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Abstract In this study we propose a deep learning model to detect children behavior from
the video sequence. In the case of children it is necessary to develop a deep learning model that
can be robustly analyzed for various types of inputs with various expressions and methods even
for the same behavior. In this study we propose an action recognition algorithm using 3D
ResNet based on input sequence image. For data collection image data of performing 13 actions
were acquired for 50 children and as a result of the experiment an average of 72.21% accuracy
was shown in recognizing 13 actions. In the case of actions such as standing pushing and
pulling and sitting the recognition rate was around 90% accuracy In the future, the results of
this study can be used for research that automatically analyzes and provides services for
behavior patterns of young children in daily life.
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Table 1 Action list and accuracy
Action Label #of Accuracy

data

stand 0 14,700 90.74%
walk 1 15,420 61.11%
bend/bow 2 12,900 68.52%
twist 3 13,350 66.67%
go over 4 12,360 64.67%
pick 5 13,380 64.81%
push/pull 6 17,940 88.89%
run/jog 7 12,180 62.96%
jump/leap 3 12,480 77.78%
kick 9 14,220 33.33%
crawl 10 10,890 75.93%
lay down 11 8,250 92.59%
sit 12 14,670 90.74%
Proposed method 72.21%

2D ResNet50 55.0%

13709 AE F A A7190.74%), A7
(68.52%), T5-2]71(85%), HlE71(66.67%), @7
(64.67%), &A 7AU71(64.81%), L F7]7]
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