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Action Recognition Based on Adaptive Fusion of
RGB and Skeleton Features
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Abstract In this paper, we proposed an action recognition algorithm based on the adaptive fusion of RGB and
skeleton features to efficiently improve the accuracy of action recognition. However, the conventional action
recognition algorithms based on RGB and skeleton features generally suffer from the inability to effectively utilize the
complementarity of the two features and thus fail to focus on important frames in the video. Considering this, we
first used the bidirectional long short-term memory network (Bi-LSTM) combined with a self-attention mechanism
to extract spatial-temporal features of RGB and skeleton images. Next, we constructed an adaptive weight
computing network (AWCN) and computed these adaptive weights based on the spatial features of two types of
images. Finally, the extracted spatial-temporal features were fused by the adaptive weights to implement action
recognition. Using Penn Action, JHMDB, and NTU RGB-D dataset, the experimental results show that our
proposed algorithm effectively improves the accuracy of action recognition compared with existing methods.

Key words machine vision; action recognition; pose estimation; adaptive weight computing network; long short-
term memory network; self-attention
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Fig. 1 RGB images and corresponding skeleton images
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Fig. 3 Spatial-temporal feature extracting network with self-attention
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Fig. 4 Adaptive weight computing network
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Table 1  Experimental parameters

Parameter Value

Loss function Categorical cross entropy

Optimizer Adam
Learning rate 0. 0001
Batch_size 32
Number of epoch 150
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Table 2 Accuracy with and without self-attention
on Penn Action dataset unit: %
Attention RGB Skeleton Fusion
Without attention 90. 3 83.8 92.8
With attention 92.1 85.2 94. 3
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Table 3 Accuracy with and without self-attention on
JHMDB dataset unit: %
Attention RGB Skeleton Fusion
Without attention 69. 2 61.9 72.9
With attention 71.3 63.7 74.8
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Table 4 Comparison of AWCN and other algorithms
on Penn Action dataset unit: %
Algorithm Accuracy

AOG-Fine™" 73. 4
STIP-HoG+ HoG" 82.8
AOG-AlM 85.5
C3DM* 86.0
JDDM] 87.4
MMTSN-RGB+ Pose™” 91.67
IDT-FVH 92.0
IDT-FV+ Pose” 92.9
TSN U 93.8
DPI+att-DTIT# 93.9
DPI+att-DTIs™ 95.8
AWCN (Ours) 92.8
AWCN+ self-attention (Qurs) 94. 3

MF 5 ] LLE H, A3 AWCN 78 THMDB 4%
PfE L FAEA B RIF#: B, P-CNN, TS R-CNN,
MR-TS R-CNN #B & M ¢ 15 fff 3 $2 Bt RGB FOG
AR T LR 15 0 5T A bR 23 X PR ) 3 AR K 1Y 52
M) ] B O AR B8 T B3 23 AR 9% K I BF|] . FAT
A 3 AR AR AR A A 4 A R ) I R Y AL
A RGB FIYEHFHE , AN BB %50 i A FH 5 b R 1E

201506-6



Wt 5ot T o R

B9 E AN B LUKS B b AWCN K. GoogleNet +
UTF 38 5o B OO O i AR R A7 47 2R AR A
FHEAAS BB, UMK BE R S [ B 56 3t [ A5 4 3
HURE 2% 7 KB Ay ik E ., MMTSN 7& fff Fi RGB Al
Pose FEAIF fill A B, £ B SC 8 B 73 R AE 14 B8 1 A5k,
() B, 368 3 [ A A - T R R R S A BB AT 255l )
FHRRAE ] 1 B AR
# 5 JHMDB ###4: - AWCN 5
LA TR 3 L
Table 5 Comparison of AWCN and other algorithms

on JHMDB dataset unit: %

Algorithm Accuracy
P-CNN™! 61.1
FATE 62.5
MMTSN-RGB+ Pose!*"! 62. 86
STAR-Net*" 64.3
IDT-FVH 65.9
TS R-CNN™ 70.5
MR-TS R-CNN"™ 71.1
GooglLeNet+iTF™®! 74.5
AWCN (Ours) 72.9
AWCN+ self-attention (Ours) 74.8
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Table 6 Comparison of AWCN and other algorithms
on NTU RGB-D dataset unit: %

Algorithm CS CV
STA-LSTM™" 73.4 81.2
VA-LSTMM" 79. 4 87.6
ST-GCN™ 81.5 88.3
Two-Stream CNN" 83.2 89. 3
CSTA-CNN™ 84.9 89.9
HCN®Y 86.5 91.9
SR-TSLEF 84.8 92. 4
AWCN (Ours) 85.6 88.9
AWCN -+ self-attention (Ours) 87.3 90. 1
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Fig. 7 Recognition results of using skeleton features only and fusion features
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