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Abstract. Knowing user’s current or next location is very important task for 
context-aware services in mobile environment. Many researchers have tried to 
predict user location using their own methods. However, they focused mainly 
the performance of method, and only few were considered development of real 
working system on mobile devices. In this paper, we present a location predic-
tion framework, and develop a personalized destination prediction system based 
on this framework using smartphone. The framework consists of two methods 
of recognizing user location based on the combined method of k-nearest neigh-
bor (kNN) and decision tree, and predicting user destination based on the hid-
den Markov model (HMM). The destination prediction system is composed of 
four parts including mobile sensor log collector, location recognition module, 
location prediction module, and system management module. Experiments on 
real datasets of five persons showed that our method achieved average predic-
tion accuracy above 87%. 

Keywords: Location recognition, Location prediction, Location extraction, Lo-
cation-based services. 

1 Introduction 

With the ubiquity and ever-increasing capabilities of mobile devices, smartphone has 
become a powerful platform to be exploited for mobile context-aware services. More-
over, because a variety of sensors have been equipped in recent mobile devices, we 
could get much information from the sensors. In this regard mobile context-aware 
services have attracted more attention, and active investigation about inferring user’s 
mobile contexts is actively being conducted for the services [5, 12, 16, 17]. Above all 
one of the most important user contexts is location. It allows information and services 
in the mobile device to be localized. It means the proper services and information can 
be delivered according to user’s current location or future location. In spite of a lot of 
research with respect to location prediction, however, the real working system which 
recognizes and predicts the location on the mobile device has not been developed is 
still on the way.  
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In this paper, we propose a location prediction framework, and develop the perso-
nalized location prediction system for mobile context-aware services. The contribu-
tions of this paper can be summarized as follows. 

• Development of the real working system: we develop a location prediction system 
by integrating location recognition module, location prediction module, sensor log 
collector, and system management module. 

• Exploitation of G-means algorithm: for user trajectories to be discriminatively 
modeled we extract the intermediate locations by using G-means clustering method 
which determines the number of clusters automatically by performing statistical 
test iteratively. 

• Management of models and user data: we develop user interface for learning rec-
ognition and prediction model and implement the functions of location manage-
ment and path management for the system to appropriately manage user’s locations 
and paths. 

The rest of this paper is organized as follows. Section 2 briefly reviews the related 
works. Section 3 presents the details of the proposed framework. Section 4 presents 
the personalized location prediction system. Section 5 conducts some experiments and 
analyzes the experimental results. Section 6 concludes the work. 

2 Related Works 

Ashbrook et al. extracted user’s significant locations from GPS data and presented a 
location predictor based on the Markov models [2]. Krumm et al. designed a method 
called predestination that predicts driver’s destination as trip progresses [9]. Alvarez-
Garcia et al. presented a new approach to predict destinations given only data of a 
partial trip by using hidden Markov models (HMMs) and local street-map [1]. Sim-
mons et al. proposed a HMM-based approach by using a map database and GPS sen-
sor to providing real-time predictions on driver destination and route [23]. Mathew et 
al. designed a hybrid method for predicting human mobility on the basis of HMM 
[13]. Petzold et al. presented a dynamic Bayesian network to predict an indoor next 
location and compared with the state predictor and multi-layer perceptron predictor 
[18]. Yavas et al. presented a data mining algorithm for the prediction of user move-
ments in a mobile computing system [24]. Monreale et al. proposed trajectory pattern 
tree aimed at predicting with a certain level of accuracy the next location of a moving 
object [14]. Morzy mined the database of moving object locations to discover fre-
quent trajectories and movement rules, and matched the trajectory of a moving object 
with the database of movement rules to build a probabilistic model [15].  

Petzold et al. compared various methods for next location prediction [19]. In their 
work, the comparing experiments were conducted using dynamic Bayesian network, 
multi-layer perceptron, Elman net, Markov predictor and state predictor. Scellato et 
al. presented a novel framework for predicting user’s next locations based on nonli-
near time series analysis [22]. 
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3.2 The Proposed Framework 

The proposed framework for predicting user’s next location is briefly described as a 
graphical representation in Fig. 3. In this figure, we introduce a plate (the box labeled 
t) that represents t nodes of which three nodes are shown explicitly and a red rectangle 
to denote the problem transformation. We also introduce extra nodes such as  and 

, which mean the time when user visits the nth location and transportation mode 
when user visits the nth location, respectively. The information of these nodes enables 
user’s path to be modeled discriminatively. 

 

Fig. 3. Graphical representation of the proposed framework 

Location Recognition. Location recognition task is very important for predicting user 
location because sequence of locations is used to learn the path classification model. 
The green box in Fig. 1 represents the location recognition task. For recognizing us-
er’s current location, we use the decision tree based method integrated with kNN. A 
decision tree is a tree-like graph that uses a branching method to illustrate every poss-
ible outcome of a decision, and it could operate efficiently in mobile devices because 
it can be trained in fast time [4, 11].  

 
Algorithm 1. Location Recognition   

Input : Position (Current GPS coordinate)  
Output : Identified location name or “Unknown”

1: N ← kNN(Position)        /* candidate loca-
tions */ 

2: for k = 1, … , N do
3:    result ← DecisionTree(k)
4:    if (result = “Yes”) then
5:        return GetLocationName(k) 
6:    end if 
7: end for 
8: return “Unknown”
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The location recognition method firstly performs kNN at user’s current position, 
and then filters the locations of which current position is out of their boundary. Se-
condly, decision trees of the filtered locations are invoked to identify current user 
location. As the input of the method, we use two types of information, GPS and Re-
ceived Signal Strength Indicator (RSSI) of Wi-Fi access point. Algorithm 1 shows the 
location recognition method as a pseudocode. 

Location Extraction. To model user path discriminatively, we extract the intermediate 
locations between start location and destination location by clustering GPS data. Most 
of previous works based on clustering method used k-means clustering method [2, 7, 
8]. The k-means clustering method, however, is not suitable for real-world system 
because it needs the pre-knowledge about the number of k. Instead of using k-means 
clustering algorithm, we use Gaussian-means method, which is simply called G-means 
clustering method. The method is based on statistical test for the hypothesis that a sub-
set of data follows a Gaussian distribution, and automatically chooses the number of 
clusters k by iteratively performing k-means clustering method until the test accepts the 
hypothesis that the data assigned to each k-means center are Gaussian [6]. 

  
Algorithm 2. Location Prediction   
 Input : Observation sequence  

            :   
 Output : Predicted destination  

1: Path ← GetPaths( ) /* user paths starting from  
*/ 

2: result := 0 
3: index := 0                  /* for path index */ 
4: for k = 1, … , |Path| do 
5:     temp ← HMMP ( ) 
6:     /* finding the index having maximum value */ 
7:     if (result < temp) then       
8:         result := temp  
9:         index := k 

10:     end if 
11: end for 
12:  ← GetDestinationOfPath(index) 
13: return Predicted location  

Path Classification. For classifying user path, we use HMMs as a classifier. A HMM 
is a statistical Markov model in which the system being modeled is assumed to be a 
Markov process with unobserved (hidden) states. HMMs are known for their applica-
tion in temporal pattern recognition such as speech, handwriting, gesture recognition 
and so on [21]. The use of HMMs for path classification enables us to account for 
location characteristics as hidden states, and also to account for the effects of each 
individual’s previous actions.  
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Table 1. Various types of sensors used for data collection 

No. Sensor Description 

1 GPS Latitude, Longitude 

2 Wi-Fi MAC address, RSSI 

3 Acceleration 3-axis double type data 

4 Magnetic Field 3-axis double type data 

5 Orientation Orientation, Pitch, Roll 

6 Time Stamp Date, Time 

7 Transportation Mode Staying, Walking, Vehicle, Subway 

4.2 Location Recognition and Prediction Module 

Fig. 5 shows the flow of location prediction. Our framework for predicting user’s next 
location is implemented in the location recognition and prediction modules.  

 

Fig. 5. Flow of location prediction 

4.3 System Management Module 

System management module consists of three parts including location management, 
path management, and model management. In location management, the locations 
labeled by user are managed in relational database. The user can add new locations, 
modify the information of registered locations, and delete existing locations. Fig. 6(c) 
shows a screenshot of location setting. The paths of user are also managed in relation-
al database. Model management is responsible for learning location recognition and 
prediction models. Fig. 6(d) is an example of learning location prediction model in 
smartphone. 
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As a result of the experiment, the accuracy of several paths of each user is less than 
70%, even if the accuracy of most of paths is higher than 80%. It is because the 
amount of data to learn the HMMs of these paths is not enough, and the movement 
patterns of each path are too diverse to model the mobility of each path. 

6 Conclusion 

We have designed a framework for the location prediction problem, and implemented 
a real system working on mobile devices. Location recognition module performs the 
kNN to select candidate locations using GPS, and uses decision trees using RSSI of 
Wi-Fi access points. For location prediction, we extract the intermediate locations of 
the paths by using G-means clustering method, and generate HMMs using user’s mul-
tiple contexts, and predict user’s location using them. An experiment has been per-
formed to evaluate the accuracy of prediction model on mobile devices. We achieved 
the average prediction accuracy which is higher than 87% through the experiment. As 
a future work, we will study about the incremental learning algorithm of location 
prediction model for real system to be adaptively learned through real-time data. 
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