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% Binary sensors
* Time stamp
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12 String similarities

13 Dataset

¥ Knowledge-driven

1> Data-driven

16 Ontology

7 Sub-activities

18 Neural networks

19 Support vector machines
2 Data mining

2! pattern mining

2 Deep learning

2 Naive Bayesian

24 Conditional random fields
% Time window
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! Activity Recognition

2 Segments

® Independent and identically distributed
* Hidden Markov Model

® Hidden semi Markov Model

® Dynamic Time Warping (DTW)

" Weighted Levenstein Distance (WLD)
8 Time instance

® Binary vector

10 Alphbet

1 Feature
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! Time series

2 Template

® Murphi

* Bayesian networks
® Duong et al

® Hierarchical

" High level activities
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! State transition

2 State duration

% Explicit probability distribution
4 Latent variables

® Joint probability

® Transition matrix
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2 Maximum likelihood

® Duration probabilities
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House A House B House C
Feature
Prec. Rec. F1 Acc. Prec. Rec. F1 Acc. Prec. Rec. F1 Acc.
pHSMM+C 60+15 74+13 66114 91+7 41+12 53+11 46+11 67+25 42+11 56+15 48+11 84+13
pHSMM+L 71+16 7512 72+14 92+6 50+16 65+13 56+15 82+14 44410 52+13 47+11 78%15
DTW+C 5+4 18+9 7+6 1248 8+13 1748 8+8 8+7 6+6 1146 77 2013
DTW+L 42419 42419 42419 90+6 20+11 24412 21411 41429 23+9 3217 27411 7417
HSMM+DTW+C 66116 73+13 69+14 9446 4713 58+12 51+12 74424 45+17 56+15 50+16 85+13
HSMM+DTW+L 75+16 77412 76+14 9246 55+12 63+14 58+12 83+12 46+11 53+13 49+11 78£15
HSMM+LEV+C 66+16 74+13 69415 93#6 51+9 55410 53#9 87+13 44+17 54+16 48+16 85+13
HSMM+LEV+L 7515 77412 76+13 93#6 5510 61+9 58+8 82+13 48+11 5413 51+11 78+14
A & 55 VAN KASTEREN o315 4 gazms gl om0 (sacadlad s :(F) Jgur
- DTW+L

Activity

Prec. Rec. F1 Prec. Rec. F1
‘Idle’ 89.0 50.7 64.6 85.2 54.2 66.3
‘Leave house' 94.4 99.7 97.0 94.8 99.0 96.9
‘Use toilet' 73.9 82.2 77.8 75.1 84.1 79.3
‘Take shower' 94.8 64.9 77.1 94.4 74.1 83.0
'‘Brush teeth' 17.2 34.4 22.9 36.7 34.4 35.5
'‘Go to bed' 90.1 96.5 93.2 90.4 96.5 93.4
'Prepare breakfast' 56.6 69.0 62.2 57.5 74.7 65.0
'Prepare dinner' 67.0 51.6 58.3 68.3 48.8 56.9
'Get snack' 42.6 54.8 47.9 40.4 54.8 46.5
'Get drink’ 67.3 67.3 67.3 72.1 63.3 67.4
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Activity L DTW=L

Prec. Rec. F1 Prec. Rec. F1
"Idle’ 52.7 55.8 54.2 72.7 59.8 65.7
‘Leaving house' 85.4 93.9 89.5 82.1 97.1 89
'Use toilet' 27.5 80.7 41.1 45.6 73.4 56.3
"Take shower’ 93.9 93.9 93.9 94.0 94 94
'Brush teeth’ 8.7 37.7 14.1 9.6 235 13.7
'Go to bed' 95.2 68.7 79.8 94.7 72.7 82.2
'Get dressed' 13.7 80.4 234 71.1 64.3 67.5
'Prepare brunch' 46.9 62.0 53.4 35 74.7 47.7
'Prepare dinner’' 242 37.6 29.4 0 0 NA
'Get a drink’ 7.1 41.0 12.1 16.7 41.7 23.8
‘Wash dishes' 4.3 234 7.3 1.0 1.0 1.0
'Eat dinner’ 215 41.9 28.4 0 0 NA
'Eat brunch’ 52.4 39.8 45.2 83.9 23.9 37.1
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Activity . DTWL

Prec. Rec. F1 Prec. Rec. F1
‘Idle’ 58.8 39 46.9 57.6 39.3 46.7
‘Leave house' 76.5 95.1 84.8 76.1 94.8 84.4
'Eating' 37.5 37.2 37.3 47.2 37.4 41.7
'Use toilet down' 38 58.2 46 53.2 57.6 55.3
‘Take shower' 64.3 38.9 48.5 64.3 37.9 47.7
‘Brush teeth’ 30.6 40.6 34.9 34.2 37.6 35.8
'Use toilet up' 259 47.5 335 31.8 43.8 36.8
‘Shave' 40.2 53.6 46 375 73.9 49.8
'Go to bed' 99.7 82.2 90.1 99.7 83 90.6
'Get dressed' 58.1 67 62.2 56.6 65.2 60.6
"Take medication’ 30.8 26.7 28.6 60 20 30
'Prepare breakfast' 3.3 2.8 3 19.2 19.7 19.4
‘Prepare lunch' 14.2 25 18.1 17 30 21.7
'Prepare dinner' 67.2 41.7 51.5 63.9 47.6 54.5
‘Get snack’ 13.6 37.5 20 20.6 29.2 24.1
‘Get drink’ 0 0 NA 0 0 NA
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Activity number 1 2 3 4 5 6 7 8 9 10 Sum
1 2280 714 24 9 2 1089 10 63 6 10 4207
2 172 19149 8 0 1 0 0 0 7 0 19337
3 26 5 307 2 9 14 0 2 0 0 365
4 33 17 8 186 7 0 0 0 0 0 251
5 5 3 12 0 11 1 0 0 0 0 32
6 22 304 48 0 0 10454 1 0 0 0 10829
7 14 0 2 0 0 1 65 0 5 0 87
8 116 2 0 0 0 0 12 140 15 2 287
9 2 0 0 0 0 1 16 0 23 0 42

10 6 2 0 0 0 0 9 0 1 31 49
sum 2676 20196 409 197 30 11560 113 205 57 43 35486
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