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Detection of Imbalance-causing Turning and Motion Transitions in Activity
Recognition via Multimodal Feature-based Deep Learning
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Human activity recognition (HAR) has been actively researched in fields such as healthcare to understand and analyze
human behavior in human-robot interaction. However, most studies have struggled to recognize activities like turning and
motion transitions, which are often associated with dynamic balance. Therefore, we propose a novel HAR approach using a
single sensor to collect and early fuse motion and position data. The aim is to enhance the accuracy of motion
classification for daily activities and those that cause imbalance, which have traditionally been difficult to recognize. We
constructed a quarantine room environment for data collection and to evaluate the impact of the suggested features on
behavior. Five deep learning models were trained and evaluated to identify the optimal model. The collected data was
classified and analyzed by the selected model, which demonstrated an average accuracy of 98.96%.
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Table 1 Activity details of dataset

Activity Description Class distribution [in %]
STANDING The participant did nothing and remained still 31.26
WALKING The participant moved in a straight line at a speed of 4-5 km/h 30.28

SITTING The participant was seated in a chair 16.44

LAYING The participant did nothing but lay still on a bed 9.00

TRANS The participant is switching action to another 6.52
TURNING The participant is changing moving direction 6.69

CNN LSTM Bi-LSTM CNN-GRU CNN-LSTM
A A A v B g ‘

- > > >

(@ (b)

d (e)

Fig. 6 Structure of deep learning models. (a) CNN, (b) LSTM, (c) Bi-LSTM, (d) CNN-GRU and (¢) CNN-LSTM
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Table 2 Accuracy comparison of deep learning models

Feature CNN-4L [%] LSTM-2L [%)] Bi-LSTM-2L [%] CNN-GRU [%] CNN-LSTM [%]
Conventional IMU feature 94.79 91.15 92.97 95.05 95.05
Add quaternion 95.31 92.45 94.27 95.31 96.09
Add position 97.40 92.97 95.83 97.14 98.18
Add all 98.18 95.83 97.92 97.66 98.96
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