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2. Previous research

Fig. 3. Example of resized ROI
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Fig. 1. Experimental Data Collection Environment
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Fig. 5. Comparison with Test data and Prediction

Fig. 2. Example of setting ROI I, The Proposed Scheme
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Fig. 6. Histogram of error section
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Fig. 7. Histogram means per each section
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Fig. 8. ROI of Histogram
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Fig. 9. Comparison with Error and common raw data
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IV. Conclusions
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