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Abstract

To address the problem of insufficient spatiotemporal information utilization in video dehazing tasks,
which often results in poor temporal coherence of dehazed videos, this paper proposes a novel video
dehazing model based on an encoder-decoder U-Net-like architecture, termed UnDehazeNet. Drawing
on advanced spatiotemporal modeling concepts, the model constructs a feature learning mechanism
that coordinates local and global interactions, enabling it to capture inter-frame motion patterns and
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fog distribution characteristics without relying on explicit optical flow computation, thereby effectively
controlling computational overhead. Meanwhile, deformable 3D convolutions are integrated into the
encoder-decoder to enhance the extraction and fusion of multi-scale features, fully leveraging the in-
herent advantages of the U-Net-like architecture in image restoration. Consequently, the proposed
model achieves high-quality video dehazing while ensuring temporal coherence. Experimental results
on the REVIDE and HazeWorld datasets demonstrate that UnDehazeNet outperforms comparative
methods in both core quantitative metrics (PSNR and SSIM) as well as qualitative visualizations, with
significantly improved overall performance.
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Figure 1. UnDehazeNet network model structure diagram
1. UnDehazeNet [4& #5825+ [&]
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ZEMFRSH B DLEMRIR R 4 05 B Z R A, R DR B = AR 4 R

TESERURZRHEIR I 5, gl fiEm AN E ESMM B . iZAE 0l 2 3k | R A HLHIx 4R F
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AR R R R A T L RE ). ARG B LRFETTAHEL,  PixelShuffle i id {5 2K B HF
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{6 GPU A7 S =ANERE, K5 AT BRI L Z 8 MAP-Net. DCL HEATEEXS L. Jir xS Bt
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Table 1. Comparison of the complexity of different models

* 1 FERENE RENTEE

it ZHEM) | FL FPS 1 {8 GPU 77 (MB) |
MAP-Net 28.75 18.30 276.57
DCL 26.22 14.76 451.86
UNDehazeNet 11.29 13.11 194.08

M 1A LAE H, UnDehazeNet 25081 )y MAP-Net 1] 39.3%. DCL ] 43.1%; I&{# 17t MAP-
Net F#1IC 29.8%, Lt DCL [#MIK 57.1%. #HEEREZJ71H, UnDehazeNet i53] 13.11FPS, &5 DCL (14.76 FPS)
AHIT, BEAKT MAP-Net (18.30 FPS). L&t R, AU AE CRATF W] 43 52 HE PR L (1) [F] I, I 38 FAIK
TAHES AR
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ESMM HEUE R ARSI 25 (N MR ORAEW ) 70 BT PE A% O AR LA Transformer 2 20flE 3D
LRGN AER S, W - AR E R S @S], SEIUATRIE I & R IE -

W& L5, ESMM ik N gmht 8y S5 Fas a8 < (8], B0 RERHETF A . 185k % i = 713 (ResBlock)
FEE P RIMELE . 25 [A)IE R T 22 3k 3 2 77 (Multi-Head Self-Attention, MHSA) & 3715 [X 3845 5 521t , HEE %
JE R FE AR e 1)k i R S 25 5% & & J1(Local Spatiotemporal Relation Attention, LSRA) 45 443
4 3D B, FEM AR A m R AR AE S, B I A A AR A .
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je [A—mit
Hor
KT
a; = softmax[?;rjy ] 2
k

Hr, oy R | SAE [ 2 MFERNE, HTEEMAMIERER ORI, vV, R E | m
EHrgiks, d ovEhinESEnErNgEE, BTH—EERE, #asiEd K 5800 softmax 1
] L

2) JRFBI A0 R R IR

23 R IR AR AR, A RUERC S S AR A A, Rl I s i,  [FF
LSRA X H 741G A7 5 il b4 4 (dw_reduction = 1.5)#8 /> 3D HATHE &, HAtH SRS N 4 M EL:

@© FNEH—b: SHRNRE TR ST = 4B — e AR TR, YR Rl R 1) o A 22 5, s AL ) 25
sk, WEARMT:

Xnom = BN (X) 3)

norm

Hr, X eR¥OTHW R NKHETKE, B AHtE K/, CAFHMEEEL, T NN (GESNEE),
H FW 73 AP RHEEI S E S 5 BN, RonEr i 4Rtk E ik 5 — iz 5.

@ FE4Emst: KA 1x1x 1 =4GR0 IR —W )5 PRHERH T @& e, B Egat s, iHHEAR
W

X = Wl*SD X norm (4)

red
Horp, 1x1x 1 BRUZEEEHN C A S C = C/r |, r=15 NBERKL4ELLE, W, e RO H=Mitk
BUZ R4

(3 IFIAIE S AL, SR IR L T 70 B8 G ARAE I TRV 4R b it [m] BBk, e 5 UNsh &2k, HEA
Ak

Xiemp = Warap X reg ®)
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HHt, Wy € ROV IRBER] 3 BEBRUL, k=3 NI AIEAZ /N AR R 4R T A48, %8I
7 p=|kt/2 ], Bl H SN K E B, T SRS .
@ BN : FUCKH] 1x 1x 1 =4GR R4S RIS IE AR B 2R UG4EE C, 133 H&
AL B HRNRHE, THEART:
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Hort, W € RECYMONE B RUZL, BEAHI AL B IRANRHE E,,, e RECTY o B E 42 R 25 g
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HIMURFAIE x S5 AHSBIWURAIE y, A0 E ik R T

Attention (x) =softmax[QXKyT ]V )
\/a y

Hep, BWAEQ, . HIAEK, SEMEV, Ak A AR KMANS: EilFEQ, AT MIkHLA K,

HI Q, = LayerNorm, (X)W, » W, %7 22 i) S FIBEE AR oK & B R & K, 5B RV, BARSSWURRE A AR,

HI K, = LayerNorm, (Y)W, + V, = LayerNorm, (Y)W, » W, W, 705y [ 8548 [m B I SRR K &
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Figure 2. Schematic diagram of deformable 3D convolution
& 2. D3D #RIEREE
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USRS HERIIN SRR AR, ATTHRTH L Z 1 S BAVE ST IR FFRE /). D3D A TR A
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Ap, T AL 0 2% 2 3] 43 1) (25 1) i F8 2
D3D L4 B 3 x 3 x 3 BANE T 2D A [AlwAL s, FEORSFIN (A1 4E BEIE S B[R], SRR AFE R
R RIEAL . 3K — B2 WAL AT R 7m A -
Ap = foffset (X; Hoffset) (9)

Foof, f o AR RIS, O JE ISR (RS R A A MR, R TP 0L M (8 580 T
URFESRE, B IRBREE T AL RE . LA, D3D UK 2% ISR E AT TAS, OB i )46 FE 1 11 S e S
SO B ZE BRI — VB . S DA b B ST B S R ZE WL AR %R, D3D AER
M S RN AS Y N TR 4 B R 50 A A (R VAR ), L A 2 S P12 ., ZEXE B AR 2
Ry H IR 5
N7 EWKRIE D3D AR A RIS B A, AU T D3D BB AR, JEit

BRI 2, ARSI, [ 3 R T ek WU TR R, e 0 RE  A
09 D3D B AN R . TR AT LI, D3D AR 5 5 A 8 IRE KIS
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Figure 3. D3D module feature response heatmap
3. D3D #RIRAFFENE 2 3% F1 &

2.4, RKREH

AR 25 % oA BB A DA SR DASR TFH A 25 55 808 A0 o B R0 R MR MR o 472K bR B PR =350
R BFEHN LL 5L Loss) [22]. T UK g5 ARALE ) SSIM 4532k (Structural Similarity Loss,
SSIM Loss) [23] LA 3T VGG HFAE 2% 8] (1) /2% 45 2% (Perceptual Loss) [24].

1) L1 ke JE v ST B Sl PR R A x iR 2, SRR SEBURE B B EUE TR, T8 G RHR
Rz FHEAOERE, HRIAAN:

Lu:%i“glpi_ji\ (10)

H, L AORESEEEWE | MERM, IR TIE | MERME, N ARBEIRI G E
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2) AT AR EGREEE RIREFGE ST, ASCHING AR K . SSIM BERS M SEE XL
JE LA S SR A5 R =T T i 2 i PR IRV AR AR R, AR T R B IR R R 22 4R s, BN & A3k
MBS . SSIM IR AR R

(21,11, +C,)(20,, +C,)
(,uxz +,u§ +C1)(Gf +0'§ +C2)
B, p 5 p, S WMFREG x5y (FREH, ol 5ol Fmi%E, o, #xhhE, C5C, AL
SRENERFEE BTk, AR R A SOh:

Ligm =1-SSIM(3,3) (12)

SSIM(x,y) = (11)

Hor, SSlM(J,j)i%/%;ai%?;mﬁJ ST T B AT, BUE G A0, 1] % BUR ERN,
Y B T 5 S ST 55 MUK S5 0 — Utk e, 2355 45 AR 4E T ORBER e B . ML AR R E AR .

3) BRAIMIK . FT NG VGGL6 W4 (1) JZRFAE A R E 5, 383 24 SR T ol 5 5 s (1)1 SURFAE
FEALLEE, AR B A R P RE S BUIAAE I R E SR LR, i 2 55 45 B AFE NIRRT B 283 5 1) sk
T, ASCIEA VGG16 M4 11 conv3_3 24t ARFIE(ZJZ 5 B SO . 50 BRAE T 218 G B RAERE
Ty, HERIEA:

1 -
LPerceptuaI = C><H—><W“¢(J )_ ¢(‘] )HZ (13)
Hrp, ¢(-) R VGG16 M5 conv3_3 JZMAHIESREL R EL, ¢(J)e RO NE LT FMAIRHEE(C. H.
W B OB BRI, || R L2 k.
JE, AR R AT DUE SN
Ltotal = ]'Ll : I-Ll + ﬂSSIM : LSSIM + ﬂ’Perceptual : LPerceptuaI (14)
Hof, B AL » Ay~ Jrecepn 09 LL. SSIM RUS 5 B

3. SKEE
31 SKHRE

ARSI SR 5 PE BRI IE S5 B T PR 20 SULAI 25 55 JR UE SR AR 58 A, 43 i) S = LA 2 55
#E4E REVIDE 5 KHUBL A5 i £ Z 8348 HazeWorld, PiBUREE AR AR BT
Z RASEE, BefS TRV A RS L E S TR SR 5 sz ek

AR SCK AR B B 2 ) UG 25 55 BEE AT J LA (AR 26 55 Bk AT e B AE R0 A, e B BLAK
B IR MR £ 555 DCP, DA RN 2: % 5% PM-Net [25]. MAP-Net fil DCL.

Table 2. Hyperparameter settings in the ESMM module
5z 2. ESMM R HBS I E

=511 AN EIBY B AT 4 5 ESSEV-WIPS |}
12 [24, 48, 72, 96] 12

KIS RE T, A ARSI RENLEL BT 224 x 224 R/, FFalad BN IR RN E 1 A HEAT s 1 o
SLIGR ) AdamW Ak 38, WIS IR E N 1x 1074, Mk RIRECN 20K, HitE K/ANEN 4. ZAEANTE
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NVIDIA GeForce GTX 1080 Ti &K 3T Pytorch fE4ESEH, @it SSIM A1 PSNR Fi br X A5 Y 14 GE#EAT
BN 5041 SLIR AT ESMM BB S 400 +% 2 fiizn, UnDehazeNet A7 ¥ (8 S 408 B n e
3FTR.

22 v, ESMM AR T A i () REAE SR USSR 12 J2 454, H5TC[24, 48, 72, 96]1) 2 R EEHRHIE
YERE, GRS E RERHERRINT R, 12 k2 hiE & 1WA T B i 22 5 - J5 3B 2= @ AsRg 77 .

Table 3. Hyperparameter settings in the UnDehazeNet model
%z 3. UnDehazeNet 8 FBESHINE

R #E KA EARREL L1 R SSIM R AL IR AL
1x10* 4 20K 1 0.2 0.3

%3, BIRURRECRA] L1 B2k SSIM Sk 5 IR AL Al & 1977 30, b L1 0 R L i
N1 SSIM HRAE BN 0.2, BAHURIE N 0.3, WAHRCP#ERFZHMR . BIGATIRE S5
P, HAEZH(E IR AN RS SR SC R B IR B0 B RS I S S R R L.

3.2. IESEWER O

1) & HH . UnDehazeNet Bi%YF1LL G J72:4F REVIDE 1 HazeWorld ()€ B 45 B0 M W& 4. %
5.

Table 4. Quantitative comparison on the REVIDE dataset
= 4. REVIDE HiEEREZ LR

A PSNR 1 SSIM 1
DCP 11.03 0.7285
PM-Net 22.01 0.8759
MAP-Net 24.16 0.9043
DCL 2452 0.9067
UNDehazeNet 26.67 0.9153

Table 5. Quantitative comparison on the HazeWorld dataset

5% 5. HazeWorld iR & EE LR

LAY PSNR 1 SSIM 1
DCP 20.49 0.8126
PM-Net 24.70 0.9259
MAP-Net 27.12 0.9349
DCL 27.56 0.9415
UNDehazeNet 29.35 0.9676

M 4 SIS AT UG H, 78 REVIDE $dE4E b, 4405650771 DCP ] PSNR 1% 11.03 dB,
SSIM 24y 0.7285, BRI T 24 TIRBES S 778, 3% 38 BF kT 1] B S 56 R A% 4 7 v M LA S B 58 55 R AN
R et TR 2E 3T PM-Net BU#3 1 22.01 dB ] PSNR A1 0.8759 (1) SSIM, #HALS 54 5.3
$2Ft. MAP-Net il DCL #— P47t 1168, 43 7iA %] 24.16 dB/0.9043 Al 24.52 dB/0.9067. A1)
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HIES

UnDehazeNet S8 1 B4R, PSNR 1A% 26.67 dB, SSIM i£ % 0.9153. 5k L/ DCL ALk, UnDeha-
zeNet [¥] PSNR $&/5 1 2.15 dB, SSIM M 0.9067 # =% 0.9153, X — & FRTHRIE | AR H K ESMM
BLHLAN D3D 7EF 3 55 KA 25 Z5 4T 55 Hh A Rtk

A 5 SEIR A AT UG, 7E HazeWorld i 4E I, #0706 = T REVIDE $#i4E, iX
FEJEFN HazeWorld & BB, H 1010 B AF & KSR B B AR, Bt N a5 U4
B AN —5. DCP JTETEA R4 MR B SR 426 W 427, PSNR 1A% 20.49 dB,
SSIM 4y 0.8126, {HAIHH AR TIRE S > J74E. PM-Net. MAP-Net #1 DCL 437 H(45 1 24.70 dB/0.9259.
27.12 dB/0.9349 #1 27.56 dB/0.9415 [f1&k . AL T7i% UnDehazeNet 75 A Xt Lt 7772 R BLELLF, PSNR
1A% 29.35 dB, SSIM ix#] 0.9676. XL DCL ALk, UnDehazeNet /] PSNR &/ 1 1.79 dB, SSIM
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Figure 4. Qualitative comparison on the REVIDE dataset
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Figure 5. Qualitative comparison on the HazeWorld dataset
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Table 6. Ablation experiments on the REVIDE dataset
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Figure 6. Qualitative comparison of ablation experiments on the REVIDE dataset
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