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Abstract

To address the issues of existing human action recognition methods relying on single-modal data
and insufficient recognition accuracy in complex scenarios, a human action recognition algorithm
based on LSTM with multi-feature fusion is proposed. Firstly, 3D coordinate information of 20 key
human joint points is acquired using a Kinect depth camera, and multi-dimensional features such
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as the position, motion velocity, and acceleration of the joint points are extracted. Secondly, key
frame localization and downsampling are applied to optimize the feature data and reduce compu-
tational complexity. Finally, the integrated multi-modal features are input into the LSTM model,
which leverages its spatiotemporal modeling capability to achieve action classification. To verify
the algorithm’s performance, experiments are conducted on three public datasets: Kinetics-Skele-
ton, NTU-RGB (X-Sub), and NTU-RGB + D (X-View). The results demonstrate that the algorithm
achieves an accuracy of over 98% for the top 20 action categories on all three datasets, with some
categories exceeding 99% accuracy on the NTU-RGB + D (X-View) dataset. Confusion matrix analysis
shows that the model exhibits good classification consistency, along with strong anti-interference
ability and scene adaptability. By fully exploring the spatiotemporal correlation information of hu-
man actions through a multi-feature fusion strategy, the algorithm provides an effective solution
for high-precision action recognition in complex environments.
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Figure 1. Human skeleton diagram
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Table 1. Classification accuracy of the proposed method on the Kinetics-Skeleton dataset

% 1. AA3C773E7E Kinetics-Skeleton #IEEE FHI 4 KRR

Class 1 2 3 4 5 6 7 8 9 10

AXHE 0987 0.999 0.995 0.992 0.983 0.983 0.981 0.997 0.992 0.994
CER10 0.878 0.899 0.985 0.892 0.893 0.893 0.881 0.899 0.899 0.912
SR 11 0.889 0.899 0.899 0.894 0.888 0.894 0.896 0.899 0.899 0.896

Table 2. Classification accuracy of the proposed method on the NTU-RGB (X-Sub) dataset
% 2. AIJ53A7E NTU-RGB (X-Sub) B & FA > 28R

Class 1 2 3 4 5 6 7 8 9 10

ABXHE 0992 0.983 0.986 0.987 0.989 0.996 0.984 0.99 0.992 0.981
3CHR 10 0.895 0.888 0.889 0.897 0.899 0.896 0.888 0.898 0.899 0.891
SCER 11 0.902 0.893 0.891 0.909 0.909 0.906 0.896 0.892 0.904 0.899
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Table 3. Classification accuracy of the proposed method on the NTU-RGB + D (X-View) dataset
% 3. A3J53A7E NTU-RGB + D (X-View) $iiE & R 53 SRR

Class 1 2 3 4 5 6 7 8 9 10

AXHE 0982 0.99 0.981 0.998 0.985 0.993 0.986 0.99 0.991 0.984
JCHR 10 0.912 0.903 0.901 0.919 0.919 0.916 0.906 0.902 0.914 0.909

3CHR 11 0.909 0.906 0.909 0.908 0.902 0.908 0.892 0.894 0.891 0.897
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Figure 2. Confusion matrix of experimental results on NTU-RGB + D dataset
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