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Abstract 

The prediction of the context and especially the location of a 

user is a very important task in the field of pervasive 

computing. It is an important factor that can reveal the user’s 

needs and hence allows the proactive adaptation of services. 

This paper proposes a new approach to predict the future 

location in a pervasive system. It is a reasoning approach based 

on context-aware using an ontological probabilistic model. The 

process is performed with the use of an ontological model 

containing different applicable scenarios, contexts, the 

Bayesian network models, and describes the environment 

where a pervasive system exists. Both ontology and Bayesian 

network will be used to handle a stochastic process for 

prediction. 

Tested on real data, our model was able to achieve 90% of the 

future locations prediction accurately. The model can be 

applicable in different use cases on smart space such as smart 

house, smart building or smart city. It will be useful in many 

fields for instance energy saver, education, mobility, and 

assistance for people with disabilities. In a future work, a real 

system (smart home) will be developed using the approach 

presented in this paper to assist children with autism. 

Keywords: Location prediction, pervasive system, context-

aware system, Bayesian network, ontological probabilistic 

model 

 

INTRODUCTION  

Over the last decade, there has been a growing interest to 

develop a smart ambient environment where technology 

becomes invisible and allows the proactive adaptation of 

changes in context of users and applications. The context 

sensitivity is essential in smart environments; it permits to 

provide the most adequate services to the user without his direct 

involvement. Over the recent years, there has been a gradual 

emergence of ubiquitous and context-aware systems that are 

supported by the technological evolution of embedded systems 

including miniaturization and integration of various 

communicating devices in computer applications. These 

systems have ambient intelligence that actively assists their 

users. It provides users with help and convenience in 

performing various daily activities. 

Design and deploy those proactive pervasive computing allows 

a natural and user-friendly adaptation however, raise many 

challenges to provide a context aware proactive adaptation in 

order to fit the needs of a specific user by offering an adequate 

service.  To achieve this proactive context-sensitive adaptation, 

these systems must be able to understand their context and to 

be sensitive to dynamic and unpredictable changes in this 

context. The first requirement of a ubiquitous system is that 

devices blend into background and are aware of the user’s 

current context. Next, those systems are required to become 

proactive instead of reactive. So, these system progress from 

the context-awareness to contextual intelligence [[1]]. To be 

smart and proactive, those systems must be able to infer the 

intent of their user’s [[2]], consequently the system must be 

able to predict the future and anticipate services.   

From there, a new trend has emerged that supports the 

significance of taking into account the evolution of the context, 

and the inclusion of predictive reasoning. In order to identify 

the future environment features, so that the system will be able 

to select the most effective strategies to realize its goals, and to 

afford an active and fast services adaptation. This increases our 

interest in context prediction and especially for location 

prediction. Location is a key information in context-awareness 

system, it’s an important factor to recognize the situation which 

can reveal the user needs and help to provide services. 

Proactive and anticipatory adaptation opens new rich variety of 

applications on ambient contextual intelligence. An example of 

such services application would be the reconfiguration of the 

pervasive system according to any future environmental 
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change, the prevention of accident such as an overload of a 

telecom network, prediction of a health disease, etc. 

In this paper, an approach of user location prediction is 

presented based on the current context features that we 

considered important for the prediction and using Bayesian 

network and ontology in a new hybrid model. 

The paper is organized as follows. Section 2 presents related 

works and highlights the novelty of our work. Sections 3 details 

the proposed methodology. Section 4 introduces our approach 

for location prediction based on BN and probabilistic ontology. 

Section 5 presents the proposed framework. Section 6 shows 

the use case and results. Finally, the ending section concludes 

the paper with a discussion, our contribution and presents our 

future work. 

 

RELATED WORK 

In pervasive computing, several research and studies have been 

conducted under the prediction topic [[3]], [4]; [5]; [[6]]. The 

purpose of these works is to present new prediction techniques 

to increase the proactivity and the dynamic nature of those 

pervasive systems. In this section, an overview of the 

conducted research in the field of prediction location-based 

context information is presented. This section is started with an 

overview concerning general prediction approaches, 

subsequently, more specific related work in location prediction 

context information is presented.  

 

Overview of prediction techniques   

Over the past few years, a large number of research works have 

published interesting research concerning the general context 

prediction technique. To elaborate those different techniques 

we quote some of related survey [[7]b] and [8];  

“The most known techniques of context and location prediction 

[9] are the classification algorithms in machine learning area 

(trees decision, Bayes nets, KNN, Neural network, etc.) and 

other techniques from other fields such as computational 

biology (Alignment), data compression (Active LeZi), and 

branch prediction of microprocessor (state predictor)”. Among 

contexts prediction techniques, we cite the following 

techniques: 

a. Markov chains for context prediction 

By calculating the transition probability from one state 

to another, Markov Chains are modelled to a system 

with a finite number of states that are non-

overlapping. 

They permit to deduce the user’s habits from the 

sequences of its history actions. They are essentially 

used to address the problem of the short-term location 

[10]. 

This technique is considered as a reliable solution and 

easy to implement. It is limited by the number of states 

on a discrete timeline and it requires an extension in 

the case of complex use cases.  

b. Expert systems and decision trees 

The purpose of this approach is to produce prediction 

rules. They are simple to understand and they are 

capable of handling the non-linear interactions 

between variables. As they are not affected by outliers 

and they can handle both large categorical and 

numeric data [11]. 

Context prediction using an expert systems approach 

is a promising approach. It integrates the previous 

knowledge with quicker and effective manner. Also, 

the prediction action adaptation will be easier. 

c. Ensemble classifiers 

The multiple classifiers can improve the performance 

of the context prediction by exploiting the advantage 

of the individual classifiers in data parts [12]. There 

are several ways to combine the individual classifiers; 

the most popular are [13]: Voting, Bagging and 

Boosting.   

d. Alignment 

 Prediction sequence: This algorithm is effective only 

in the case that the context can be divided into 

sequence of events. Alignment is a prediction context 

algorithm applied to a sequence of time, inspired by 

an algorithm used in computational biology. This 

algorithm compares two sequences contexts [14]. This 

approach uses the historic values of contextual 

information in the form of sequences, these sequences 

represent the historic and each input to a timestamp 

[15].  The aim of alignment prediction technique is to 

align two series using their differences, therefore, the 

number of positions corresponding to the two series is 

maximized. 

e. Active LeZi 

 The prediction context algorithm Active LeZi 

presented by Gopalratnam. In [16], [17] and [18]. This 

algorithm is based on the compression data algorithm 

of Jacob Ziv and Abraham Lempel LZ78.  It exploits 

the information of the user context history using the 

sliding window to perform a sort and calculate the 

probabilities for each possible context transition. 

f. State predictor 

This approach was developed by Jan Petzold [19] and 

[20], it was inspired by the branch techniques 

prediction of microprocessors. These techniques were 

applied in the context prediction. The state predictor 

is a set of patterns that include historic habits and the 

movement of the person with two states (weak and 

strong). This approach is characterized by its 

simplicity and speed, but it can only perceive a very 

simple range of states behavior. 

g. Bayesian Network   

Bayesian network, naïve Bayes, and dynamic 

Bayesian networks are static classification 

algorithmic based on Bayes’s theorem. The dynamic 



International Journal of Applied Engineering Research ISSN 0973-4562 Volume 13, Number 9 (2018) pp. 6594-6607 

© Research India Publications.  http://www.ripublication.com 

6596 

Bayesian networks are an extension of Bayesian 

network. It models a dynamic system that varies with 

time and it can represent the temporal properties of 

contextual information.  

To predict the next context, the authors in [21] use the dynamic 

Bayesian network. They applied the tow algorithms on the card 

(map) of the region targeted by the user’s movements and his 

movement habits. In [22], they divided the space in cells of 200 

m breadthwise. To predict the next cell, a driver provides the 

vehicle direction and the structure of the street. Clearly, it is not 

easy to acquire such contextual information and exploit them 

in predicting. 

 

Related work for location-prediction 

The studies of the contextual models have proved that the 

locations of the user, his identity, time and the activity are 

important parameters that determine the type of services to 

offer to the user [23]. 

For the purpose to improve the performance of the context-

aware application, the context (location) prediction is an 

important aspect that should be considered, which will allow to 

provide the most appropriate services used for pervasive 

computing to enhance the quality of smart service. For instance, 

a user in a university expects to consult its curriculum, calendar 

assignments, etc. Or a user in a bus station expects to get the 

bus schedule, read an eBook, etc. Besides, the location is an 

information that can be easily acquired in a precise manner by 

using sensors as GPS, RFID, wireless networking equipment, 

etc. 

Inspired by the LZ87 algorithm [24], many context prediction 

algorithm were developed by Bhattacharya and Das. To predict 

the next users’ location, in a mobile network, the original LZ87 

algorithm was modified yielding to the LeZi-Update approach. 

Later Das  used this updated algorithm for the smart home 

environment [25].  

Using  Markov chains, Gellert and Vintan, [26] build a model 

based on the Hidden Markov Chain (HMM) to predict the next 

preferable room to visit by the user. Authors in [27]], used the 

HMM for the itinerary prediction [27].   

The Markov Decision Process (MDP) is another extension of 

Markov chain that was used in location prediction. For 

instance, Zeibart proposed PROCAB (Probabilistically 

Reasoning from Observed Context-Aware Behavior) for road 

navigation to predict route and destination based on the user 

behavior [28].  

In [29], they present a new leverage context information of 

several types in order to predict the future location of mobile 

objects. Their approach is based on the use of context-aware 

location prediction algorithm that utilizes various types of 

context information to predict future location of vehicles. They 

present a new algorithm for location prediction that utilizes the 

contextual features and overcomes the limitation of context-

free algorithms by choosing the relevant movement pattern 

according to the current context. 

To predict the context through the work of Mozer, neural 

networks have been used [30]]. Authors in [30]] described a 

smart environment with various services, such as space 

occupation models, estimates the consumption rate of the hot 

water. To predict the most probable location to visit by the user 

in a given environment, Vintan [31]] used the same approach 

in [30] .  

In [32]], they present an approach to predict the next location 

of the user so the system can initiate several preparation 

routines to maximize comfort and minimize energy 

consumption. They demonstrate that the combination of SVM 

and RF (Random Forest) can significantly improve the 

accuracy of location predictions. 

For more related work in context prediction and location 

prediction we refer [7]].  

However, to the best of our knowledge in the cited works and 

the used techniques, they have rarely modelled the context in 

an ontological form. We believe that a Bayesian   approach 

based on ontological context model can be more efficient. This 

model is principally characterized by its ability to be shared and 

reused, and by the inclusion of semantic relationships between 

elements of the context and the location to predict. In addition, 

the number of context features used to predict the next location 

was limited to two contexts (the location and time), and rarely 

has involved other relevant contextual information that can 

help to predict the future location with more reality and 

accuracy. We support our deduction by “Most current 
techniques try to predict the next location of moving objects 
such as vehicles, people or animals, based on their movement 
history alone. However, ignoring the dynamic nature of mobile 
behavior may yield inaccurate predictions” [29]]. 

 

PROPOSED METHODOLOGY 

In this section, the methodology used to accomplish the 

objectives mentioned above is presented. Figure 1 summarizes 

the research steps that should be followed. The methodology 

involves seven important steps. 
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Environment Information
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Phase 6
Validation
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MatLab

Data Collected for 

validation

Data Collected for 

implementation

 

Figure 1. Methodology 

 

Literature review (phase 1) (Section 2) 

This part dedicated to the presentation, analysis and critique of 

the works and ideas available in the literature concerning 

context prediction and location prediction. 

 

Environment modelling (phase 2) (Section 4.1) 

In this part, the environment and the context are modelled as an 

ontology. The purpose of the ontology is to model a set of 

knowledge in a given domain with a form usable by the 

machine. The knowledge base is modelled using the 

PROTÉGÉ software [33]]. 

 

Compute the Likelihood Probabilities (phase 3) (Section 

4.3) 

To use the Bayesian theorem to predict the next location, the 

likelihood probabilities should be determined. Usually, an 

expert defines these probabilities. In this research paper, the 

software BayesiaLab [34] is used as an expert to compute these 

probabilities. A real dataset is given as input and the output are 

the likelihood probabilities. 

 

Prediction Rules Modelling (Phase 4) (Section 4.3) 

In this section, the Bayesian model is created in the ontology. 

Using the likelihood probabilities determined from phase 3, a 

probabilistic ontology is modelled containing the context and 

the Bayesian networks 

 

Prediction system design (phase 5) (Section 4.4) 

The prediction process using Bayesian networks is explained in 

detail in section 5. 

 

Validation (Phase 6) (Section 5) 

In this section, a real dataset is used to test the proposed 

approach. Using the MatLab, the results are computed then 

compared to the results presented in literature review. 

 

Implementation (Phase 7) (Section 5) 

An application was developed to validate the approach 

presented in this paper. The proposed solution was shown that 

is applicable in real environment.  
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Mobility Prediction: Probabilistic Ontology Based on BN 

Approach 

In this work, a probabilistic reasoning is introduced to predict 

the next location in a smart system. In the following section, 

the different components of the hybrid model are explained. 

 

The proposed framework 

Environment

Location 

Prediction

Select the adequate 

services

Services

Ontology

Prediction System

 

Figure 2. General view of the prediction process 

 

Ontology: is the knowledge base that describes context features 

and the systems environment, models of scenarios that occurred 

previously using BN models to trace the probabilistic 

transition. (Figure 9and Figure 3) 

Location prediction: This module has as input the interaction 

context [35] from the environment and as output the predicted 

location. The aim of this module is to use the BN models stored 

on the ontology to predict the next location. In our case, we 

limited the interaction context to the weather, speed, time and 

days. 

Select adequate services: This module has an input of the 

predicted location and an output of adequate services. It selects 

adequate services depending on the location. 

 

Context modelling:  

In this paper, the context is defined as: "Any entity undergoing 

a spatiotemporal variation and that may lead to a change in the 

service or the quality of service in the short or long term" [36]. 

In the use case, the relevant contextual features that were 

chosen are current location, locomotion speed, time, days of the 

week and the weather.   That allows building a 

multidimensional context based prediction since we are using 

multi-features for mobility prediction. The method of location 

prediction is based on the exploitation of contextual 

information that can be acquired in a precise manner from 

conventional sensors such as GPS for the current location, 

speed and time also weather information from specialized 

applications. These contextual information, despite their use in 

other location predictions works such as [4]], they have never 

been exploited in the same way as our approach. A semantic 

dimension to the process of location prediction is added by the 

introduction of the ontological presentation of the context, and 

that contains the prediction rules in the form of Bayesian’s 

networks. This presentation, adds to our approach the benefits 

of ontological representation which consists of its ability to be 

shared between users and its flexibility to include new 

situations. 

The use of ontology will allow building a semantic structure. 

This structure is extended to a probabilistic structure that is 

more useful for prediction.  The aim of this paper is to build 

hybrid model, including probabilistic model showing relations 

between features, to do so, the use of the Bayes model is 

chosen. The latter will make it possible to perform the 

prediction based on semantic approach, and allows for building 

a probabilistic ontology model using Bayes.  

As it was mentioned, the main contribution consists of the 

creation of an ontological probabilistic model. This ontological 

model creates semantic relations between features that provide 

an efficient prediction model.  

Figure 3 shows the model of the environment in the ontology. 

The environment is consisted of the following classes: 

 The Context Class contains the environmental 

context, location, user context and the system context. 

Accordingly, it roles to present the context feature.  

 The Bayesian Network Class contains 9 subclasses 

that reference to 9 actual locations (BN01 to BN09), 

and defines the BNs used to determine the next 

location. 

Environment

Context
Bayesian
Network

User

Location

Environment

System

BN01

BN02

BN09

Figure 3. The classes of the ontology. 
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Figure 9 shows an example of how we model the ontology. 

Figure 9 presents the semantic probabilistic relations between 

the locations and features (context). 

 

Bayesian network: 

Definition 

A Bayesian network “is a graphical model based on 

probabilistic relationships among a set of variables. Over the 

last decade, the Bayesian network has become a prevalent 

representation for overcoming uncertain knowledge in expert 

systems” [37]]. 

 

Parent Child
Dependence

 

Figure 4 Relationships between two nodes in a BN 

 

The arc produces a probability distribution where the parent has 

the prior probability P (p), and the child conditional probability 

P (c |p) (Figure 4). 

BN are particularly suitable for “collecting and representing 

knowledge of uncertain domains, but also enable to perform 

probabilistic calculus and statistical analyses in an efficient 

manner. The difference of BN in comparison with other 

classical methods is their polyvalence. They allow dealing with 

issues such a prediction or diagnosis, optimization, data 

analysis of feedback experience, deviation detection and model 

updating “[38]] 

 

BN applied in the prediction process 

In this study, the Bayesian networks are employed to predict 

the suitable next location according to the context. Therefore, 

the prediction process will be autonomous to take decision and 

offers to the user the adequate services depending on his 

location (this case will be illustrated with real example in 

section 3).  

The method presented in this paper was inspired by the model 

used in [39]]. In [39]], the authors present an efficient method 

to overcome uncertain or ambiguous knowledge during the 

fission [40]] process in multimodal system [41]]. This method 

combines a semantic inference and probability. In this paper 

[39]] the authors use context-based method using Bayesian 

network in multimodal fission system. During the process of 

fission, the system may be encountered to make the decision 

between many choices. The example given in the paper [39]]: 

A user asks a robot, “give me water”. In this case, as shown in 

Figure 5, the robot should make one decision of three possible 

cases: add water in a casserole or, add water in the pail, or add 

water in glass. 

 

Water

glass casserole pail

Pour_into

 

Figure 5. Example water ontology [39] 

 

The main idea of the solution given in [39]] is to model BN 

with the context in the ontology according to the equation (1), 

and using the equation (2)  to determine which is the most 

probable solution in case of ambiguity. 

𝐶𝑜𝑛𝑖 

𝑚
→

𝑗 = 1
(𝐶𝑗 , 𝑃𝑗)               (1) 

With 𝑖 ∈ [1. . 𝑛] 

The number of contexts are presented by n  

The ambiguous concepts are presented by m 

Con = context, C= concept and P = probability 

Each context is connected to one or more concepts with a 

certain probability (Figure 6). 

Figure 6. Likelihood probabilities 

 

𝑃(𝐶|𝑀) =
P(M|C)P(C)

P(M)
 {

𝐶: 𝑐𝑜𝑛𝑐𝑒𝑝𝑡𝑠     
𝐶𝑜𝑛: 𝑐𝑜𝑛𝑡𝑒𝑥𝑡 

  (2) 

𝑀 = m1, m2 … , mn      𝑛: 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑛𝑡𝑒𝑥𝑡𝑠 

Where:  

 𝑃(𝐶|𝑀) : a posteriori probability 

 P(M|C) : likelihood 

 P(M) : evidence 

 P(C) : a priori probability 
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In this case, the same idea was used to predict the next location. 

The adaptation of the BN with context can be represented by 

the equation (3) 

𝐶𝑜𝑛𝑖 

𝑚
→

𝑗 = 1
(𝑁𝐿𝑗 , 𝑃𝑗)   (3) 

With 𝑖 ∈ [1. . 𝑛] 

The number of context is presented by n. 

The number of the next location is presented by m. 

Con = context, NL= next location and P = probability. 

Each context is connected to one or more NL with a certain 

probability. 

 

Example: 

To further explain the idea of this paper, a simple example is 

presented. Suppose that we have the model of BN with context 

in our knowledge base  

Figure 7. The aim is to predict the next location so that the three 

contexts (weather: nice weather; bad Weather, time: 

time_7: 00_to_20: 00 and actual location) and the three 

locations are used in order to make the example 

understandable. 

Suppose that the likelihood probabilities which are usually 

estimated by an expert (in this work by the software 

BayesiLab), are as follow ( 

Figure 7): 

𝑃(𝑁𝑖𝑐𝑒𝑊𝑒𝑎𝑡ℎ𝑒𝑟|𝐶1) = 0.3 

𝑃(𝑁𝑖𝑐𝑒𝑊𝑒𝑎𝑡ℎ𝑒𝑟|𝐶2) = 0.5 

𝑃(𝑁𝑖𝑐𝑒𝑊𝑒𝑎𝑡ℎ𝑒𝑟|𝐶3) = 0.2 

𝑃(𝐵𝑎𝑑𝑊𝑒𝑎𝑡ℎ𝑒𝑟 |𝐶1) = 0.1 

𝑃(𝐵𝑎𝑑𝑊𝑒𝑎𝑡ℎ𝑒𝑟|𝐶2) = 0.4 

𝑃(𝐵𝑎𝑑𝑊𝑒𝑎𝑡ℎ𝑒𝑟|𝐶3) = 0.5 

𝑃(𝐴𝑐𝑡𝑢𝑎𝑙 − 𝐿𝑜𝑐_𝐶4|𝐶1) = 0.33 

𝑃(𝐴𝑐𝑡𝑢𝑎𝑙 − 𝐿𝑜𝑐_𝐶4|𝐶2) = 0.33 

𝑃(𝐴𝑐𝑡𝑢𝑎𝑙 − 𝐿𝑜𝑐_𝐶4|𝐶3) = 0.33 

𝑃(𝑡𝑖𝑚𝑒_7: 00_𝑡𝑜_20: 00 |𝐶1) = 0.6 

𝑃(𝑡𝑖𝑚𝑒_7: 00_𝑡𝑜_20: 00 |𝐶2) = 0.2 

𝑃(𝑡𝑖𝑚𝑒_7: 00_𝑡𝑜_20: 00 |𝐶3) = 0.2 

 

 

Figure 7. Example likelihood probabilities 

 

Then posteriori probabilities for every concept are calculated using equation (2). 

𝑃(𝐶1|𝐴𝑐_𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛_𝐶4, 𝑁𝑖𝑐𝑒𝑊𝑒𝑎𝑡ℎ𝑒𝑟, 𝑡𝑖𝑚𝑒_7: 00_𝑡𝑜_20: 00) 

= 𝑃(𝐶1)𝑥
𝑃(𝐴𝑐_𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛_𝐶4|𝐶1)𝑥𝑃(𝑁𝑖𝑐𝑒𝑊𝑒𝑎𝑡ℎ𝑒𝑟|𝐶1)𝑥𝑃(𝑡𝑖𝑚𝑒_7: 00_𝑡𝑜_20: 00|𝐶1)

𝑃(𝐴𝑐_𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛_𝐶4, 𝑁𝑖𝑐𝑒𝑊𝑒𝑎𝑡ℎ𝑒𝑟, 𝑡𝑖𝑚𝑒_7: 00_𝑡𝑜_20: 00)
  

= 1𝑥
0.33𝑥0.3𝑥0.6

𝑃(𝐴𝑁𝑇)
 

=
59𝑥10−3

𝑃(𝐴𝑁𝑇)
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𝑃(𝐶2|𝐴𝑐_𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛_𝐶4, 𝑁𝑖𝑐𝑒𝑊𝑒𝑎𝑡ℎ𝑒𝑟, 𝑡𝑖𝑚𝑒_7: 00_𝑡𝑜_20: 00)  

= 𝑃(𝐶2)𝑥
𝑃(𝐴𝑐_𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛_𝐶4|𝐶2)𝑥𝑃(𝑁𝑖𝑐𝑒𝑊𝑒𝑎𝑡ℎ𝑒𝑟|𝐶2)𝑥𝑃(𝑡𝑖𝑚𝑒_7: 00_𝑡𝑜_20: 00|𝐶2)

𝑃(𝐴𝑐_𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛_𝐶4, 𝑁𝑖𝑐𝑒𝑊𝑒𝑎𝑡ℎ𝑒𝑟, 𝑡𝑖𝑚𝑒_7: 00_𝑡𝑜_20: 00)
  

= 1𝑥
0.33𝑥0.5𝑥0.2

𝑃(𝐴𝑁𝑇)
 

=
33𝑥10−3

𝑃(𝐴𝑁𝑇)
 

𝑃(𝐶2|𝐴𝑐_𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛_𝐶4, 𝑁𝑖𝑐𝑒𝑊𝑒𝑎𝑡ℎ𝑒𝑟, 𝑡𝑖𝑚𝑒_7: 00_𝑡𝑜_20: 00) 

= 𝑃(𝐶3)𝑥
𝑃(𝐴𝑐_𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛_𝐶4|𝐶3)𝑥𝑃(𝑁𝑖𝑐𝑒𝑊𝑒𝑎𝑡ℎ𝑒𝑟|𝐶3)𝑥𝑃(𝑡𝑖𝑚𝑒_7: 00_𝑡𝑜_20: 00|𝐶3)

𝑃(𝐴𝑐_𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛_𝐶4, 𝑁𝑖𝑐𝑒𝑊𝑒𝑎𝑡ℎ𝑒𝑟, 𝑡𝑖𝑚𝑒_7: 00_𝑡𝑜_20: 00)
  

= 1𝑥
0.33𝑥0.2𝑥0.2

𝑃(𝐴𝑁𝑇)
 

=
13𝑥10−3

𝑃(𝐴𝑁𝑇)
 

 

To give the same weight to every concept, this equality   

𝑃(𝐶1) = 𝑃(𝐶2) = 𝑃(𝐶3) = 1 was set. 

As shown, P(C1|ANT) has the highest value. Therefore, the 

concept C1 is the most probable next location. 

 

Use case and results 

To create a user’s mobility behavior, the MDC 

(Mobile Data Challenge) database was used. It was made by 

the Idiap Research Institute, Switzerland, and owned by Nokia 

[42]]. The original dataset [43]] was created from 2009 to 2011 

by collecting a continuous data of 200 users, these data describe 

the user’s behavior: mobility data, social interactions and phone 

usage, and it was gathered by using Nokia N95 smartphone. 

The public dataset used in this paper, was released as part of 

the Nokia MDC and contains 38 participants.  

This data set is reformed to be up laudable by the software 

BayesiaLab. So, some columns on the dataset are divided to:  

 Speed to 4-range names: very slow, slow, normal and 

fast. 

 Time to 6-ranges named: t-0-4, t-4-8, t-8-12, t-12-16, 

t-16-20 and t-20-24. 

 Weather to 3-ranges named: bad weather, normal 

weather and good weather. 

There are many dynamic variables such as time, speed, actual 

location, weather conditions, and days are integrated which can 

affect the decision. More variables can be added if it may affect 

the result. 

Likelihood probabilities generation and Ontology modeling 

As shown in equation (2), to calculate the 𝑃(𝐶|𝑀) (a posteriori 

probability) we need to determine the probability of P(M|C)  

(likelihood probability). In general, this probability should be 

defined by an expert. In our case, to define these probabilities 

we used a data set and a software called BayesiaLab [44].  We 

used 70 % of the data set as learning to determine P(M|C).   

After the dataset is uploaded on the software, the probabilities 

of likelihood are computed. The table 1 shows a part of the 

likelihood probabilities. The first line presents the future 

location to be predicted, in this case, we have nine future 

locations. The first column presents the different contexts used 

to predict the next location. For instance, the likelihood 

probability between the future location C2 and time between 8 

to 12 is 0.11 . 

The Figure 8 shows the likelihood relation between each 

context and the next location using BayesiaLab software. There 

are 2 essential parts: 

 The contexts (green, red, yellow, purple, pink and 

orange circles) permit to select the adequate concept. 

The different context are: 

o The three green circles represent the weather 

context. 

o The red circle is the current location in this case 

is C2. 

o The seven orange circles represent the week days.  

o The nine yellow circles represent the next 

location.  

o The six pink circles represent the time. 

o The fourth purple circles represent the speed.  

 The concepts (yellow eclipse), in our case, are the next 

locations to be selected: C0, C1 ….C8 
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Figure 8. Bayesian Network using BayesiaLab. 

 

Table 1. likelihood probabilities 

Future location 

contexts 

C0 C1 C2 C3 C4 C5 C6 C7 C8 

C2-A 0.021 0.071 0.443 0.158 0.094 0.021 0.045 0.066 0.081 

t-0-4 0.106 0.092 0.328 0.044 0.025 0.157 0.078 0.102 0.068 

t-4-8 0.225 0.184 0.197 0.035 0.084 0.061 0.059 0.061 0.094 

t-8-12 0.154 0.157 0.11 0.182 0.099 0.042 0.086 0.082 0.088 

t-12-16 0.099 0.115 0.224 0.073 0.113 0.088 0.1 0.11 0.078 

t-16-20 0.2 0.178 0.092 0.1 0.058 0.093 0.196 0.032 0.051 

t-20-24 0.111 0.15 0.108 0.068 0.1 0.2 0.105 0.093 0.065 

Very slow 0.1 0.059 0.159 0.199 0.216 0.065 0.074 0.044 0.084 

Slow 0.241 0.099 0.22 0.056 0.1 0.083 0.113 0.059 0.029 

normal 0.279 0.128 0.122 0.21 0.067 0.039 0.044 0.053 0.058 

fast 0.081 0.122 0.294 0.032 0.056 0.02 0.099 0.234 0.062 

Sunday 0.149 0.151 0.128 0.041 0.06 0.211 0.134 0.077 0.049 

Monday 0.153 0.136 0.144 0.189 0.054 0.109 0.013 0.144 0.058 

Thursday 0.091 0.083 0.331 0.062 0.106 0.1 0.096 0.045 0.086 

Wednesday 0.199 0.096 0.117 0.226 0.073 0.133 0.052 0.05 0.054 

Tuesday 0.12 0.152 0.121 0.109 0.097 0.092 0.103 0.108 0.098 

Friday 0.154 0.214 0.097 0.049 0.124 0.051 0.072 0.164 0.075 

Saturday 0.168 0.206 0.199 0.192 0.017 0.065 0.039 0.081 0.033 

Bad weather 0.231 0.136 0.113 0.123 0.093 0.108 0.083 0.068 0.045 

Normal weather 0.148 0.125 0.106 0.109 0.118 0.098 0.103 0.094 0.099 

Good Weather 0.114 0.11 0.113 0.111 0.112 0.11 0.11 0.11 0.11 
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Figure 9. General View of the ontology 

 

Once we get all the likelihood probabilities using the software 

BayesiaLab [34], we create our ontology using the software 

protégé [45]] as shown in Figure 9. Then a Java program is 

implemented to test our approach. 

The figure 9 shows a general view of the ontology. It presents 

the different contexts that can influence the decision-making. 

Each context is associated to all concepts (future location) with 

a corresponding probability. 

RESULTS 

The different algorithms presented in related work above were 

implemented in [46]] and they compare the results obtained by 

every algorithm using a real data set. The same data set is used 

for the simulation. Compared to the result obtained in [46] as 

showing in table 2,  competitive results are obtained: 

Table 2. Location prediction accuracy. 

Day Decision trees 

J48=C4.5% 

SVM 

% 

Nearest 

Neighbor 

Lbk (K=1) 

% 

BN 

with 

context 

% 

 
with 

noise 

Without 

noise 

with 

noise 

Without 

noise 

with 

noise 

Without 

noise 

Saturday 92.37 92.11 69.54 73.19 93.20 90.36 93.87 

Sunday 91.22 88.22 59.56 58.32 92.46 87.84 91.93 

Monday 88.06 83.94 65.43 66.27 89.47 86.10 92.54 

Tuesday 87.58 86.37 55.69 60.81 89.74 88.42 91.76 

Wednesday 92.11 89.71 65.04 71.78 93.98 91.95 92.02 

Thursday 84.72 83.63 54.1 60.17 86.39 83.75 91.14 

Friday 86.72 87.77 58.99 58.99 89.89 89.89 90.42 
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The diagram results chart (Figure 10) resumes the prediction 

results for each algorithm. In this chart, each line represents the 

location prediction accuracy for each algorithm. The horizontal 

axis represents the days and the vertical axis represents the 

accuracy. As shown, the results obtained by the BN with context 
algorithm are better than the other algorithms. The only 

exception is for Wednesday, the Nearest Neighbor: with noise 

is slight better (2%) than our algorithm. Overall, 

the results obtained with BN with context are 

substantially better than other algorithms.  

 

Figure 10.  Diagram result chart 

 

Interface: 

 

Figure 11. Java Application 

 

To illustrate the use of BN with the context, (modelled on the 

ontology) a real interface is implemented. As shown in Figure 

11, the main interface is composed of four components: 

services to offer, context, actual location and predicted location 

using BN.  

For the context component, time, weather, speed and day are 

used. The component context affects the selection of the next 

location. Generally, when using sensors installed in the 

environment, the contextual information is captured. In the 

simulations presented in Figure 11 , the system randomly 

generates different values. 

For the actual location component, the values of this 

component are chosen randomly by the system. For the next 

location component illustrates the next location depending on 

using BN method.  

For the service to offer component presents services to be 

offered depending on the next location. 

We executed the application Figure 12 showing the result 

obtained. 

The system chooses the following context randomly: 

 Weather: 20 degree; 

 Day: Sunday;  

 Speed: fast 

 Time: 20:56 

 The actual location : C2 

As shown in Figure 12, the next location predicted by the 

system is: C4 

 

Figure 12. Bayesian Location Prediction Application 

 

CONCLUSIONS 

Proactive ubiquitous systems aim at providing intelligent space 

accessible to a variety of services allowing a suitable, natural 

and user-friendly use. An intelligent space that will be able to 
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adapt contextually to changes in its environment and respond 

in an appropriate and adequate manner to the needs of its users. 

The prediction of context becomes a central element in the new 

trend of these systems that evolve towards a proactive and 

anticipatory adaptation. 

In this paper, a hybrid model is proposed for user mobility 

prediction based on the current multidimensional context 

including features that are considered important for an efficient 

prediction. The prediction approach uses Bayesian networks, to 

be able to handle the stochastic propriety of the user’s mobility 

behavior and the dynamism nature of the context. To attain a 

more efficient prediction, a semantic dimension is added to the 

process of mobility prediction using ontological presentation. 

The context and environment are presented through ontology, 

which allows to perceive clearly their features and their 

influences on each other.  Since we are in a stochastic process, 

ontology is used to structure the BN, which builds a 

probabilistic ontological model that presents the context as 

knowledge base, and contains the prediction rules in the form 

of Bayesians networks. 

A real example is shown in order to illustrate the effectiveness 

of the contribution, using a Java interface connected to the 

ontology. The model can be enhanced with more semantics and 

contextual information. 

This approach can be implemented in a smart building or a 

smart city. It will be useful in many domains for instance: 

energy saver, health, assistance for people with disabilities. 

In a future work, a real system (smart home) will be developed 

using the approach presented in this paper to assist children 

with autism.  
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