63k H3W oMK AE A e CHL AR R Vol. 63 No. 3
202545 A Journal of Jilin University (Science Edition) May 2025

doi: 10. 13413/j. enki. jdxblxb. 2024171
£ TFRESSS D-S Bt
SHEBEHERSE S

5K H
CHr s K% BB H AR =B, 58 AK5F 830017)

#

<
M

WE: A ERASESEERTERAELAFERAORRRZNE A, BRE-—HETREF
5 D-S(Dempster-Shafer) B W S A HBEHTH AL HE. Bh, EREFITELN, XA
Z IR Boltzmann HL(RBM) X £ # A 45 #AT I 4, R4 L FE WA HEME S F K, 2 RBM
WAEMBATLIEABRERERE. LR, REARNFEABF T EREESHEZ TN
W, AEGEERE, R ZREAUMB T HE, TAREXBEASABEV I RAEG. RE, B
UWHEREAESBESARERBREZENER, AR EBENEEES, £4 DSERE
ALEESBERERSG. SRERXN, ZEENSEEREGL 1.0, TELEFEERT X
0.3, KAZEETUKBBEN S HEASBE AR L E R,

XEW: BEF; DSHER; FHEAKEHT; @6

RESES: TP274 MHEKFRERD: A XEHES: 1671-5489(2025)03-0855-06

Multimodal Data Feature Fusion Algorithm
Based on Deep Learning and D-S Theory

ZHANG Yan
(College of Com puter Science and Technology . Xinjiang Normal University , Urumqi 830017, China)

Abstract: Aiming at the problem of poor fusion performance in traditional multimodal data feature
fusion algorithms, the author proposed a multimodal data feature fusion algorithm based on deep
learning and D-S theory. Firstly, within the framework of deep learning, a restricted Boltzmann
machine (RBM) was used to train multimodal data. Based on the characteristics of the data and task
requirements, an RBM model structure was constructed for multimodal data feature selection.
Secondly. based on the selected features, the author calculated the distance between similar modal
data, determined the trust function, and set a threshold to remove abnormal data, achieving
preliminary fusion of similar modal data. Finally, by calculating the distance between heterogeneous
modal data and feartures of different levels, the author determined the trust function of heterogeneous
data, and combined with D-S theory, multimodal data feature fusion was achieved. The experimental
results show that the purity of the proposed algorithm can reach up to 1. 0, and the standardized
mutual information can reach up to 0. 3, indicating that the proposed algorithm can obtain accurate

multimodal data feature fusion results.
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Fig.3 Flow chart of multimodal data feature fusion
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