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ABSTRACT - The recognition and understanding of human activities remain active research
in computer vision and it is widely used in computer interaction, human monitoring system,
human behavior analysis, and other fields. The problem is challenging due to its various
interactions between persons and motion dynamics between human and objects. There are
many algorithms to recognize human activity based on deep neural network models was
proposed. The deep neural network classifier was constructed to integrate with the human
action target, but the results was not classified as action though it should have. To overcome
this problem, this paper proposes a combined model of deep learning convolutional network
with long short-term memory for recognize human motion pose. The proposed model extracts
the key point features in an automated way with OpenPose and categorizes with trajectories of a
human body. This paper presents main three steps including (1) data pre-processing and
feature extraction, (2) deep learning with convolutional neural network and long short-term
memory, and (3) efficiency measurement and evaluation of experimental results. Results we
have tested our approach on activities of daily living with URFall datasets. The experimental
results indicate that our framework offers performance improvements. The proposed model can
achieve significant improvements for activity classification with maximum success rate of 81%
and 76.9% with 256, 128 hidden nodes in data set II.

KEYWORDS: Image classification, Human recognition, Convolutional Neural Network, Human
activity recognition
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LUUHUIIANNDITSOSTULLVYD (Convolutional neural
network and long short-term memory network: CNN-LSTM)
d' o dl =) = 3 ad 1 =
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HUVFIIAUINIG (Convolutional Neural Networks: CNN) hag
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Neural Vector

¥IHU (Convolutional Network-Support
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ARG (Pre.) 182 AIAIINTZAN (Recall) VIR
Foyadi 1 TastmuadivesTnuagewiu 128 uag 256
AUAITY 91NA15195 2 AINT5U Falling down HAIAIY
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a v + v '
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Performance (%)
Categories CNN CNN-SVM CNN-LSTM
Pre. Recall Pre. Recall Pre. Recall
Standing 71.0 72.4 74.5 76.0 78.7 79.5
Sitting 726 | 683 | 753 | 686 | 760 | 768
Crouching | ¢3» | 715 | 652 | 750 | 707 | 707
down
Picking-up | 69.1 | 671 | 69.7 | 710 | 723 | 731
Fatlluz 748 | 642 | 755 | 670 | 766 | 72.6
down
Lying 682 | 735 | 728 | 750 | 758 | 78.1
down
Average 69.64 71.95 75.04
Accuracy
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Performance (%)
Categories CNN CNN-SVM CNN-LSTM
Pre. Recall Pre. Recall Pre. Recall
Standing | 79.0 | 79.8 | 79.0 | 72.3 | 852 | 882
Sitting | 79.5 | 729 | 769 | 737 | 775 | 745
Crg“Chmg 676 | 743 | 114 | 773 | 770 | 770
own
Plclll‘;ng' 709 | 709 | 738 | 784 | 754 | 769
F;‘”mg 76.7 | 68.7 | 78.6 | 706 | 796 | 76.6
own
Lying | 558 | 762 | 758 | 735 | 77.7 | 800
down
NI 73.9 75.1 78.8
Accuracy
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Performance (%)
Categories CNN CNN-SVM | CNN-LSTM
Pre. Recall Pre. Recall Pre. Recall
Standing | 72.5 | 77.6 | 754 | 747 | 80.8 | 79.2
Sitting | 69.8 | 612 | 725 | 71.8 | 752 | 752
Crouching | o3 5 | 635 | 745 | 731 | 745 | 767
down
Picking-up | 65.0 | 64.4 | 69.1 | 732 | 75.0 | 729
Falling 1 c79 | 705 | 711 | 718 | 752 | 78.1
down
Lying 1 5631 736 | 761 | 741 | 812 | 796
down
LSS 68.2 73.1 77.0
Accuracy
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Performance (%)
Categories CNN CNN-SVM CNN-LSTM
Pre. Recall Pre. Recall Pre. Recall
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Lying | oo3 | 712 | 772 | 753 | 826 | 818
down
:"erage 73.7 777 80.9
ccuracy
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Model Average Accuracy and
Dsitta Nodes Number of Nodes (%)
CNN CNN-SVM | CNN-LSTM
128 69.6 72.0 75.0
! 256 73.6 742 78.6
128 68.1 73.1 76.9
1 256 74.1 77.4 81.0
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