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Abstract: Aiming at the problems of insufficient spatio-temporal feature fusion and failure to fully utilize the rich
skeleton information in the existing action recognition algorithms, this paper proposes a dual-stream fusion action
recognition model based on cross-modal synergetic perception. Firstly, this paper proposes a dual-stream fusion model,
which obtains the global information of the two modules by fusing the RGB video stream and the skeleton stream,
realizing the complementary advantages; proposes a spatio-temporal interaction and attention enhancement module,
which realizes the in-depth synergistic and dynamic complementarity of spatio-temporal features and dynamically
enhances the attention weight of the relevant spatio-temporal region; and finally, designs a Multimodal Feature Fusion
Module. Feature Fusion Module, which will be enhanced by feature fusion through the outputs of RGB video streams
and skeleton streams, and fully exploits the complementary information between RGB visual appearance and human
skeleton motion through adaptive weight assignment and cross-modal interaction, so as to improve the accuracy of
action recognition. The results of multiple sets of experiments show that this CC-DFARM achieves high accuracy on
the NTU RGB+D and NTU RGB+ D 120 datasets of action recognition, obtaining 97.2% and 92. 3% accuracies,
respectively, and improving the accuracy by 3.6% and 3.2% compared to the baseline method MMTM. The results
show that the model can fully extract and utilize the human skeleton information, and at the same time fully integrate
the spatio-temporal features to improve the accuracy of action recognition.

Keywords: spatio-temporal attention mechanism;f{eature fusion;action recognition; multimodality
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Fig. 1 3X3 convolutional decomposition into two a and b steps
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Fig. 2 Architecture of MMTM for two modalities
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attention module with HCN
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Table 1 Experimental environment
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Table 2 Experimental results of each model on
NTU 60, NTU 120 datasets

Model NTU 60 NTU 120
CS/% CV/% C-sub/% C-set/%

PCRP 53.9 63.5 41. 7 45.1
ASCAL 58.5 64. 8 48. 6 49. 2
1SC 76.3 85.2 67.1 67.9
CrosSCLR 75.2 78.8 67.9 66.7
Shift-GCN 89.7 96.0 85.3 86. 6
BlockGCN 93.1 97.0 90. 1 91.0
SAN-GCN 92.1 96. 2 88. 7 90.1
Ta-CNN 90. 7 95.1 85. 7 87.3
GSTLN 91.9 96. 6 88. 1 89.3
InfoGCN 93.0 97.1 89. 8 91.2
STEP CAT-Fromer 93.2 97.3 90 91.2
LA-GCN 93.5 97.2 90. 7 91.8
MMTM 89.4 93.6 86. 8 89.1
CC-DFARM 93.8 97.2 90.9 92.3
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B LB LA-GCN 5 GSTLN, 7E 8 HPk ikt NTU
120 #1,CC-DFARM LA 90. 9% [ C-sub il 92. 3% ) C-set
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Table 3 Comparison of performance with other multimodal fusion action recognition models

Model LRI T NTU 60 NTU 120
CS/% CV/% C-sub/% C-set/ %

LA-GCN W R 2R 93.5 97. 2 90. 7 91. 8
3DA AT+ 28 92. 1 95. 8 90. 5 91.4
Star-transformer A+ B 2L 92.0 96.5 90. 3 92.7
MMNet TR+ 3 91.4 94. 8 88.3 89. 2
MMTM LI+ F 48 89.4 93.6 86.8 89.1
DSTSA-GCN Zi e = 92.7 97.0 89.1 90. 9
CC-DFARM Zi = 93.8 97.2 90.9 92.3
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T AEAERS 25 B BB G, A SCRE 3R 1 1 TIAM i %8 32 B
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e 94
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P A5y 2B R4 HON HESE , ST 22 RO I 25 R AiF 19 58
RS, AL E i A S A Sy il SR L X OGS B X



N B F A THEREWDR R LIRS SRR

%21

Wz B SO BT R AL
3.4 HELSIY

1 DSMF 1%k &

T VAL DSME 1978 Rt K H 808 o 45 i A 10 B2
WA, 2% SRR R0 3E A7 0 Al TS0 . S B DA R A
I A AR B E s HON i85 . I A&t &
MFFM Z# A5 FFAE il A BB AR Y . AR SCHs DSMF A5 3k
S HAE convs BRRJFRAE FCT & H )5, 14 M 45
e 4 Fis,

&4 DSMFHEHMEE
Table 4 DSMF quantitative ablation experiment

o FENTU 120 IFE FIRRERM TS HIER

Table 6 Datasheet of module ablation experiments
on the NTU 120 dataset

TIAM DSMF MFFM  C-sub/%  C-set/%
86. 8 89. 1
J 88.3 90. 2
NG NG 89. 6 91.2
N/ NG 89. 8 91.5
N/ N/ NG 90.9 92.3

I NTU 60 NTU 120
CS/% CV/% C-sub/%  C-set/%
DSMF1 91.3 95.4 88.5 89.2
DSMEF2 90. 8 94. 2 87.3 88. 6
CC-DFARM 93.8 97.2 90.9 92.3
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Table 5 Datasheet of module ablation experiments
on the NTU 60 dataset

TIAM DSMF MFFM CS/ % CV/%
89. 4 93.6

NG 90. 9 93.9

J J 91.3 94. 8

J J 92.7 96. 1
N N N 93.8 97.2
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