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Abstract

Aiming at the problems of distortion, halo, or incomplete defogging in image defogging algorithms,
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this paper proposes an image defogging method based on a multi-scale convolutional neural net-
work. First, several smaller single-scale convolutions are used to extract shallow information, and
then multi-scale convolutions are used to extract multi-dimensional deep feature information in
parallel, which increases the depth of the network, enriches semantic information, fuses shallow
features and deep features, and finally uses nonlinear regression to generate transmittance fea-
tures. Experimental analysis was conducted on the ITS and OTS sub-datasets in the RESIDE dataset.
The SSIM and PSNR of the algorithm proposed in this paper were 0.976 and 25.041, respectively.
The results showed that the algorithm proposed in this paper had better image restoration, more
natural processing of easily distorted areas and texture details, better defogging performance
than traditional algorithms, and better subjective and objective evaluation.
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VAR, AERLSEARTET, S5 REMRZ Nk TARZ NI, Gl sd SCRANE L 5 m 22 3l A w1 4%
N T FRPOX L, R F R 2 R LR TRV AN T Re A . AT R 2 S HR A
T—ARFRAL] [2]. BB 25 55 Ab 3R UG AL B AT Hh ) — AN 22 i 7, FENLARAI G A8 b e 45
BRER, HEZTL R LRI RS THRENEGBIMAR3]. BAl, CEHREMALTHNZERS
THIEUGHHAT T 2 Z a8, B T AEERURI4], thin Faber £ N[5 T —Fh%E T Retinex K41
SRS S A FHIE . AU ATE TR T — R 4 R G R BN 5558 K 1 BURHEAT 42 )= e e Ak
H; REH A4 R CIRAC RS BB 428, FRRTX S A R AR I 25 55 ik i AT /b s SR Ik
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o ZEIEWA T I, (HRIZITERGIERT X AR EUR IS . He S AN [T T —Fhis
TRIE IG5 v, R SR 55 UG b B I IE S R AN RSO AR e e I, R AR S
SERBRL, ISR T K% . SR, B BERE A8 8] SRR, X FEEIEMITEERO. 1
B2 @b S ke, SRR A X 4w 9], Tang 25 A [1017 FH BEHLAR AR AL 524 55 EUE 1)
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LR AKX % BUE 2 REERHMERRI. 281, H AT B L F 7 H O A RS T AH 1AL
(2] [20], EAfE&RRIMAIEREFR LI RK, BB TRk, G RE R EA N, 8%
FEHRALT
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TR R FZ TR b, AR — M T 2 REGFRME M4 MSDN (Mutli-Scale Dehaze
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Figure 1. CNN basic network structure
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Figure 2. MSDN mist removal model
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Figure 3. Activation function comparison chart
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PReLU (Parametric Rectified Linear Unit)/& %} ReLU (Rectified Linear Unit) {1 s iEfI Y i . & 7 B0 B
B SIN T SIS, LT ReLU BfF —Le B 11X A,

ZHMIE
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2) PReLU: PReLU B I AT % IS4 a, nf DAE A ERAIEZM M, WmED “IE
TR L B, BT TRFIE R R
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3.2. HfiE1E 2IREUER

LB R ERRNEREE, ARBNEIGEZEENRELSEL, MEEHTEESE, =
—MFNE FEBHEAMCEERERILE S, SUSEFENRERILER . E008 kRSP LI
R e RS RIR, L, N 7 SRIGALE B R LR A 2 3 B HRIE(E 2, A SCHE MSDN R4 1)
B=JRRM T ZAARRENSREATIES, A=A R RSP R E AT R, JF
FERFAES: ) IR 1 x 1 1 /NERUZ R EAR 7 x 7 IR A RUZ LA IR AR TR 1) 2 JEE 5 o A [ RLBE [ 4
PR BT 1007 : AT 2 R RHESREL,  Horh Pad A#5IHL 0. IR A BRI SHINE 1 Fis.

Table 1. Multiscale feature extraction convolutional kernel parameter table

F# 1. ZREFHENERESHER

Type Conv
Filter size 1x1 3x3 5x5
Filter number 5 5 5
Pad 0 0 0
Stride 1 1 1
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PR MR ERRRATE, BT % 58 R A AR T A (D) &R
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Figure 4. Atmospherical scattering model
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42. GRBEEEGNLRER

SSIM (&5 AL SR BR) AT PSNR (WA 5 M L) A2 PP MR BT = (0 B W F OB AR b, e ATIE VRl 25
FRCRTT AT — s IMER]. SSIM & T BRI e . LRSS R . XT£%E%, % SSIMH
s, WARER T £ 5 Ja I R A EL AN SS #4577 1 5 IR an PR SE AR L, B R ZRCR T 4F. PSNR i
TRGEEZSRGEEZ R EERERL. £E5FE%T, PSNR ATLUH T HE X ZEHIEIEG 5 EGT
Z UG 2 TR HONE 75 KRR HORE SR o ) PSNIR (B2 25 55 MR 5 SR A6 MR 2 IR 22 e DS, D
EEHRELT .

FEX 5 R WA 5 BB REAT £ % Ja Pl 451 SSIM J PSNR fHAN 2, 4% 3 s

Table 2. Comparison of similarity of different algorithm structures (SS1M)
5= 2. PRIEALEMEIAE T (SSIM)

S SCHR(5) SCHR(T) CHk(10) CHk(14) AL
Pk 0.8249 0.8122 0.7338 0.9610 0.9811
+ 0.7693 0.8312 0.7429 0.9628 0.9688
BeE L 0.8213 0.8103 0.8267 0.9770 0.9872
BRE 0.8814 0.8785 0.8577 0.9851 0.9860
AL 0.7833 0.8657 0.9242 0.9511 0.9566
S 0.81604 0.83958 0.81706 0.9674 0.97594

Table 3. Comparison of peak signal to noise ratio of different algorithms (PSNR)

% 3. TEEXIEESMZEEXTEE(PSNR)

B4 SCHR(5) SCHR(T) SCHR(10) SCHR(14) A
P 14.1344 14.5288 14.5073 22.7950 25.3488
+ 12.1683 15.0093 13.7077 23.8226 24.0251
WE AL 11.4671 10.5363 11.7001 21.7723 25.2374
ER 13.5491 15.0948 16.4741 29.1411 29.0844
FereAX 12.9571 16.5001 18.6688 20.9023 21.5119
S8 12.8552 14.33386 15.0116 23.68666 25.04152

EXTENAZEBNEZRES, BT 80 XZR0EAWES . P Ess: Tarel (177
RERAUERTEENE T BRES R BB BAE AR, FEAREIE BT AL SRR UL
LEHR He WEIEMLALT Tarel, HARILR 7 LFEBEARTEMENRCR, HREFELRERMTT
B 7 I B ROL LR HAF LR s Cai MR 2] Bk B AR BRI TR A 5%, (HR AR X
FAMNR 1] Zhang 258 A H) CNN 2 25 5000060 T4 55 BB 025 5 AR BT B 20T Tarel A1 He %4t %
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PR VA ) Jo 2 B e

Figure 5. Experimental results of synthesizing hazy images. (a) hazy image; (b) method in Ref. [5]; (c) method in Ref. [7];
(d)method in Ref. [10]; (e) method in Ref. [14]; (f) proposed method
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43. ASLEZERAGHNEELER

S FE AT, BT QSRR L F AR TS 1€ MEEb . AR, N 7RG A A
JrHIBAS B RE, AIRSEIR IR I TS R ORI G R R B SN R EEAT IR AT, DUHORER
ARV 2 55 45 RAAT BRI LEIFAE IR 6 TR T B S BB T L F IR AR, RS
T A AR ST A B

NS IR L T ORI EEERAT AR AN A I, AU Tarel 53200 BB REAT Ab BRI, FRATTRT
PURBLEZ R G S, Miag il 7R A aa, HREEC™E. MEAI0RRHA He M1 Cai
FOEN UG HEAT SO, REBONEGE, (HARAE AN BAAAE KT A %5 1 BRI R 2 XRS5 At 2,
HACER A (1 UG AFAE RS ELEERAR, BUC I g 1 i R B0 Jm R Zhang 9 CNN £ B HEE L Z R IR K
X EE T LA BN (B T B R b SRR (0 X3 2 2 ROR B SS , S EURE AR R E R LA B2

2T, ASCHR SRR AL B R 23 XSy TR BLH B AR, S B TN S S A AR FOAE e
ROR, IF HAEW LA s B AL 2, AESLREITEMT A A, A SRR RENS IR T ER I SSIM H,
KT RIFHIEZHCR.
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Figure 6. Experimental results of real outdoor hazy images. (a) hazy image; (b) method in Ref. [5]; (c) method in Ref. [7]; (d)
method in Ref. [10]; (e) method in Ref. [14]; (f) proposed method

6. F"EEZEESBZEGENEZTVR. ) BEEE; (b) XEK575%E; () XE 7 5%%; (d) XH 10 53%;
(e) XXHk 14 753%; (f) AX 5%
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BTG L S I EE T BRI AN TR ER B, T S8 RIEZHCRAEMI R, &
SRR T AT 2 RIES R MG EG L Z 5L, R T RHUNER, 8T A EEIEB
HERAG W RHES S, AR AN R R B RS AR AT SRR AL, B0 AT b RS R &, JFR
PN RPEB AL SR AR 28 BEAT IR AR ER o D 1 49 B N 32 5 0 BRRAE, AT P AR 2 P B ) 50 3
BEATAREE, A IEH] ITS A1 OTS PR AT SLIR N5, PR AS RIS 5 F 94T %5 BB AT 22 o
LR, e8RS TS E Z R . RAAEEAT 17X HS i 2 JE BATAR A ST SSIM K PSNR 5
PRIEF] T 0.97594 Al 25.04152, ML T X bLEE%, Ut BRATA LIS S5 S, fEHTASCT IR H ARG ISR
AR R S €00 5K T i) L RT AT BB (0 25 S RO, AR 1Y SCE S Uy i (AR R A5 3 1D KR T
DIEAERT P2 T ASCR AR 2 A i R F R

E&mE

VLA WA SR GR350 H % B (No: SICX22_1685, SICX21_1517), VL& S 2448 H AR BT
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