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The downsizing of sensors and the development of radio technologies have allowed us to collect data related to
human activities for a long term It is expected that activity recognition is applied to health management, business
support service in medical and health service and so on. Human activities are generally estimated from sensor data
using supervised learning, in which class labels are usually annotated by the subject. Since activities are so diverse
from simple activities such as posture to complicated workings, the task of annotating activities is heave for the
subject. In this paper we propose a method to estimate complicated working activities using unsupervised leaning.
We assume that complicated working activities are upper activities compoased of the combination of various simple
activities and apply topic model to estimate those upper activities. We also verify the proposed method through
the experiment of housework estimation using mobile acceleration sensor data.
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ooooooo oo precision recall | fmeasure AUC MAE
0000000 (bending) 1196 | 0.2974362 | 0.197698 | 0.237408 | 0.766912 | 0.160302
000000 (kneeling) 658 | 0.3446757 | 0.496656 | 0.406181 | 0.827574 | 0.072101
OO0 (sitting (state)) 1603 | 0.7308748 | 0.910344 | 0.810683 | 0.966244 | 0.052939
0000000 (squatting) 489 | 0.3292587 | 0.328582 | 0.328138 | 0.771739 | 0.062677
00 (standing still (state)) | 5126 | 0.5338643 | 0.826313 | 0.648547 | 0.790655 | 0.327753
00 (walking) 2979 | 0.3832273 | 0.445415 | 0.411605 | 0.727409 | 0.316889
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oooo goooo|o0oob 11 |0O000 2 |00DO0 3| 00o0bD4 0000 | ODODOOG
MealPreparation 0.3649 0.0006 0.2541 0.0583 0.0891 0.1953 0.0377
Laundry 0.1937 0.0020 0.1252 0.0724 0.3014 0.3014 0.0039
Personal 0.0193 0.7954 0.0092 0.0092 0.1550 0.0119 0.0000
Hygiene 0.0000 0.0000 1.0000 0.0000 0.0000 0.0000 0.0000
Cleaning 0.1589 0.0008 0.1177 0.2287 0.2525 0.0991 0.1423
Dishwashing 0.4960 0.0000 0.1952 0.0483 0.0752 0.1817 0.0036
Infomation/Leisure 0.0641 0.1363 0.0511 0.1322 0.4981 0.0330 0.0852
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