
 

 

Abstract: Accurately predicting a user’s next 
location is quite beneficial for decision making 
purposes either to the individual or to authorities. 
With this view in mobile crowdsourcing, recently 
some researches have been carried out with various 
techniques employed including the use of repetitive 
nature of humans, recurrent neural networks, and 
mobility tracking based on public WLAN services. 
However, due to irregularities in human movements 
over a certain period of time, being able to get their 
precise predicted locations has rendered most of 
these techniques redundant in some aspects. In this 
paper, we propose a time dependent multiclass 
Support Vector Machine (T-MSVM) algorithm for 
mobility prediction. T-MSVM involves using a 
particular time to predict a user’s future location 
based on his/her locations at that time in the past. 
This allows for a more accurate prediction result 
because it enables the next location of the user to be 
temporally narrowed down to a specific time frame. 
We build the proposed prediction algorithm on our 
T-MSVM model. The algorithm includes both the 
preprocessing and prediction stages. The 
preprocessing stage involves training the data while 
the prediction phase includes the prediction steps 
and this also concludes the T-MSVM algorithm. 
Through experiments, we showed that the proposed 
T-MSVM algorithm can achieve an accuracy of 90% 
over a week period and more than 95% accuracy over 
a month period in predicting the next location of a 
user. 
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1. INTRODUCTION 

he power of crowdsourcing cannot be 
overemphasized due to its ripple effects as 

evidenced in recent research and applications [15]. 
Thus, the need to get people involved in data 
gathering and information acquisition has been 
widely recognized and adopted in recent years [3]. 
This is supported by the diverse advancements in 
technological outputs involving the upgrade of smart 
devices, wearable sensors, and so on [14, 27]. 
Powered with these devices, people are able to 
participate in data acquisition and information 
gathering [12]. These generally have eased out the 
pressure on general data acquisition by reducing 
the time and energy when compared to 
conventional data acquisition methods. Gathering 
and processing the data acquired from these smart 
devices have become both convenient and 
pervasive, that is, the outcomes of these processes 
are being utilized in almost every aspect of life. 
Because, diverse data are being generated by these 
devices, there is a need for them to be utilized 
effectively. One of the possible ways of putting 
these sets of data to use is by predicting a user’s 
next location. Mobility Prediction (MP) involves 
using patterns in users’ movements from combined 
data to anticipate their next point of call [26].  

Mobility is an inherent characteristic of users in 
mobile networks, however, it introduces 
considerable overhead in mobility management and 
forwarding services to ensure communication 
reliability [25]. Furthermore, MP uses certain users’ 
information or spatial features such as location to 
determine a possible location that a user is likely to 
visit next [2, 11]. The ability of a user to know the 
conditions in his/her next location is an interesting 
problem since this information may provide a 
preventive service in the presence of risky 
circumstances. A good example for mobility 
prediction can be the mobility patterns of taxi 
drivers. Taxi drivers have certain time frames at 
which they habitually move to a certain location. 
Their movement patterns can be attained through a 
set of sensors since each of these taxis are 
connected to a particular network either through 
GPS or other location tracking devices like 
smartphones. These locations may lead to risky 
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consequences for these drivers and their 
passengers because of the amount of 
environmental pollution at these times at these 
locations. Thus, a taxi driver who has been informed 
about potential risks at a particular location thanks 
to the data gathered, may want to reconsider his 
options.  

Despite the obvious usefulness of MP, it still faces 
a number of challenges which include: (1) the 
quality of data - too much noise in data gathered, (2) 
lack of (or inadequate) prediction techniques, and 
(3) anomalies in mobile user’s movements and how 
to curtail these anomalies [16, 19]. These 
challenges are in part due to the kind of data 
gathered, since they are individual groups of data 
coming from different devices that were combined 
together, and as such, mining these data accurately 
is difficult. Data are scattered and using them in their 
raw state could lead to errors and nonviable 
research or application output. Training this data for 
our use is one action that is mandatory and doing 
this will require use of proper tools. In order to help 
solve all these challenges, we intend to use the 
support vector machine (SVM). SVMs are 
supervised learning models with associated 
learning algorithms that analyze data and recognize 
patterns, however it ideally works well under binary 
decision scenarios (i.e., 2-classes). As MP has 
multiple application scenarios, SVM is not a viable 
tool to be used in MP. However, a multi-class 
support vector machine (MSVM) is a good 
candidate that could be used for data mining as well 
as for MP [17, 24]. 

The main contributions of this research are:  
1. The development of a time dependent MSVM 
(T-MSVM) algorithm for decision making in the 
Internet of Things. This is a novel approach to MP 
as we seek to use the user’s timetable to predict 
his/her future locations in the relatively long run. 
This will help them make informed decision with 
respect to their intended location. Furthermore, the 
T-MSVM is a useful algorithm in pervasive 
computing, and it involves the use and processing of 
data gathered from pervasive devices for general 
application purposes e.g., MP. 
2. We utilize a large volume of real data for 
experimental purpose to evaluate the performance 
of T-MSVM. Experimental results show that our 
proposed algorithm introduces 90% accuracy for a 
one week period and over 95% accuracy for a one 
month period predicting user’s next location.  

The rest of this paper is organized as follows. In 
section 2, we discuss the related works. In section 3, 
the problem formulation is introduced and the 
T-MSVM algorithm is described in detail. Section 4 
focuses on the experimentation, and Section 5 
concludes our work.  

2. RELATED WORKS 

Mobile phones and other smart devices, due to 
their being available everywhere, are convenient 
options for tracking and mining users’ positions in 
daily life as they are usually placed in close 
proximity to the users. These devices help track 
user movement and give accurate locations a user 
visited. Although there have been some works on 
MP, long term MP still calls for new, effective, and 
efficient methods.  

In [4], Chen et al employed the use of a multiclass 
SVM as a classifier for training data. This was done 
in order to be able to predict a user’s next cell based 
on channel states. The authors formulated the 
prediction scheme as a classification problem based 
on information that is readily available in cellular 
networks. By using only Channel State Information 
(CSI) and handover history, they performed 
classification by embedding SVMs into an efficient 
pre-processing structure. However their method 
cannot be conveniently used for MP because it 
basically deals with the rate at which a user changes 
its point of attachment to the wireless 
communications infrastructure. This is also seen in 
[5, 6, 18]. 

According to the authors in [9], smartphones can 
learn a behavior model that can predict future 
activities and venues. Personalization is a key in 
some cases as the interest is in anticipating the 
movement of a single user. The authors developed 
a mobility prediction method based on the repetitive 
nature of human mobility. Using the probabilistic 
kernel method, location prediction consists of 
estimating the conditional distribution over the set of 
future locations and modeling those using discrete 
states. The probabilistic kernel method enables 
predicting the possibility of a user’s presence at a 
given location at a given time. Another similar work 
was also found in [1]. 

In [8], the authors proposed a framework for 
predicting where users will go and which application 
they will use by exploiting the contextual information 
from smart phone sensors. They used current 
location context to predict the next location of user. 

In [22], the authors introduced a social 
attractiveness factor of sub-regions for every user in 
a mobile crowdsensing setting, and proposed a 
probablistic model to predict the future location of a 
user. Similarly in [21], historical patterns have been 
used to predict the future location of a user in mobile 
crowdsensing setting through a triangulation 
method.  

In [20], the authors reported that identifying the 
stable path helps improve routing by reducing the 
overhead and number of connecting interruption. 
The authors used stable paths because they do not 
degrade the routing quality of service, since route 
rediscovery phase involves a substantial overhead. 
The path stability estimation can be done by 
predicting the future locations of the nodes. The 
proposed method was based on using recurrent 
neural networks for MP. Location prediction is a 



 

case of time series prediction as such time series 
was used to reach their conclusion. 

In [10], the authors predicted user movements 
based on movements in public WLANs. Their 
proposed method involves using a combination of 
multiple similar users for mobility prediction. This 
however may have a shortcoming in terms of 
security of the mobile users since it involves the use 
of public WLANs.  

Lv et al in [23] proposed the use of a 
spatiotemporal predictor and a next location 
predictor to predict a user’s next point of call. These 
methods were combined with user’s living habits for 
prediction to be made. However, this method might 
be challenged due to the fact that the living habits of 
human’s tend to change over time as a result of 
certain factors. Therefore, being able to predict 
users’ next locations based on their habits might be 
challenging in the long run. 

In most of the previous works, the major 
challenges have been reported as accurate data 
gathering, combining such group of data and 
training the fused data. Furthermore, an emphasis 
was placed on using just the previous/present 
location to determine the next location of a user.  

This research, however, focuses on the time 
dimension to predict the future location of a user 
after a few weeks. The idea is basically using the 
user’s previous time table to ascertain their next 
location. 

3. PROBLEM FORMULATION 

User mobility results in location changes. These 
locations are monitored by built-in sensors of mobile 
devices, series of software or location specific GPS. 
At specific times, users move through certain 
locations based on their needs or jobs. The need to 
accurately get the next location based on these time 
frames has led to the development of the proposed 
algorithm, T-MSVM. Using time as a major input 
factor, we aim to predict user’s next location. For 
instance, we can use the T-MSVM algorithm to 
predict where a user will probably be every Monday 
at 12:10:05pm. In order to achieve this, we adopt 
MSVM as a basis and incorporate the time factor 
into it. 

3.1  Basic Definitions 

3.1.1 Linear classifiers 

The data for a two class learning problem consists 
of objects labeled with one of two labels 
corresponding to the two classes. For convenience 
and without loss of generality, we assume that the 
labels are +1(positive examples) or -1(negative 
examples). Given a line of separation, samples to 
the right are positive samples (or examples) while 
samples to the left are negative samples [7]. 

3.1.2 SVM model 

SVMs as indicated in Section 1, are supervised 
learning methods whose main aim is to solve 
quadratic problems using optimization [7]. 
The general SVM model is given as 
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Whereas the decision rule is 
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If D(x) ≥ 0 the decision result is positive, otherwise it 
is negative. 

A decision rule is the basis or function for 
accepting a result or making informed analysis. 

Table 1 presents the summary of the basic 
notations and symbols. 

 
Table 1. Basic Notations 

Notations Definition 

�� Langragian 
multipliers 

�(��, �) Kernel 

�� Vectors 

  �(�) Decision rule 

b Bias 

t Time 

l Location 

��  Weighted vector 

� Arbitrary variables 

3.2 Model Development: T-MSVM 

In this subsection, we describe our proposed 
T-MSVM model and t which represents time is the 
basis for our work. As stated in Section 2, other 
works were based on previous locations for future 
location prediction; this however might be limited 
due to high volume of randomness. But with time as 
the basis, location prediction gets narrowed down to 
time frames for efficiency. To develop this model, 
we intend to extend the 2-class SVM model from 
subsection 3.1.2 above to k class. Hence we have: 
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And the constraints are ��
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Taking partial derivatives of eqn (5), we have 
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Taking the arguments of the maxima of equation (6), 
we have, 
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 Equation (7) is the decision rule for the MSVM. 
Therefore, given a set of user’s locations with 

respect to a specific time, we can find a regular 
pattern between each time and each location. 

Let �(� = �\�) be the probability that a user will be 
at a location at time t; then, 
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The higher �(� = �\�)  is, the more likely the user 
will be at the location. Now, for any t, 
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Equation (10) is the decision rule for the T-MSVM. 
Since our input and output parameters are t and l, it 
is worth mentioning that that l is dependent on t. 
Thus, T-MSVM module is a one-way system. As 
time t is inputted into the system, it produces 
location l as the likely location the user intends to go 
to. For further confirmation, �(� = �\�) is taken and 
the value gives the indication of how accurate the 
prediction is. 

3.3 T-MSVM Prediction Algorithm 

In this section we describe the T-MSVM algorithm 
for mobility prediction. To this end, we use two 
parameters for our research purpose: Time, Tx 

(Input) and Location Lx (output). 
Our goal is to optimally predict user’s next 

location Lx at time Tx based on their previous 
locations Lp at time Tx.  Tx is fixed because we are 
using it as our base parameter. 

This work will be based on two assumptions. This 
is necessary because in the long run users tend to 
move periodically in a certain pattern towards a 
location as seen in the taxi example in Section 1. 
However certain deviations from their regular 
routines should be expected. To treat these 
deviations, we set a margin of deviation cap to 
check the level and rates of deviation. If the 

deviation occurs regularly and within the margin of 
deviation, we can add it to the frequent movement 
pattern, otherwise we discard it. The assumptions 
are: 

a) Users movements are random, however in the 
long run they move in a certain (regular) pattern. 
b) The margin of deviation is 0.05% whenever 
their movements become regular in the long run. 

In order to predict, we need first to make the 
dataset useful. Because, the dataset, that could be 
a set of GPS coordinates or general information of 
users collected over a sensor network or via smart 
device, might have lots of not useful information in it. 
This naturally occurs because every user is 
associated with a spatial feature. For example 
home, school, work place etc, and anomalies in their 
access to these spatial features should be 
expected. As such, it is necessary to eliminate this 
unwanted information. This is done by setting 
parameters and time frame limits, directional limits 
or even spatial limits.  

Next, we initialize D(t) and tx as this sets us on the 
path for prediction. Also, we let u represent a user in 
a pool of users and let lx represent the respective 
locations of the user at respective time, tx. It is quite 
possible for a user to deviate from his habitual 
schedule at time tx, hence the reason for �(� = �\�). 
�(� = �\�) helps ensure the accuracy of predicted 
location. Below (Algorithm 1) is the pseudocode for 
the prediction stage. 

 
Algorithm 1 Prediction Algorithm 

Input: Time 

Required time is the current time 

Output: Location 

Initiate data training 

If data is clean then 

store as clean.data 

else if Data is still noisy then 

Re – train 

end if 

Initialize D(t) 

Initiate tx 

for each uϵ{U} do 
enter tx into D(t) 

for each tx get lx do 

for each lx do 

Compute P(l)  

If P(l)> 0.50 then 

lx is the next location 

else if P(l)≤  0.5 then 

Discard lx 

end if 

end for 

end for 

end for 

End prediction process 



 

For each user u in the set of users, inputting tx in 
to D(t) will give a set of possible locations the user is 
likely to be present at that particular time. While 
doing this, p(l) is calculated and compared against 
the threshold. If it is greater than the threshold, then 
lx is the next possible location. 

3.4 Advising Algorithm 

The T-MSVM system has useful applications in 
that a proper use of its outcome can help in effective 
decision making. 

Applying the T-MSVM involves the use of 
information/data from the smart devices and also 
the prediction outcome. A user is advised to 
proceed if the intended location is deemed fit or 
good enough, or is advised to be cautious. The 
pseudocode is presented in Algorithm 2. 
 

Algorithm 2 Advising Algorithm 

Input: Time, location 
Output: Advice 

Get clean.data 
Get user.predict 
If Location is safe then 

advice user to proceed 
else if Location is unsafe then 

Advice user to be cautious 
end if 

 
The location data is the input in this case, while 

the advice serves as the output. When we obtain 
clean.data, the already refined data is called up and 
made active. The get user.predict activates the 
already predicted mobility pattern and makes it 
available for use. Since both clean.data and 
user.predict run concurrently, the intended location 
is keyed in. The next line of command starts the 
loop. Should the intended location be safe, the user 
is advised to proceed otherwise, they are advised to 
go other way. 

4. EXPERIMENTAL RESULTS 

The dataset we used was from a southern city of 
China. Information in the dataset includes 
directions, latitudes and longitudes, vehicular speed 
and time. These are the attributes that we used with 
time being the main attribute. However, we used a 
time period of one month in our experimental setup. 
This is a large pool of data (over 30 Gigabyte) as 
adequate training is required so as to get quality 
information from the data. In the dataset, the 
number of instances is 40,216 and the number of 
attributes is 10. We thus reduced our sample size to 
2000 (by random sampling) for quality rendition of 
the experiment. Another reason for using a sample 
size of 2000 is due to a limited time constraint to 
consider the entire set. However, we intend to 
expand the sample size in subsequent works. 
Meanwhile, we used 5 attributes out of the 10 
attributes as these five were the required ones for 

the algorithm. These attributes are car id, rec time, 
latitude, longitude and direction. 

 

 
Fig. 1 Latitude vs. longitude: direction. 

 
 
 

 
Fig. 2 Latitude vs. Longitude: CarId 

 
 
 

 
Fig. 3 Latitude vs. longitude: Rectime 

4.1. Experiment 

First, we preprocessed the data by discarding 
irrelevant information that was not helpful for our 
purpose. For example cars with static status during 
data generation and those that are immobile. 
Ambiguous date/time renditions were also 
eliminated. Next, using the libsvm package in 
WEKA and applying the 10 folds cross validation, 
we were able to reduce the data to a more usable 
and quality size. We later obtained a visualization of 
the data as seen in Figures 1, 2 and 3. These figures 
present the visualization of the data in terms of 



 

latitude vs. longitude with the colored spots 
representing Direction, Car_Id and Rec_Time 
respectively. Figure 1 shows the location 
actualization in terms of direction, while Fig. 2 and 
Fig. 3 show location actualization in terms of Car_Id 
and RecTime, respectively. The clustered points in 
these figures show a more concentrated area of 
concentration of the taxis. 
The prediction process is based on the 
preprocessed/trained data, and using time as our 
input attribute, we achieved the following results 
shown in 4.2 below. 
 

 
Fig. 4 Predicted Direction at time T. 

 
 
 

 
Fig. 5 Probability of future (for one week and a Month period) 
location at time T. 

4.2 Results and Analysis 

During the experiment, we used rec.time as the 
major attribute since it is the input and through this 
attribute, we discovered that each taxi moved 
towards corresponding location and direction. 
Figure 4 shows a pictorial view of each car and their 
corresponding direction at time T. In fact, for each 
time value we discovered that more often than not, a 
user goes to the predicted location at least 3 out of 4 
times. The blue dots in this case represent each taxi 
and their corresponding directional outlay. 

This confirms that the wider the time frame, the 
higher the likelihood to be at the next location. The 
reason is that a much larger interval leads to a 
higher certainty of visitation. Because, if for 3 
consecutive Mondays at time Time tx, a user visited 
same location, then there is a high certainty that he 

would visit the same location the next Monday at 
that same time. Also, error rate is quite low. The 
mean absolute error and root squared error are 
0.008 and 0.0769, respectively. This is also 
expected as the difference between the predicted 
location and actual location was marginal. One may 
therefore be tempted to conclude that these taxi 
drivers were actually moving towards the predicted 
locations based on the spatial features (home, 
restaurant, client’s home, etc) of these locations. 
While in some instances we noticed a varying 
degree of location actualization, but they were 
discarded as their resultant probability was below 
the required threshold. 

In comparison with the Next Place Prediction 
using Mobility Markov Chains (n-MMC) developed 
by [13], Table 2 presents a comparative study 
between our proposed method and n-MMC. It can 
be seen that for a one-month time frame our method 
has an accuracy of 95% and it took a very little time 
for prediction to be done. While n-MMC has a 
varying accuracy of 70%-95% which is also 
dependent on the value of n. Also, there is no 
existing timing for prediction in n-MMC while ours 
has a time of 0.10s. 

 
Table 2 T-MSVM vs. n-MMC 

Methods Prediction 
Accuracy 

Time to 
predict(sec) 

T-SVM 95% 0.10 

n-MMC 70-95% - 

 

5. CONCLUSION 

This paper proposed a time dependent multiclass 
SVM algorithm, T-MSVM for mobility prediction in 
decision making. This is based on the fact that 
users’ movements are random; however they seem 
to follow a regular pattern in the long run. The 
algorithm has two phases incorporated into it: the 
data preprocessing phase and the prediction phase 
proper. In order to ascertain the accuracy of the 
T-MSVM, probabilities of the location based on the 
time were taken and checked with the criterion. It 
indeed showed that most taxis actually follow a 
usual pattern and turn up at the same location 
based on these times. For future work, we intend to 
further probe into the full use of T-MSVM as a tool 
for mobility prediction in other fields as well as 
develop a stand-alone application for this purpose.  
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