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Abstract the users want to act same as daily activity. Like looking
for cafeteria a user usually goes. Existing activity model can
This paper proposes a new way to construct an activ- construct in the only area where usual acting area. So users
ity model which represents users’ habit while users movecan't be served benefits of location-aware services which
in his/her daily life. In recent years, we can acquire users’ Use activity model in the first visited area. The problem
more precise location using GPS. We represent users’ habitin existing modeling methods is that they use only coordi-
by analyzing the users’ location history data. The repre- nates to represent users’ location. According to the prob-
sentation of the habit enables computers predict users’ desJlem, in the area where users visit first, the users’ activity
tination and adjust a sight-seeing path. Existing activity model needs movement history in the new area.
models can be adapted only for a usual activity area, al-  In this paper, we propose a Model for User activity us-
though users’ habit is independent for usual activity area ing Geographical Information (MUGI). MUGI enables us to
or location. In this paper, we propose a new activity model, serve location-aware service corresponding to users’ habit
which uses not only users’ location but also attributes of the in first visited area. Activity model treats historical move-
place where user stayed. This model can be used in the firstnent, so system must scale and operate fast.
visited area as well as represent users’ habits.

2. MUGI
_ It is needed to weaken the relation between location and
1. Introduction activity model to exploit activity model in the first visited

area. We used not only location but also places’ attributes
to construct activity model. Places’ attributes are meta-
information of location and area. The reason to focusing

We can obtain precise location information exploiting
GPS because of the elimination of restriction on the sys-

tem. It is enough accurate to distinguish where the USeron places’ attributes is the one of changing contexts when

stands in front of which shop. In addition since GIS (Geo- user moves. So we constructed activity model using those
graphical Information System) has been developed, we can : y 9

exploit meta-information of location such as coordinates of contexts. : N

rods, a name of buildings and their labels. Exploiting these . There are several abstractlon levels for ’places attributes
systems, location-aware services have been developed th i GIS. For _example, we explaMcDor!ald_s which has
provides helpful information to users. In psychological do- lve abstractu_)n levels as fOHOV.VS' the first is the most spe-
main, it is defined that there are habits in usual human ac—c'f'c’ the last is the most generic.

tivities [4]0 A habit is a regularity which humans act under

e McDonald'sin Ginza
a particular condition such as location or time. For exam- ¢ McDonald’s
ple, “A user goes to cafeteria after goes to the restaurant”. o Fast-food
Modeling the human habit makes computers provide help- o Eating and drinking
ful services corresponding to the human activity. e Stores

As an example of helpful service for daily situation: As- ) . o o
suming a user goes restaurant A, after that, goes cafeteria MUGI provides activity prediction and activity evalua-
B. And now, the user is in restaurant A. Then, a system cantion. Activity prediction indicates the place where user will
support the user’s next activity by displaying information go for the next. Activity evaluation judges suitability of pre-
like the shortest path to the cafeteria B, congestion degreePared paths.
and available time. In unusu,al si_tqation, if a tour path con- 3. Design and Implementation
ductor system exploits users’ activity model, the system can )
propose unusual activity or usual activity whichever the user 3-1. Design
wants. In this research, we use Hidden Markov Model
It has been proposed the ways to construct activity model (HMM)[2] to construct MUGI, which model can express
[1] [3]. However, when users stayed the first visited area, probabilistic automaton, holds state transition, can output



probability. The reason of adapting HMM is to express 4. Evaluation
movement patterns between the places users stayed. Th4.1. Qualitative evaluation

places’ attributes is represented as a node in HMM. Existing research to construct activity model like “Learn-

Initial state of MUGI is organized only special node. The ing Significant Location and predicting User Movement
special node saves specific attributes in the usual activitywith GPS[1]” and “Inferring High Level Behavior from
area, like school, home and working office. This special Low Level Sensors[3]” are not able to use the first visited
node is not used prediction and evaluation in the first visited area. They enable precise activity prediction using move-
area. The other nodes constructing MUGI is made dynami-ment history in a specific area. So they can'’t predict first
cally when user visited a new attribute’s place. At the same visited area. MUGI constructs activity model using places’
time of making nodes, make a relation between nodes. attributes which is more abstract information than location
information. So MUGI can't predict users’ movement pre-
cisely, but it can predict in the first visited area.

We implemented the CHOCO (Figurel) which con- 4.2. Quantitative evaluation

structs MUGI using Java. And we implemented a platform  We evaluated CHOCO's scalability and operation perfor-
which enables services to exploit MUGI. Figure2 shows a mance. We have used 178 stay points of movement history,
snapshot of the platform. The right-bottom panel shows accumulated 62 days for the input for CHOCO.

current MUGI status. The boxes in the panel represent We measured execution time of prediction and file size
nodes, line represents state transition and the numbers nexp save a MUGI image to evaluate operation performance.
to the line represent probability of the transition. Internal Maximum of execution time is 16ms, enough fast, because
attributes are showed above on the node by clicking a node of the model is small, and we implemented MUGI to map
The right-top panel shows map and current location. Left on the physical memory. We have made MUGiI learn for as-
side panel shows applications which is developed by a ap-sumed 100 years movement calculated from 62 days move-
plication provider. Applications are changed by selecting ment to evaluate scalability. File size become about 1.1MB
tab. even input 100 years data. MUGI scales enough to save

current mobile device such as PDA and cell phone.

: 5. Conclusions and Future work
[ Aplcation In this paper, we proposed activity model, MUGI, using

3.2. Implementation

REMOTE SYSTEM : MOBILE DEVICE

Model construction oo place’s attributes. As an evaluation of MUGI, we confirm
; . that MUGI scales and operates fast.
: @E—» We are considering model sharing with other MUGI and
Data analyeis : A making a tr_ansi_tion we_ight.to be more useful. Regarding
Places’aiTBUSE e >{Giai AU model sharing, in the situation of more than two people us-
ocston I Locaton nformaton ing MUGI, each user's MUGI calculates its own prediction.
i [Judging activity MUGI should be synthesized with the other users’ MUGI.
Location Information Population parameter will increase with getting build up a
Collecting location information |

} [Cocation Detection}—»| Movement Fistary activity model. So the one movement’s effect weight will
; affect less with getting learned. So we need to treat transi-
tions distinguishing old one and new one.

This work has been conducted in Ubila Project by Min-
istry of Internal Affairs and Communications (MIC).

Current location References

[1] D. Ashbrook and T. Starner. Learning significant locations
and predicting user movement with gps.liternational Sym-
posium on Wearable Computin§eattle, WA, October 2002.

[2] L. Baum. An inequality and associated maximization tech-

Showin nigue in statistical estimation for probabilistic functions of
wing MUGI .
_— markov processednequalities pages 3:1-8, 1972.

[3] D. Patterson, L. Liao, D. Fox, and H. Kautz. Inferring high
level behavior from low level sensors. roceedings of
the Fifth Annual Conference on Ubiquitous Computing (UBI-
COMP 2003) pages 73-89, 2003.

[4] A. G. TOMMY GARLING, ROBERT GILLHOLM. Rein-
troducing attitude theory in travel behavior research. pages
129-146, May 1998.

Figure 2. A snapshot of MUGI



