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CNN-LSTM-based Upper Extremity Rehabilitation Exercise
Real-time Monitoring System
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Abstract Rehabilitators perform outpatient treatment and daily rehabilitation exercises to recover physical function with the aim of
quickly returning to society after surgical treatment. Unlike performing exercises in a hospital with the help of a professional therapist,
there are many difficulties in performing rehabilitation exercises by the patient on a daily basis. In this paper, we propose a
CNN-LSTM-based upper limb rehabilitation real-time monitoring system so that patients can perform rehabilitation efficiently and with
correct posture on a daily basis. The proposed system measures biological signals through shoulder-mounted hardware equipped with
EMG and IMU, performs preprocessing and normalization for learning, and uses them as a learning dataset. The implemented model
consists of three polling layers of three synthetic stacks for feature detection and two LSTM layers for classification, and we were able
to confirm a learning result of 97.44% on the validation data. After that, we conducted a comparative evaluation with the Teachable
machine, and as a result of the comparative evaluation, we confirmed that the model was implemented at 93.6% and the Teachable

machine at 94.4%, and both models showed similar classification performance.
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Table 1. Information of the CNN-LSTM structure

Table 2. Result of performance test

Number Layer func.
1 Conv 1D
Maxpooling 1D
Conv 1D
Maxpooling 1D
Conv 1D
Maxpooling 1D
LST™M
LST™M
Dense(softmax)
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Fig. 5. Confusion matrix of the CNN-LSTM model
result
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Table 3. Comparison result with Teachable machine

Posture |Teachable machine] CNN-LSTM
A 46/50 92% 45/50 90%
B 48/50 96% 49/50 98%
C 49/50 98% 48/50 96%
D 45/50 90% 45/50 90%
E 48/50 96% 47/50 94%
AVG 94.4% 93.6%
D [ ==
[ ]
w
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Fig. 7. Example of teachable machine classification
result
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