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Eating Activity Detection and Meal Time Estimation Using Structure
Features From 6-axis Inertial Sensor
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ABSTRACT

In this study, we propose an algorithm to detect eating activity and estimation mealtime using 6-axis inertial sensor. The eating

activity is classified into three types: food picking, food eating, and lowering. The feature points of the gyro signal are selected for

each gesture, and the eating activity is detected when each feature point appears in the sequence. Morphology technique is used to

post-process to detect meal time. The proposed algorithm achieves the accuracy of 94.3% and accuracy of 84.1%.
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Fig. 2. The Orientation of the Sensor on the Wrist

1 eating activity accleration & angular velocity
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Fig. 3. Eating Activity Acceleration & Angular Velocity
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Table 2. Meal Time Detection using DT
Decision Tree
TP FP FN TN Acc Pre F1 score
1 10 0 14 66 0.844 1.000 0.588
2 7 13 17 83 0.760 0.350 0.318
3 5 115 0.891 0.000 0.000
4 16 3 4 80 0.932 0.842 0.821
5 15 4 38 123 0.767 0.789 0.417
6 1 13 17 179 0.857 0.071 0.063
Avg. - - - - 0.842 0.509 0.368
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Table 3. Meal Time Detection using KNN

K Nearest Neighbor

TP FP FN TN Acc Pre F1 score
1 10 0 6 74 0.933 1.000 0.769
2 16 4 20 85 0.808 0.800 0.571
3 6 3 18 102 0.837 0.667 0.364
4 16 3 7 77 0.903 0.842 0.762
5 15 4 39 122 0.761 0.789 0411
6 4 10 1 195 0.948 0.286 0.421
Avg. - - - 0.865 0.731 0.550

Table 4. Meal Time Detection using SVM
Support Vector Machine

TP FP FN TN Acc Pre F1 score
1 10 0 8 72 0911 1.000 0.714
2 14 6 19 86 0.800 0.700 0.528
3 0 9 20 100 0.775 0.000 0.000
4 15 4 7 77 0.893 0.789 0.732
5 14 5 33 128 0.789 0.737 0.424
6 5 9 2 194 0.948 0.357 0.476
Avg. - - - - 0.853 0.597 0.479

Table 5. Meal Time Detection using [11] Algorithm
[11] Algorithm

TP FP FN TN Acc Pre F1 score
1 11 91 0 47 0.389 0.108 0.195
2 59 16 39 0.364 0.063 0.096
3 6 120 17 64 0.338 0.048 0.081
4 2 2 10 87 0.881 0.500 0.250
5 24 25 0 95 0.826 0.490 0.658
6 15 117 0 109 0.515 0.114 0.204
Avg. - - - - 0.552 0.220 0.247

Table 6. Meal Time Detection using Proposed Algorithm
Proposed Algorithm

TP FP FN TN Acc Pre F1 score
1 12 4 0 85 0.960 0.750 0.857
2 19 4 5 112 0.936 0.826 0.809
3 11 2 0 136 0.987 0.846 0.917
4 6 0 14 9 0.881 1.000 0.462
5 9 0 14 184 0.932 1.000 0.563
6 15 9 0 217 0.963 0.625 0.769
Avg. - - - - 0.943 0.841 0.729
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