISR RIMLE

3.4. iHEhsCIG

N T RAGEHIEAY TripleD-Net * - SSHBEHL AR, ASCHAT 1 IHRESESS, I A B 20 v b
TINERE R PO At HAE o JEER AN AL TripleD-Net, R B FEA M gD 25 - ARG AR 454, 78
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R R A A, (E 55 = 248 ] DehazeFormer £, H ARSI AT B4 e s s i e . 20 H7
H T CHE LR YA : DWT. MFA. MEDRU, DL LNT. #7284&7E PSNR 1 SSIM 1) 5E & LL i 45
RYNTA 2, FEASHWIT USSR

DWT: 5| A\ DWT B X 25 B 1 4 NREAE 7 B RS i oy & . ARSI & R Z AR B R I 45
FfE BECRER R SUE R, Mmoo 2 S 540755 2. @il b i\ 2 DehazeFormer H) 5
BE BB, L% RS Ly T A RR A, AT S IRV R R0 IR I 5 B 2 5 R

SSFA: %] 5 R EERFETE 7 /11 H(Spatial and Scale Feature Attention, SSFA)I 58 T [0 4% 7F £ R %
ZH R ) SEEEURFIERIRE ST, RIS OGEMGE BB X 4. 4 SSFA S NG, wRMaeidt—Dit
Tt RINZEH 5SS G S — 2D s . A — S — D .

LNT: 5|\ LNT H— By A — 0 E 3R T &N AR R R it )y . 58 EESH—14b(n Lay-
erNorm) I ZE#EAH L, LNT 7E PSNR 5 SSIM 43I tH — e 7t, Wshas I — B & A 2 % BIE b
7% H R K R ARFAE 73 A

MEDRU: A MEDRU #&H B #ubnifl FRAE 2 0] R 252 PSNR, B0ilE 15 T8 #F 3 1) FoRFFEER
FELFE P RE IS CRAFRFAECR LS, (A VAR A% A (L SR B R SR IS Bk . BARXT LSz ge b, 73 i
WIZREF ) Base 41 fil Base + MEDRU B8 i il —J2 FoRAEE — 2 FRAE, HERWE 3(b) i,

Zr b, HRERIG R, PrA RN R AR B L M TTER, 56 B TripleD-Net 44A4 (8 & YA
PORes SR AR R . X RS IE B T S THRAE 8 B R AR 5 R A M REAR I P 10 LM S A B

Table 2. Result of ablation study
2. HAASKIREER

T Setting PSNR

Level 1 Level 2 Level 3 (dB)

Baseline Conv Conv DehazeFormer 30.53

Base + DWT Conv + DWT Conv + DWT DehazeFormer + DWT 31.32

Base + SSFA Conv Conv DehazeFormer + SSFA + DWT  31.89

Base+ LNT Conv Conv LNT-DehazeFormer 31.08
(applyBl\a;[S]SSRI\IAJEiERDgco der) Conv Conv DehazeFormer 32.22
Base + DWT+ SSFA Conv + DWT Conv + DWT FDPB 32.67
Ba(sjp;'; DR s MED ;{U Conv + DWT Conv + DWT FDPB 34.38
TripleD-Net FDPB FDPB FDPB 35.92

4. BPRMS

SRAE AR f TripleD-Net 75 2 M EHERE AR EIUS T RAATE5 I 00ERE, IFEBIGIKE . ik
FEA LD AN 5 TR B RAFRIRCR, (HAMEE € RRIRIE, ARt — Pt 5 t.
Bl an NS i6 25 RPT LA Y, g 5 54 % 4037 54 (SOTS-outdoor) |- IR IR T % P 37 5t (SOTS-

indoor). H B ERPILE T 5 Sl % B A R IO T am A A% DL AR R SR A
1S HE T2 R AR 20 SO AME Rl e OSBRI, BN P QU B PRy, T
S B/ IN B AR e 1 e L 03 S AR S B D, TR A X 0 TSR 5 I 7 g I T W F) 7 5K, AT 7 — R R
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ERMREARNERE . ARKRTT LABTHBT IR B T35, iy SR B AR AT = ) & 5 R R et

BEAh, ALK Transformer G544 BRI FE AR 2 S A R FRAR 1SR EE, (BB B A IR B
20 LA SRR, A2 TR IR BB e — e dhil. R, fECRIEVERERIAT IR T itk
P IRGERRAR  SETHEBACR, R AN B SRR E IR AT .

5. &hig

AR T i T A 5 SR R A 1) PR PR 25 55 M 4% TripleD-Neto %7772 0d 5 N B #UN AL #
(DWT)XH N RFEREAT S0 50 i, B BRMBAE BRI M Es 15 B 5 a5 8, JFHES —HELR 4y
FATEE X AR . EFRHMEA T4, ASCTIN T 2 DehazeFormer 3 DA 5842 /) R SCEERE ),
Fri I Ay 2 S R VAR (LNT) AL G V3 — A B4, AT ZE B A T 5552 2% B2 1 [ I SR THRF AR R Ak i 7
X, ARSCERE T A RIERMEE & I (SSFA), i 2 RIEBR a8 GliEEE s
BRER VR, LI T X DG EE S5 SR G . 1Ak, EEE#F BCR A MEDRU | RAF5E
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