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* Nearly one million people in the United States alone are 1 : 3
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suffering from PD, a progressive motor deficiency or
movement disorder [1].

« The symptoms include tremor or shaking of the limbs,
bradykinesia or reduced movement, or postural instability.
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Fig. 4. Three different actions are shown, straight walk, zigzag

walk, and stairs. For each of the three actions, a graph of the The Linear SVM classification algorithm achieved the highest
acceleration in the x-axis in its raw, smo.othed, and filtered TPR out of the eight classification algorithms used on the HAR
forms are shown to compare the three signals. Also the graphs dataset with a TPR of 95.55 %. The lack of extracted features
point out where the turns happened. The signals were obtained was evident in the TPR’s of the three classification algorithms
from one subject with the x-IMU attached to the lower back. used on our dataset. The Complex Tree achieved the highest
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