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Abstract: In order to further 1
processing process, the fused {
paper proposes to replacg !
to the property betwee
with the traditional guided

of some images after redistributing the weights.

ve the effect of the traditional guided filtering image fusion algorithm in the image
retain more details. Based on traditional guided filtering image fusion method, this
18l linear weighted average with the non-linear Sigmoid function which can be mapped
d one, and finally the fused image is obtained. The experimental results show that compared

ering image fusion algorithm, the proposed algorithm can effectively improve the fusion effect
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Fig.1 Sigmoid function image
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4 SCIGZEER 43T (Experimental results and analysis)

BT RS ) TR E A T, A RE R
REVEAG AR 2 e b . A LI A Bl 2 B 3 b 17 LR
BOR, BIEGAE BRARET WG S REENZ 4R
1 Ay PR (VIF ) 45 20 00 4 V15 Bl 4 1 B 3 0 2 1P A
[l il A5 7 R B . A T IR AR SO VR A A, R

TZHEZRERGIENTREG, JEANEEIH T T

Hro ZHELIEEERF LT ER AT HEME, E?F—“mﬁilﬁ,é
iﬁﬂ%TEZﬂl&]@ﬁﬂé’iEAo P24 N [ BRI BE Y

@@ﬁam\
B-focus image fusion

(c)GFF 53 (D)ASCTr
H4 595 T B ®E
Fig.4 Image fusion in dynamic scene
Ml & BB R AEE, METGFFREYE, &AXWE&
AR R BEERGPNER, EHE O SIS IR
ZMTCHAERE RS, WM EEVIFFHEIET 40 &
W, E—LEG LA O RCRBAAE G GFF SRR Tt &,
FINH T AR ZH LB GFF AR MA UL VIFFAHE
VIFF{E 2 —Ff e B G RGP B E,  HOHAR S SER Rl A
HEATRIITAEARE, BEAEHRHINTELE
F1 ZHIRHEWFN(VIFF)
Tab.1 Objective evaluation of three groups of
experiments (VIFF)
(C)GFFE: (@A palite S| GFF5iik A5k

H2 R RBEEE T 6 AL kA NGL 5 0.6334 0.6452
ZEIEEIG 0.5757 0.6662

Fig.2 Image fusion under different exposure HAEE 0.3819 0.5011




18 TR

20214E11 8

5 #Eif(Conclusion)

o T B R A2 PR AL B i — N EE A, AR
TP B S B R R B R, TR R E A
BATYE R L, XS5 08B S s Bl ATt
BUG TR B A OR . SCIRUE IS O JE B R — LR R
AL B REE EA TR, U TASOI AR A R, TR
JREEBESE LA, M E T IREE R EEEE
B E BRSSP TR AR R SR S S .

S E Xk (References)

[1] GOSHTASBY A A, NIKOLOV S. Image fusion: Advances in
the state of the art[J]. Information Fusion, 2007, 8(2):114—118.

[2] FARBMAN Z, FATTAL R, LISCHINSKI D, et al. Edge—
preserving decompositions for multi—scale tone and detail
manipulation[J]. ACM Transactions on Graphics, 2008,
27(3):1-10.

[3] TOMASI C, MANDUCHI R. Bilateral filtering for gray and
color images[C]// Institute of Electrical & Electronic Engineers.
Sixth International Conference on Computer Vision. USA:
IEEE Computer Society, 1998:839—846.

[4] HE K, SUN J, TANG X. Guided image filtering[J]. IEEE
Transactions on Pattern Analysis and Machine Intelligence,

2013, 35(6):1397—1409.

[5] ktEm BARE LTk T HA7] TRk %8 EBERS
[J]. 32 4 K ,2020,39(09):103—107.

[6] LT S, KANG X, HU ]J. Image fusion with guided filtering|J].
IEEE Transactions on Image Processing, 2013, 22(7):2864—
2875.

(7] AR5 A% R ATl 25 B S RER
ik 7r i )). 3 SEAUR R ,2021,41(01):220—224.

[8] XML MR 5 —F L FIREANZMARAY S ELER
R AT )] R KR IR FMR),2016,46(03):7—13.

[9] LIU Y, CHEN X, PENG H, et al. Multi—focus image fusion
with a deep convolutional neural network[J]. Information

Fusion, 2017, 36:191—207.

7 ()] A d 2 TR F SR (8 RFEFRR),2009,37(10):39-43.
[11] 4447 R B A5, 5 L FSigmoid i 2 A9 % IRk B 1%

HERRA k] AL BN 2015,36(10):2321-2329.
[12] HAN Y, CAI' Y , et al. A new image fusion

performance ic on visual information fidelity[J].
Information FuSjen, 2013, 14(2):127—135.

fEE BT
(W), A Bb B FURALTE, RS

(EHH271)

application_layer

[ 20 60

B 16 100% 4 ALBAR
Fig.16 100% rando
5 #Eif(Conclusion)
A SCHEAR BB A B0 X O T A B Je, TR T
H T Stacking BT HE B Z T H 5 . B9, £ T Boostingf
SRR, MR EEETIMAR AL — 2 3, TR
b, EEEREEMDL AR, ARV TS A%, KT
B A EVE(E AT TN, B, (P 40 B [l DT A A B 00 B A
PSS, 45 AR EEMERM BB AR, BIIAR & S
SRy B AERRAE A T . s, B R SRR AR H At
SR T LI NT , SRIR SRR RN, AR SCEETEA AR
R ER R [RI,  SEINAF & ELSE W 28 B AE 1 BL Bl , 5 PR
B BRI 4 B AE DATR S “DMERELE” 1 B BBEE Rl
Sk (References)
(1] SmE ae L35 M6 L EERNBERFR[D].B%: 5% E
FHHE K F,2018.
2] &4 HEF T M) AT F LK S H R 2016:171-173.
B 2FERFIPETFREREOMR[D]. L LT KX
5 2011.

B2 IR T S OB SR AR AR 0 W 28R E b7 S5 T

Qmim].@ri:@mmk#,zm

5] FRIEDMAN ] H. Greedy function approximation: A gradient
boosting machine[J]. Annals of Statistics, 2001, 29(5):1189—
1232.

[6] CHEN J, ZHAO F, SUN Y, et al. Improved XGBoost
model based on genetic algorithm[J]. International Journal of
Computer Applications in Technology, 2020, 62(3):240—245.

[7] ZHANG J, MUCS D, NORINDER U, et al. LightGBM:
An effective and scalable algorithm for prediction of chemical
toxicity—application to the Tox21 and mutagenicity data
sets[J]. Journal of Chemical Information and Modeling, 2019,
59(10):4150—4158.

[8] 5% Ak, R Ik, T4 F L T CaBoost H ik ag ¥ 4249 fi
WM AT R[]]. & A T2 F4R,2020,15(01):76—82.

(9] B, STl AR K A AL T At M A Sk o B AR
ARBFARAL]] T BT AR L &R ,2018,54(10):154—157.

[10] BREIMAN L. Bagging predictors[J]. Machine Learning, 1996,
24(2):123—-140.

1EEE T
HkmE(1995—-), B, MitA BRI aus. M%EE L, Wi
THk.

RAR(1971-), H, WL, BR PR EREEE AR,
HEILM S5 E B LRI A .





