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Detection of Low-Level Human Action Change for Reducing
Repetitive Tasks in Human Action Recognition

Yohwan Noh+,th—Jung Khn“} DoHoon Lee'"

ABSTRACT

¥

Most current human action recognition methods based on deep learning methods. It is required,
however, a very high computational cost. In this paper, we propose an action change detection method
to reduce repetitive human action recognition tasks. In reality, simple actions are often repeated and it
is time consuming process to apply high cost action recognition methods on repeated actions. The proposed
method decides whether action has changed. The action recognition is executed only when it has detected
action change. The action change detection process is as follows. First, extract the number of non-zero
pixel from motion history image and generate one-dimensional time-series data. Second, detecting action
change by comparison of difference between current time trend and local extremum of time-series data
and threshold. Experiments on the proposed method achieved 89% balanced accuracy on action change

data and 61% reduced action recognition repetition.
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Object Bounding Boxes
from Video Sequence

Generate
One-Dimensional
Time-Series Data

Change Detection

Fig. 1. Flowchart for action change detection algorithm,
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Fig. 3. (a) is the bounding box of the human body on
KTH dataset, it does not cover entire human
body. in (b), stretched bounding box cover en—
tire human body.
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Fig. 5. Motion history image. (a) Source of MHI and (b)
motion energy image f hand waving person; (c),
(d), (e), and (f) denote the threshold results of

MHI,
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Fig. 4. (a) is an example of a bounding box that does not include the entire MHI, (b) is detected bounding boxes
of multiple frames, (c) is a minimum bounding box contatining all bounding boxes.
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—— Ratio of nen-zero pixels in MHI
Trend
—— Action change area
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Fig. 12. Ground truth of the action change data,

Table 1. Description of action change data

Data Number Previous Action Next Action Data Number | Previous Action Next Action
1 Boxing Hand clapping 11 Jogging Boxing
2 Boxing Hand waving 12 Jogging Running
3 Boxing Jogging 13 Jogging Walking
4 Boxing Walking 14 Running Jogging
5 Hand clapping Boxing 15 Running Walking
6 Hand clapping Hand waving 16 Walking Boxing
7 Hand clapping Walking 17 Walking Hand clapping
8 Hand waving Boxing 18 ‘Walking Hand waving
9 Hand waving Hand clapping 19 ‘Walking Jogging
10 Hand waving Walking 20 Walking Running
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Table 2, The number of action recognition repetition comparison simulation

Action recognition Action recognition

Method .
task repetition fault
Action recognition 8 0
Action recognition + action change detection(ideal) 3 0

Action recognition + action change detection(fault)

2 3
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Fig. 16, Balanced Accuracy of the action change de—
tection method on action change data accord—
ing to threshold.
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Fig. 17. Sensitivity and Specificity of the action change
detection method on action change data ac—
cording to threshold,

Table 3. Results of action change detection on action
change data

Threshold Eiﬁ?ﬁg Sensitivity | Specificity
0.03 0.78 0.95 0.61
0.04 0.85 0.95 0.76
0.05 0.86 0.9 0.82
0.06 0.89 0.89 0.87
0.07 0.85 0.8 0.9
0.08 0.85 0.75 0.94
0.09 0.83 0.7 0.96
0.1 0.81 0.66 0.97
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Table 4, Results of reducing repetitive human action
recognition task on action change data

Reduced action Action
Threshold recognition recognition

repetition fault
0.03 111(41.4%) 1
0.04 135(50.4%) 1
0.05 156(58.2%) 3
0.06 165(61.6%) 3
0.07 172(64.2%) 6
0.08 176(65.7%) 9
0.09 178(66.4%) 12
0.1 179(66.8%) 16
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