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A Study on Meal Time Estimation and Eating Behavior
Recognition Considering Movement Using Wrist—Worn
Accelerometer with Its Frequency

+
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ABSTRACT

In this paper, we propose a method for recognizing eating behavior with almost no motion acceleration. First, by using the acceleration
of gravity acting on the wrist direction, we calculate the angle between the gravity and the wrist direction. After that, detect wrist
reciprocating motion when peak and vally exist in specific angle band. And then, when accumulate the number of wrist reciprocating
motion occurrences are up to 10, then regard as the meal time 5 minutes before the detection time. Also, estimate the meal time only if
its duration is more than 7 minutes. Using the data of 2128 minutes, which was collected from four graduate student, the result of the
meal time estimation shows 95.63% accuracy.

Keywords : Eating, Accelerometer, Activity Recognition
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Table 1. Summary of Feature for Acceleration Signal

Domain Features Reference
Mean, Standard Deviation [9-12]
Minimum [9][11]
Maximum [11]
Variance [9-10]
Interquartile range [10-11]
T Root Mean Square [10]
dorlrrlr}aien Cumulative Histogram [10]
n'th Percentile [10]
Mean Absolute Deviation [10-11]
correlation between axes [91111-12]
difference [9]
Zero Crossing Rate [10]
Mean Crossing Rate [10]
Frequency | Spectral Entropy, Spectral Energy | [91[12]
domain Skewness, Kurtosis [11]
Table 1ol Hol= uke} o] 7]E 5 QAo g <
2 A 9 FI A EFE FEI9 e,
Hit(Mean), ¥+H=*}(Standard Deviation)$} 2 FA14
54 9= (Skewness), H = (Kurtosis)9 #2 724 54
2 g BF ndel 45 2@ 54¢ d¥ v
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Table 2. Classification Method Used by Activity Recognition

Type Classifier Reference
Decision Tree C45 [9-10][12]
Bayesian Naive . Bayes [101(12]

Bayesian Network [10]
Instance Based K-Nearest Neighbor [10](12]
Neural Network | Artificial Neural Network | [9][12]
Domain Transform | Support Vector Machine [11-12]
Markov Model Random Forest [12]
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