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Purpose: The purpose of this study was to investigate the availability of software for rehabilitation with the Kinect sensor by presenting
an efficient algorithm based on machine learning when classifying the motion data of the PNF pattern if the subjects were wearing a

patient gown.

Methods: The motion data of the PNF pattern for upper extremities were collected by Kinect sensor. The data were obtained from 8 nor-
mal university students without the limitation of upper extremities. The subjects, wearing a T-shirt, performed the PNF patterns, D1 and
D2 flexion, extensions, 30 times; the same protocol was repeated while wearing a patient gown to compare the classification perfor-
mance of algorithms. For comparison of performance, we chose four algorithms, Naive Bayes Classifier, C4.5, Multilayer Perceptron, and
Hidden Markov Model. The motion data for wearing a T-shirt were used for the training set, and 10 fold cross-validation test was per-
formed. The motion data for wearing a gown were used for the test set.

Results: The results showed that all of the algorithms performed well with 10 fold cross-validation test. However, when classifying the
data with a hospital gown, Hidden Markov model (HMM) was the best algorithm for classifying the motion of PNF.

Conclusion: We showed that HMM is the most efficient algorithm that could handle the sequence data related to time. Thus, we sug-
gested that the algorithm which considered the sequence of motion, such as HMM, would be selected when developing software for re-

habilitation which required determining the correctness of the motion.
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RGB camera

3D depth sensor cameras

Figure 1. The Kinect sensor for XBOX360.
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O = 99898878777

Figure 2. The example of the data processing for a shoulder abduction.
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Figure 4. HMM dlassifier model.
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Table 1. The results of classifier
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NBC 922 (98.08) 746 (90.98)
c45 893 (95) 578 (70.49)
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NBC, Naive bayes classifier; MLP, Multilayer perceptron; HMM, Hidden markov
model.
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A FAES T3, 71 oAk HMM =Ee] ApAlat VM
5O T2 7|t el S EJste i BrbsHe o] e
Sfea Az
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