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Abstract – Along with the recent and ongoing advances in the wireless 
and mobile access technologies, a wide plethora of mobile multimedia 
services have emerged. Ensuring an acceptable level of Quality of 
Service (QoS) is a crucial requirement to allow users enjoy these 
mobile multimedia services. One means to ensure QoS is to minimize 
the frequency and magnitude of fluctuations in the mobile multime-
dia streaming rates during the multimedia service and while users are 
on the move. For this purpose, there is need for tools to predict a 
user's long-term movement. In this vein, this paper proposes a Path 
Prediction Model (PPM) to predict a user's movement path. PPM is 
based on historical movement trace, current movement data and 
spatial conceptual maps; it assumes a priori knowledge of the desti-
nation. At each road intersection, the probability of selecting the next 
road segment is evaluated, based on historical data, towards the 
destination. These probabilities are computed via (a) filtering histor-
ical data according to the day of the week (e.g., weekend, holiday) and 
the time of the day; and (b) applying conditional probability rules 
taking into account the path used between the origin of movement, 
current position, and the destination. Simulations are conducted 
using real-life data to evaluate the performance of the proposed 
model. Encouraging results are obtained in terms of average predic-
tion accuracy and mitigation of the impact of learning period and the 
remaining distance to reach the destination on the path prediction 
performance.  

I. INTRODUCTION  

In the last decades, several applications have emerged and have 
been taking more space and importance in the lives of all of us, 
such as multimedia applications. Indeed, the exponential growth of 
mobile telephony, among others, has created the need for new 
services. These services have specific requirements in terms of 
bandwidth and Quality of Service (QoS). Thus, wireless networks, 
in particular cellular networks, should deploy mechanisms to 
support these requirements. In cellular networks, available data 
rates may vary noticeably from cell to cell. Thus, a mobile user 
may experience rate fluctuations when moving between cells (i.e., 
handoffs [1]); this may be not acceptable for several applications, 
such as multimedia streaming [3].  The key challenge is to provide 
a minimum acceptable QoS in each cell visited by the user; this 
requires prior knowledge of the user’s long term movement (e.g., 
10 minutes in advance).  Indeed, if the network can predict the 
user’s path, then it can provide him/her with the required QoS 
during the whole session. More specifically, the network will 
accept the user into the network (e.g., for a multimedia streaming 
session) only if there are sufficient resources (e.g., bandwidth) in 
each cell (during the user’s residence in the cell) along the pre-
dicted path; otherwise, the user will not be allowed to access the 
network.  Thus, path prediction with reasonable accuracy is a key 
to provide QoS for mobile users [2]. 

To predict user’s mobility/movement, several mobility models 
have been proposed [4-14]. Most existing mobility models, that are 

suitable to model real-life mobility of users, are based on historical 
data of motion or mobility trace files of the mobile users. L. Liao, 
et al. [9] introduced a hierarchical Markov model that can 
learn/infer user’s daily movements through urban communities. 
They described a system that creates a probabilistic model of 
user’s daily movement patterns using unsupervised learning from 
raw GPS data. The proposed model works fine when the mobile 
user’s movements follow a specific pattern; however, if there is a 
slight change in the user “specific” pattern, the prediction accuracy 
considerably suffers. Since the user’s movements are generally 
uncertain, over time, the applicability of such a model is limited. 

H. Jeung, et al.[2] proposed an approach that enables prediction 
of the path of a mobile user whose movement is constrained to a 
road network. More specifically, the approach predicts, based on 
historical data, when and where the user will make a turn at an 
intersection; the prediction is based only on the statistics of turns at 
intersections. Indeed, it does not take into account, for a given 
intersection, the user’s previous movement, starting from the time 
it did access the network to the current intersection, the time of the 
day and the type of the day; without these elements, we believe the 
prediction accuracy will not be high 

W. Wanalertlak, et al. [10] presented a scheme,  called the 
Behavior-based Mobility Prediction (BMP),  that provides mobil-
ity prediction; BMP provides, for a given user at a given cell,  an 
accurate prediction of next cell the user will move to; it makes use 
of several factors including historical movement data of users and 
time of the day.  BMP does not support path prediction of mobile 
users from source to destination. 

N. Samaan, et al.[11] applied the Dempster-shafer’ theory to 
the knowledge of user’s preferences and goals to predict his/her 
mobility; the work does not make any assumption about the 
availability of users’ movement history. The authors in [12, 13] 
applied the social theory to the structure of the relationships among 
individual users to predict their movements while F. Ekman, et al.  
[14] defined mobility models based on daily planned activities; 
they assumed that users move from home to work, from work to 
restaurant, from restaurant to work, from work to leisure, and 
return home in the evening. 

In this paper, we propose a novel approach, called Path Pre-
diction Model (PPM), which predicts the path the user will use 
during is/her movement from source to destination. PPM makes 
use of historical movement trace, current movement data and 
spatial conceptual maps; it also assumes a priori knowledge of the 
destination. More specifically, starting from the user initial posi-
tion (i.e. where he/she first accesses the network), PPM, at each 
road intersection, determines the next road segment the user will 
likely use during his/her movement towards the destination; 
indeed, it computes the probability, based on historical movement 
trace and destination, the user will use a road segment and selects 

IEEE ICC 2012 - Communication Software Services and Multimedia Applications Symposium

978-1-4577-2053-6/12/$31.00 ©2012 IEEE 2001



 

the road segment with the highest probability as the next road 
segment. PPM repeats the same process until the selection of the 
last road segment to destination. The predicted user’s path con-
sists of the sequence of the selected road segments. 

Unlike existing approaches, PPM takes into account the type 
of the day and the time of the day which we believe are key 
parameters to consider when dealing with mobility prediction. 
PPM assumes that the destination is known in advance; it uses 
among others the direction from the source to the destination to 
select next intersection (road segment). This allows increasing 
prediction accuracy (e.g., when a U-turn is necessary to reach the 
destination) in opposition to existing approaches that use direction 
from the source to current position.  More importantly, PPM is the 
only scheme (to the best of our knowledge) that allows for pre-
dicting, without restrictive assumption (e.g., known specific user 
pattern [9]), the whole path from source to destination (existing 
schemes predict only the next intersection/cell). 

The remainder of this paper is organized as follows. In section 
II, we describe the proposed PPM. Section III evaluates the per-
formance of PPM. Section IV concludes the paper.  

II. PROPOSED MODEL  

In .[15], the authors proposed a framework (see Fig. 1) that assists 
in avoiding frequent fluctuations in the streaming rates of mobile 
multimedia services and ultimately ensuring acceptable Quality of 
Service (QoS). Our proposed PPM approach is implemented at the 
User’s Equipment (UE) Mobility Predictor (MP) as shown in Fig. 
1. This model assumes that the destination is known in advance 
and uses this information in the path prediction. 

 
Fig. 1. Key components of RR and mobile terminals (details on the 
functionality of each unit in the framework are available in [15]). 

Note that a UE maintains a database (DB) which records data 
about users’ movements, users’ contexts and their living areas. We 
assume the availability of static data about geographic areas (to-
pology/map of roads), called Navigation Map (NM). NM contains 
coordinates of road intersections and coordinates of user’s Fre-
quently Visited Locations – FVLs – (home, office, shopping mall, 
etc). We assume that UEs embed a technology, such as GPS, that 
allows recording the used road segments taking into account day 
and time. All user possible locations (home, office, road intersec-
tion, restaurant, etc) are considered as nodes. Each node is identi-
fied by a node ID, latitude and longitude. A road segment is the 
road portion between two intersections. The table of a road seg-
ment consists of edge ID, direction of navigation, node ID 1 and 
node ID 2. The User Movement Trace (UMT) contains user ID, 
date, time and node ID that represents user location at date and 
time. Various algorithms could be used for gathering these data. 

Using UMT, an algorithm extracts User FVL Trace (UFVLT) that 
contains User ID, date, arrival time, departure time and node ID.  

Algorithm 1 presents the pseudo-code for recording data. This 
pseudo-code is run by UEs. At each time slot t, acceleration a and 
geographic coordinates (latitude and longitude) are measured. 

 
Algorithm 1: Pseudo-code for movement data gathering. 

Input : User_id, NM , sa , sd  

Output : UMT and UFVLT 
Variables : 

� Arrival: is a boolean which marks user arrival in the specific position 
� Departure: is a boolean which marks user departure from the specific 

position 
� Var: is a data set recorder 
� node: is a node 

Functions 
� getNode(lat,lon) : it is used to get the node where latitude=lat and 

longitude=lon from  DB. 
� existNode(lat,lon): it is used to check whether the node where lati-

tude=lat and longitude=lon exists in DB. 
� Node(lat,lon) : it is used to create a new node with a generated node_id 

and latitude=lat and longitude=lon 
� getDate(): it is used to get current date 
� getTime(): it is used to get current time 

 
1. each t sec 
2.     sample a      // acceleration 

3.     sample ( , )lat lon   // position 

4.     if NM.existNode(lat,lon)  // ( , )lat lon is into NM 
5.         insert into UMT values (User_id, getDate(),getTime(),  
                                                       NM.getNode(lat,lon)) 

6.     if sa a< and Arrival==true  

7.           if UC.FVLC.existNode(lat,lon)    // ( , )lat lon is  
intoUC.FVLC 
8.                    node= new Node(UC.FVLC.getNode(lat,lon)) 
9.            else if NM.existNode(lat,lon) // ( , )lat lon is into NM 

10.                    node= new Node(NM.getNode(lat,lon)) 
11.            else 
12.                    node=new Node(lat,lon) 
13.                    insert into NM values (User_id,node) 
14.            end if 
15.            insert into UFVLT values (User_id, get-

Date(),getTime(),NULL,node) 
16.             Departure=True 
17.             Arrival=False 
18.             var(user_id)=user_id 
19.             var(node_id)=node_id 
20.             var(time)=time    // keeping some values 

21.     else if sa a≥ and Departure==true 

22.           if getTime() – var(time) >= sd  

23.                     update UFVLT set departure_time=getTime()  
where user_id=var(user_id) and 
node_id=var(node_id) 

24.            else 
25.                     delete from UFVLT where user_id=var(user_id)  and            
                                                                 node_id=var(node_id) 
26.           end if 
27.           Departure=False 
28.           Arrival=True 
29.     end if 
30. end each 

 
 

When the current position coordinate is a road intersection or a 
user’s FVL, it is recorded together with current timestamp (date 
and time) in the user’s UMT. If the measured acceleration is 
smaller than a given threshold as, the user is deemed not moving. 
Thus, if this position is recorded in user’s context as FVL, it is 
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recorded with the current date into UFVLT. Time of arrival, re-
corded at FVL, corresponds to the time when the acceleration falls 
below as.  

 
Table I: User Contextual (UC) information structure. 
 
 
 
 
 
 

 

 

 

 

 
 

 
Departure time from a FVL is recorded when acceleration ex-

ceeds as. Note that to designate a location visited by a user as FVL, 
the user needs to reside at the location for a time period longer than 
a predefined duration threshold ds. User Contextual (UC) infor-
mation is gathered and organized in six categories as shown in 
Table I. The user context database may be built by having users (1) 
fill in a questionnaire and explicitly express their interests with 
regard to different places within their living area, and (2) contin-
uously registering both their tasks and scheduled appointments. 

In the following, we describe how our proposed PPM scheme 
predicts a path using the above described database. At a road 
intersection, user chooses a new road segment/intersection to 
continue his/her trip according to the navigation zone (Fig. 2). S 
and D denote the source/origin of the trip and the destination 
respectively. 
 

 

 

 

 

 

 

Fig. 2. next road segments: {1,2}: An examplr 

Let j be an element of the set of adjacent nodes to the current 

node c and c
jθ  is the value of the angle formed by jcD.  We apply a 

direction function  o  to select potential next road intersec-
tion/road segment. 
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Thus, we compute the degree of the deviation of current posi-
tion (c) to each its adjacent positions (j) as follows: 

 ( ) 1
180

c
jc

jo
θ

θ = −                                                                         (1) 

The selected adjacent nodes are those that belong to the fol-
lowing set: 

{ }( )c
j

j

j o θ α≥Ψ =�                                                      (2) 

where ( )seuiloα θ= and seuilθ  is a predefined threshold. At 

position c, the next road intersection to be visited will be selected 
from Ψ . For better understanding, let us use the example shown 
in Fig. 2; using direction to the destination, we compute 

{ }1, 2Ψ =  using Equation (1); in this case 3
4

α =
. 

The selection of a node from  Ψ  as a next intersection, is 
performed using conditional probability that uses historical user 
movement trace (UMT) given the source and the destination of the 
trip. In our case, the path from the source to the current position 
and the destination are known. To calculate the conditional prob-
ability at day d and time of the day tc (Timestamp), we use histor-

ical data recorded in UMT. We consider that ct t t= ± Δ  

where ct and tΔ denote the current time (when the prediction is 

taking place) and a given time interval respectively. To select i 
from Ψ as the next road intersection, we compute the weights of 
each position/element in  Ψ  (using Equation 3) and choose the 
position with the biggest weight. 
 

 

 

 

 

 

  

  

 
Fig. 3.  Evaluation of conditional probability 

The weight of i , in Ψ , is computed as follows: 

,( ) ( ) ( ) ( )d t
il c

iDw i proba i p o pos iθ⎯⎯→= × ×            (3) 

where  
1 through

through0
( ) { if possible to reach D i

if non possible to reach D ipos i −=           (4) 

We made use the function o , in computing the weight, to give 
more weight to intersections whose directions are more oriented 
towards the destination.  For better understanding of the computa-
tion of the weight (see Equation 3), let us consider the example 
shown in Fig. 3. The figure shows the different paths that can be 
used to reach the current position c from the source S (p1 to pm). For 
the current trip, user used path pl to reach current position c. At this 
current position c, Fig. 3 shows all the options that can be used to 
reach the destination D; next intersection 1 is not an option (e.g., 
dead end road) and thus, pos(1)=0. 

The conditional probability is defined as follows: 
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It represents the probability that i is next intersection, towards 

D, given that path lp  was used to reach current position c (Fig. 3). 

The probability that lp  will be used to reach D is computed as 

follows:  

,
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where m denotes the total number of used paths to reach D through 
current position c.   

The probability that i is next intersection given current position 

c, t, lp was used to reach c and destination is   D is computed as 

follows: 
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where n and m denote the total number of adjacent nodes to the 
current node c and the total number of used paths to reach D 
through current position c respectively. 

III. PERFORMANCE EVALUATION 

To evaluate the performance (i.e., prediction accuracy) of our 
proposed PPM scheme, we developed a program in java that uses 
the historical data recordings in the database; we use the MIT 
media laboratory’s database available from the Reality Mining 
Project [16]. The subjects from this project consisted of students 
and staff (94 persons) at a major university during the months 
between September 2004 and June 2005; we used the first thirty 
days to run our simulation. The database contains information on 
the cell tower a user is connecting to and the corresponding time of 
residence in the cell coverage area.   

We run our simulations, using only these subjects who do not 
reside on campus; the objective is to consider subjects with high 
level of movements in large geographic areas; this will allow for 
better evaluation of our proposed approach.  To take into account 
different types of subjects according to the motion predictability, 
we defined 3 groups (not at all predictable, somewhat predictable 
and very predictable) and we identified ten subjects (from the 
database) per group for simulation.  Table II lists up the values of 
the parameters used in the simulations. 

 
Table II: simulation parameters. 

Parameters Fixed values Parameters Fixed values 
ds 15 minutes tΔ  2 hours 

seuilθ  900    

 

We measured the prediction accuracy for different scenarios. 
The prediction accuracy is computed as follows: 

( )
2

est usedn ns
nA
+

=                                                             (8) 

where estn  denotes the number of road segments that were re-

turned/predicted by PPM, usedn  the number of road segments 

that were actually used, and n denotes the number of common 
road segments (i.e., intersection between the set of predicted 
segments and the set of used segments). 

In all the scenarios, we used ¾ of the total duration of data 
collection to learn users’ habits (as learning phase) and the path is 
predicted using the source as the departure position except where 
the learning duration and the distance between the source and 
destination are used as performance metrics. The simulation results 
are shown in Figs. 4-7. 

Fig. 4 plots the accuracy of PPM for different degrees of users’ 
predictability. The graph shows that regardless of the degrees of 
predictability, the accuracy of PPM exceeds 70%. This good 
performance is due to our method of evaluating the weight of the 
next road segment to use. It is reinforced by our two ingenious 
techniques for the evaluation of probabilities: filtering the his-
torical data according the type of days of week and the time of the 
days to compute conditional probability. For subjects with lowest 
predictability degree, PPM reaches an average of 81.1%. It reaches 
92.0% for subjects with highest predictability and 97.9% for others 
subjects.  

 
Fig. 4.  Accuracy of PPM 

Fig. 5 highlights the impact of learning phase duration on pre-
diction accuracy. In this experiment, the duration of the learning 
phase is expressed in percentage of the total period of data collec-
tion. We observe a small increase (< 15%) in prediction accuracy 
for the simulated learning phase durations; this shows that the 
impact of the learning period duration is low. For 10%, the per-
formance of PPM exceeds 71%. We note that our PPM needs just 
60% (about 15 days) of collection data duration (historical 
movement data) to attain its best performance. This good perfor-
mance is indeed attributable to the adoption of direction function to 
the destination. 

 
Fig. 5: Accuracy of PPM versus learning phase duration 

Fig. 6 exhibits the impact of portion of the road already trav-
elled on the performance of PPM. In this scenario, the path is 
computed using distinct locations as the departure position. These 
locations represent different percentages of the path from source to 
destination. Fig. 6 shows that our PPM performance is not signif-
icantly affected, especially for the subjects with highest predicta-
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bility (< 3%) due, we believe, to the use of the direction function 
(see Equation X). For subjects with lowest predictability, 
the accuracy gap is 16% while it is 9% for those with intermediate 
predictability. 

 
Fig. 6: Accuracy of PPM versus the remaining distance to reach the 

destination 

Fig. 7 shows the impact of the prediction area size on the per-
formance of PPM; the amount of cells between a source and a 
destination is used as the evaluation criteria (X-axis). 

The performance of PPM decreases rapidly for the subjects 
with lowest predictability degree and very slowly for the other two 
predictability degree. However, it remains bigger than 45% when 
the distance between source and destination exceeds 20 cells. For a 
distance smaller than 4 cells, PPM performance exceeds 90% 
regardless of the degree of predictability. Knowing the destination 
in advance increases the performance of the subjects with highest 
and intermediate predictability. 

 
Fig. 7: accuracy of PPM versus the size of prediction area 

IV. CONCLUDING REMARKS 

In this paper, we propose a new Path Prediction Model (PPM) 
based on historical movement trace, current movement data and 
spatial conceptual map when a destination is known in advance. 
We use the deviation from the current position to the given desti-
nation to select a subset of possible road intersections/road seg-
ments to be visited by the subject. Based on the historical data, we 
evaluate the probability of each adjacent road intersections/road 
segment to be visited when subject is at a road intersection. This 
probability is based on the rule of conditional probability. Also, the 
historical data is filtered according to the type of days and the time 
of this day before its use for evaluation. Unlike existing approaches 
that do not use both current and historical information about 
movement and do not consider the time of the day and the type of 
the day, PPM provides good path prediction accuracy.  

Simulations show that PPM is able predict paths with high 
accuracy.  For subjects with lowest predictability degree, PPM 
reaches an average of 84.5%. It reaches 96.5% for subjects with 
highest predictability and 90.6% for subjects with intermediate 
predictability degree. In the future, we plan to propose a Handoff 
Time Estimation Model (HTEM) based on the Path Prediction 
Model (PPM). 
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