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Abstract: In sandstorm weather, outdoor images often appear blurry, with color cast, etc. , which seriously
affects the performance of outdoor computer vision systems. The current sand and dust image enhancement
algorithms often suffer from color distortion in large areas of the sky. A multi-scale information and HSV
(Hue, Saturation, Value) space-based image denoising algorithm was designed for this purpose. The multi-
scale residual denoising module was used to remove sand and dust, and the HSV global adjustment module
was used to further adjust the image color cast. Then, an attention mechanism-based feature fusion module
was used to fuse the outputs of the two modules according to their corresponding weights, restoring high-quality
images. The experimental results show that the proposed sand and dust image enhancement algorithm eliminates

color cast in the image and achieves good results in both subjective and objective evaluations.

i B EE : 2024-08-25
E€WH: HZEE SO K IR (2023YFE0205800) 5 [ K A 48 BE 4 Bk & Sk 4 % B 5 H (U23A20285) 5 111 P4 44 5 o5 0F & 11 4
(202302150401011) : F5 [ ARl 54 10 F I H (62471442) 5 vh o5 G35 BHL & B3 H (YDZISX2024D037) 3 FE% H 4%
Bl 4 -F AR R A VI H (62301507 5 1LPE & EaHF 2R (A FEEE IO PeBim H (202303021222094)
EZ BT T 2001, B, Wik, FENFHFHMER AT, E-mail: 2630072910@qq.com.
*EEEE: ROTFA1983—), B, Bdw, WL, FENHEESHEEAIE . FGAAH S5 EEFME . E-mail: pc0912@163.com,



306 il

[EVE S S NI S

2025 45 3 )

Key words: image desanding; deep learning; HSV color space; attention mechanism; expansion residual

convolution module

0 35

PR 210 2 R UL 5 Sk 24T 55 2
—o TEVARRIH, m TP IR AR
2 BRI IR, (A5 AR BB A5 A0 B Y P R 1
FEAE FUBASER] . XL BE R B | BE K FLAF AL, ™

RO T PR B R AE . BUA R R

ARk F 2] Lo B TAL G 07 vk 0 B B 5t
SRR T IR L o7 S R K U2k

ST G5 LU 2B BB s S vk — U
SONEW LR AP N R DA LUNE ST
LUBE RN S R I B/ A U O RS N S B A ()
I RE A2 I 5 WU 2 ¢ TE 3 T RIS X BERE
Xiang 2 * R 58 B2 23 (6] 73 g 5E W5 P X, 3 ik X L B2
2 FREY I L EL T PR A AN A A AR i AT 4
S, RS SE MY S) . Bk Jr ik BRI LI—
SE e B O PR B, (H MR R A T
FraE B, HALBS PG5 X B i 2
M o

UTARR , TRE 57 ) (i R AL BB 52 AU
ZE AR TR B vh A G HERLARI, BRI 1T
AR I TE B R AT AN o Wit BIFFE s
TRR THBIE, BN, Zhang 55 3 25k kbR
ST R RELIE P 2%, 3 1 X707 T P S (R AE R
FENFSER AR B, AR TR R, g
AL PRI FBRFAIE 5 938 BT T 45 22 o) A 4 G 2R

T M B 25 2 R LUMR AR AR A 3 1 580 Hh e B
BRI MLAG AL, i AR U ) B A T
Ding &4 Hy T —Fh I 1B 58— [R5 2 55 0 L 1
B2, R SRR B AT I B BUAE M %, A7
SECA il TR J3E A O 1 M 7 A B R A IR 225, 2
Je 5 DX SR AL 9 il 5 SR, A g Joi 11 7
MiPf& . Liang 5572 T —F &5 & BUEAAIE T
B o o] W 45 Y b A PRI B 5 07 %, e T B
S S TR R S, g T b o B P B = Ikt
I U7 X6 o7 PEAZ B4 1) 8, Ding 251 3 T o ik 1Y)
CycleGAN Z244 , I I 38 1z 2 fiff fith 1 e 52 A
R HIEN S, B ER G, Eddr
TEX TR BV AR BT A B B B 45 8, B X
T EIB RV A BB A

il

A G SR P T B R AR
VD R R A T 1, FFREE T V2 R A Bk
P, (Hl TAZEEBEERF L, SEBG WM
EIMG R =2 2R, T o S EE8% 20
T 25 AEE M, R KBUAR 4 BE 35 B
Bl AT 8%, RIG, TE/ NI 53 9
AR DA T UGk, (HU X 8T X
B R BRI PR B e 2% . TR R 58 R
B PRI 28 0 28 SR IOIR A RGRRAE , I 1047 Rl
BRI W EIR .

R HETE AR Z BB E AR T A A
BE S TR, (B R ZH07 AR R 2 KUY b
PRACRAEE, 1 3™ A B R EADG 2B
o A, ASCER I T — o 2 s 1Y 45 U 28 )
KRG RV AR E SRR, A SCITIEAN
AT H A IE T Vb2 AR i, T B TR %8
DI 1 A FRES SR TC B (A R L, AT LA 3 4015 T M
ICTH R

ASCH FEBDTERAN T « DR —Fhas & PR
oS A 2 NG R 2 A M L s 2)FEHH —Fp
FHF VDA UG AT YR Z N LB A i 22 RO 2
P DI —FH TR EEEEMIER HSV (Hue,
Saturation, Value) 42 R RIEEARLIL ; FGHE T I
YA ) e FEE AN [l 882 i 5 i b 2 IEHR B 45
1 ARXFIE

X BT VD2 G 38 i A 2w RS i 22 R
FERFAE, JF HAEVD A UG R 25 XS0 b B2 SR A7
TEB 0 R LA, A SCHR Hh—Fh B T 2 RUEAR
B 5 HSV ZS R EUR UL 50k . 2 i s A2
HWaE 1 s, FEHRBERIERBR S . Z2 R
FERR 25 VDb B | HSV 4 Jmy i L) J I+
TR IIHLH A RRAE Al B A 2 B

B\, N3N GREIERRZFHE; A5,
SIAY KRG PR AR 2 R RHIE, 4 b —Aemy
F B HSY githzs g, A2 R84 4%
o3 B2 M I SR T g R A G e L TR R R
[ElEE; 25, RINFHMERLG R, st 240730
AT UG R BRI N 4 SR ik, S 2 R sk 22
RV RRIRATHS Y 2 my i msith f i HEEE B 3 A



CEEE 171 1D

BT 2 REAS B 5 HSV 23 [\ i R R b A3k (e T 145D 307

)AL 5 fie i, o 5 07 A AR b B8 SR A 3

[ - |-

BB FEAN, 3B A B KU R EIR .

— HSVGAM =  FFAM

l
I

Bl1 MEEREG
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Fig.2 Structure of the multiscale residual desanding module
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Fig. 5 Qualitative comparison between ours and the comparative algorithm on synthetic sand dust image test set
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Tab.1 Quantitative comparison of different methods on syn-

thetic sand dust image test sets

Jrik PSNR/dB SSIM
k[ 14] 15.653 1 0.600 4
SCHk[15] 13.2620 0.536 7
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ROP+ 17.319°8 0.727 6

EPDN 17.3218 0.7124
RefineD 18.7184 0.748 1
TOENet 19.025 7 0.7920
AoSRNet 20.209 3 0.8519
ARk 20.425 9 0.827 4
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Fig. 6 Comparison of ours with the four selected methods on real images
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Tab.2 Quantitative comparison of different methods on real images

ik NIQE PIQE BRISQUE
SCiik[14] 5.6103 43.456 3 36.686 3
ROP+ 4.5817 41.762 4 31.4226
TOENet 45297 38.038 1 30.765 6
AoSRNet 4.487 4 36.8257 28.944 3
KTy Ik 43708 36.740 1 29.809 1
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Tab.3 Quantitative comparison of residual convolution blocks

with different numbers of expansions

T PSNR/dB SSIM
1 14.051 9 0.569 1
2 16.823 0 0.668 1
3 19.4914 0.7491
4 20.196 5 0.790 1
5 20.391 8 0.8106
6 20.4259 0.827 4
7 20.410 1 0.8212
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Tab.4 Quantitative comparison of different loss function

parameters
28 PSNR/dB SSIM
At 19.051 9 0.761 2
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