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Abstract—We propose a method to infer user location status probability given to each node from data, such as statistical
using location data and user information. For making infer- data.
ences, the proposed method uses a Bayesian network to respond - o gayesian network can infer unknown probability dis-
to non-habitual user behaviour. In the future, we will implement I . .
tribution from observable random variables to estimate

the proposed method on an Android terminal and conduct - o VA
evaluation experiments. the probability distribution of the unknown. Because of

Index Terms—GPS, Web browsing history, Bayesian network, this, the Bayesian network is often applieq to uncertai_nty
Android terminal, preference. problems[3][4]. Furthermore, we can configure the prior
distribution of the unknown random variables from a large
amount of statistical data. For this reason, it is employed as
. INTRODUCTION a practical approach to broader problems.
N recent years, real world user status and behaviour
have been a focus of attention in marketing and product IV. PROPOSED METHOD
recommendations [1][2]. User status, inferred from the loca-
tion data of mobile and smart phones equipped with global
positing system (GPS) receivers, can provide various ser-
vice recommendations. However, it is difficult to effectivehA. Data

respond to a situation caused by uncertain or non-habitualyere we describe the data and its structure used in the

user behaviour. Because GPS positioning is calculated on H?%posed method. The data to be handled are location data,
basis of communication with multiple satellites, it cannot by browsing history, shop data and user attributes.

used in locations with poor radio wave conditions, such as 1) Location data: Location data is obtained using a mo-
indoor environments. In such a case, obtaining user staji} terminal equipped with a GPS receiver. The latitude, lon-
is problematic. Therefore, when GPS positioning fails Qjityde, altitude and accuracy of positioning can be obtained
uncertain behaviour occurs, if we can get reliable user statysing this receiver. Because positioning errors occur in the
such as whether the user is indoors and what type of locatighsition measurement, we need to perform error correction
the user is at, this will help in providing services suitable fQﬁsing positioning accuracy.

the user’s current situation. To perform such an inference,z) Web browsing history:Web browsing history is a

it is necessary to complement the lack of information angjiection of data, such as page-views and browsing time for

uncertainty. There are quantitative methods to deal Wiffjepy pages that are relevant to a certain store. These data are

such events that are modelled and driven by probability. B}ained through analysis of the user's Web access history.
this study, we focused on the Bayesian network, which \gep prowsing history can be implicitly collected, with no
an effective means for determining uncertainty in comple)rgen on users. However, depending on the user's usage,
causality, data mining and intelligent information systeMge cannot always acquire a sufficient amount of information.
using a stochastic approach. 3) Shop data: Shop data is the store name, type and
location. It is manually created from shops in the real world.
Il. PURPOSE If shop data is comprehensively created, it can become a huge
We aim to build a Bayesian network using the user locati@mount of information. Thus, while performing experiment
data, Web browsing history and other user attributes to infeging real data, we will reduce database costs by narrowing
the user's current location. In addition, our goal includee target shop type and the geographic area of the experi-
creating a system that implements the proposed method usignt.
an Android terminal. 4) User attribute: User attributes refer to a user’s age, sex
and other user specific information. User attributes are very
I1l. BAYESIAN NETWORK important in inferring a user’s status. Since this information
A Bayesian network is a probabilistic model whose varf-S acuvgly mput_ by the user, we cannot_ guarantee _the
. " : information quality. However, we expect minimal negative
ables and their conditional dependencies are represented k|’|¥| 8. cts caused by this information auality because the scale
directed acyclic graph from causal relationships between rg L y quality

dom variables, which are described as nodes and conditioﬂ jnformation used will be limited.
' ) Structure: Table | shows the data structure used in this
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l Locationdata | two methods. First, it is determined using the distance
Time . .
Catitude between points from the location data. The system calculates

Congitude the Euclidean distance between the current point and the
previous point and determines that the user is ‘Staying’ if
the distance is less than the threshold(Fig.2).
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Fig. 1. Algorithm flowchart

Dotted line : Stay section
Fig. 2. Determination using distance

If the following equation is satisfied, the user status is
determined to be ‘Staying’ .

D(X,X') <0 (1)

Here the current point isX, the previous point isX’,
the Euclidean distance between two pointdigX, X’) and
there is a threshold. The threshold value is calculated from
GPS positioning intervals and the average walking speed
(dkm/h).

The second method employs a lack of location data to
determine user status. If the GPS signal is continuously lost
for a certain period of time, the user status is determined to
be ‘Staying’ (Figure.3).

Dotted line : Stay section
Fig. 3. Determination using lack of information
In general, obtaining a GPS signal is often difficult in-

doors; thus, a lack of positioning data is common. Therefore,
a continuous loss of location data is considered to indicate

First, continuous location data is input. Second, the systéftaying’ .
uses positioning to determine if the user is currently staying
at the given positions. Next, if it is determined that the user |5, shop inference

staying at each position, the system infers shop information.
These operations are repeated until non-determination p
tions no longer exist. Finally, inference results are outp
We describe each process in the following section.

C. Stay inference

:Shop inference is the process of inferring the shop at which

jf'é user is staying. This inference uses a Bayesian network.

able 4 shows the Bayesian network structure used in this
study.

The probability of each variable is described as follows.
First, ‘Shop’ refers to the probability that the user is staying

This process infers the movement status of the useriatthe shop. This is a multi-valued variable containing all

each position. This user status has two possible conditiostop candidates. A prior distribution, generated from statis-
‘Moving’ or ‘Staying’ . This status is determined usingtical data, is created on the basis of popularity of each store
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B. Terminal

This section describes the device used in the experiment.
We used a Google Nexus 7 Wi-Fi tablet. Table Il shows some
specifications for the tablet.

6] Android 4.2
CPU NVIDIA Tegra 3
1.3GHzQuad-core
GPS || BroadcomBCM4751

TABLE Il
NEXUS 7 SPECIFICATIONS

User
attribute

Fig. 4. Network structure

and user's Web browsing history. The user attribute refers
to the user’s age and gender. The conditional probability
is derived from the statistical data. ‘Distance’ refers to the VIl. FUTURE WORKS

distance between the current position and each shop positionye proposed a method to infer the status of a user at a
The conditional probablllty is given a probablllty dlstrlbutlor’shop and the type of Shop using location data and user infor-
converted to a discrete value from a normal distribution With]ation_ In the future, we hope to undertake a more effective
a focus on the position of the user. In other words, it ignplementation of the proposed system and experimentally
assumed to provide a high probability for each shop locatg@8mpare the proposed method with the inference method

near the user. Parameters for the normal distribution affthout using a Bayesian network to prove the superiority
determined on the basis of performance of the device agflthe proposed method.

the experimental situation.
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Fig. 5. System overview

VI. EXPERIMENT

This section provides an overview of the experiment.

A. Overview

We performed numerical experiments using real data. We
first prepared the inference method using only the location
data and shop data and without using a Bayesian network.
We then proved the superiority of the proposed method
by experimental comparison between the proposed method
and the inference method that included a Bayesian network.
However, when collecting actual data, it was difficult to
implement an exhaustive experiment because the size of the
shop database became too large. Therefore, we limited the
geographical area and the shop type to be estimated.
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