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Abstract Predicting the future movement of mobile users has emerged as an
important technology topic in many applications related to intelligent trans-
portation systems (ITS) and Location-based services (LBS). Numerous predic-
tion models were proposed relying on probabilistic models (e.g. Markov Chain)
or data mining techniques (e.g. neural network, sequential patterns mining).
Mining sequential patterns and rules is one of the data mining techniques
used. Mining sequential rules from sequence databases is an active research
topic that is broadly applied for many real-world scenarios. In this paper, we
propose to adapt a novel kind of sequential rules called partially order sequen-
tial rules for route prediction problem. We aim to further compare this kind
with standard sequential rule for the task of mobility prediction. An exper-
imental evaluation conducted on real and synthetic datasets show that the
proposed model outperforms a state-of-the-art sequential model in terms of
accuracy and prediction coverage.

Keywords Route prediction - ITS - LBS - Partially-ordered - Sequential
rules mining

1 Introduction

Nowadays, predicting future movements of vehicles is of great importance for
many applications including improving the quality of intelligent transporta-
tion systems by providing real-time traffic data and thus allows predicting
congestion levels and trip durations. In other words, the prior knowledge of
the future movement of vehicles enables estimating future congestion levels
and upcoming traffic hazards. Another application is optimizing hybrid fuel
consumption. Researchers from Nissan have shown that a hybrid fuel economy

Département informatique
Université Kasdi Merbah, Ouargla, Algeria
E-mail: hanane.amirat@gmail.com

144



2 A e
YHHT

by up to 7.8% could be achieved if the route is known in advance [4]. As for
the context of Location-Based services, route prediction can be used for tar-
geted advertising to deliver advertising messages to customers who are likely
approaching areas of interest.

Route prediction consists of finding the future road segment for a mobile user.
It is mainly based on the assumption that the driving behavior presents a spa-
tial and temporal regularity. For instance, people always tend to take the same
routes from home to work at almost a specific time in the morning. Hence, a
significant number of a person’s trips are repeated, and thus, it is possible to
predict that he or she will take that route.

Route prediction has attracted a lot of attention from the research community
in the last decade. Most route prediction approaches usually consist of using
machine learning techniques such as neural networks or statistical models like
Markov model, probabilistic tree, and Bayesian inference. There are two main
reasons behind the choice of these techniques for route prediction problem.
First, prediction is considered one of the major tasks of data mining. This fact
justifies the wide use of data mining prediction techniques to predict future
routes. Second, prediction is not precise most of the time where prediction is
always performed with a certain probability and confidence, but never reach
100% sure of the prediction. Thus, statistical models have constituted suitable
tools in such problem.

Although these techniques and models have shown good performance in pre-
diction, they suffer from two key limitations. First, accurate predictions using
data mining techniques mainly depend on defining a set of configuration pa-
rameters such as appropriate architecture, function, and input weights such
as the in case of neural networks. Second, most of the proposed statistical
and probabilistic based approaches assume the markovian hypothesis that the
next road segment only depends on the previous segment (in the case of first
order Markov model) or requires building a model that is exponentially large
if more than one element has to be considered (i.e. k-order Markov models).
These assumptions unfortunately do not hold most of the time making route
prediction unrealistic or unpractical in many cases.

To accommodate these limitations, we propose, in this paper, to design a
route prediction approach based on sequential rules mining. Predicting using
sequential rules occurring in a set of training sequences has the advantage of
being unsupervised, scalable, noise-tolerant to generate accurate predictions.
Moreover, identifying sequential patterns are only order-dependent, meaning
additional sets of items could occur between the identified sets without conse-
quence as long as the sets are in that order. The technique is also more robust
to noise in terms of still being able to identify the underlying pattern. For ex-
ample, let us suppose a frequent sequential pattern P=ABC with a frequency
=3. If there exists an item d which has occurred as noise ABdC, the frequency
of the pattern P will increase by one resulting a new value (4 =341) without
an effect of noisy data. Thus, this technique may be useful for uncertain and
noisy data. This fact has motivated us the use of sequential patterns for un-
certain data such as GPS collected and used for route prediction.

145



Title-Sw d-Dx +to—Fs¢ 1o Lenoth
e TV

qo

BP 3
Tre—oUppressea—1ue—+t01X€eess HEREHT

In the context of route prediction, sequential rules mining has been applied
in [10] as a core for their prediction model. One drawback regarding this ap-
proach is that the idea has been well presented, however; the performance of
their proposal was not experimented to study the effectiveness of the approach.
Moreover, this approach is generally too specific and restrictive in terms of the
order required for visiting locations (they are order-dependent). Hence, a small
variation in the order of locations visited by a user may lead to different pre-
dictions or the inability to make predictions. For instance, a set of persons
(e.g. students) may tend to visit the same places in a city but the sequential
order may be slightly different for different persons. Thus, prediction using
standard sequential rules may fail if the order of locations visited by a person
does not match any of the extracted sequential patterns.

In this paper, we improve on the approach in [10] by adapting a new kind

of sequential rules named partially-ordered sequential rules (POSR) [7] for the
task of mobility prediction. This kind of sequential rules has proved to greatly
improve prediction accuracy while requiring a smaller training set accuracy
for the task of webpage recommendation for large clickstream datasets in [5]
comparing to the standard sequential rule. The distinctive characteristic of
POSR compared to standard sequential rules is that it maintains the occur-
rence order of all the set of items (i.e. location) in the antecedent of the rule
that comes before all the set of items in the consequent while it tolerates the
order variation among the set of items in the antecedent and consequent of
the rule. Consequently, POSR rules are considered to be more general than
standard sequential rules where several standard sequential rules could be rep-
resented by a single partially ordered sequential rule.
The remainder of the paper is organized as follows. Section 2 gives some defini-
tions related to our prediction problem and presents a literature review of many
existing proposals. Section 3 provides formal definitions required for sequential
rule mining and presents partially-ordered sequential rules we are using in this
paper. Section 4 describes the architecture of the prediction framework. The
evaluation of the proposed model and the experimental results are reported in
Section 5. Finally, we conclude our work and give some future works in Section
6.

2 Preliminaries

In this section, the definitions of the key terms required for the comprehen-
sion of our approach are provided and the problem addressed in this paper is
formulated.

— Definition 1 (Road segment). A road segment with a unique identifier
rs; is represented by a unidirectional edge between two nodes (junctions)
[14].

— Definition 2 (path, mobility or movement pattern). A mobility pattern is
an abstraction of vehicle locations. A mobility pattern P = (rsy,rss,,rs,)
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Table 1 A sample of mobility sequences of vehicles.

Vehicle ID  Mobility Sequence

i rSQTS2,TS3,TS4,TS6
Va rS81,7T82,783,TS5

V3 82,786, TS7

Va r82,7T83,7S4,TS6

can be defined as the sequence of road segments traversed by a vehicle
during its trip in a specific geographic area within a given map. For in-
stance, Table 1 depicted a sample of mobility pattern of four vehicles
V:V1,V5,V3, V4. Each vehicle has its own trip expressed by road segment
identifier rs;. For example, the vehicle V5 has traversed the road segment
rs1 followed successively by rsg, rs3 and rss.

— Definition 3 (Route prediction problem). Given such a mobility pattern
P = (rsy,rsa,...,Tsy,), the future route prediction problem is to predict
the road segment route that the vehicle will arrive at next.

3 Related work

To predict the future route for a mobile user, several techniques such as data
mining, statistical models, and trip matching have been proposed in the liter-
ature.

3.1 Statistical models

Most of the proposals relying on the use of statistical models (first-order
Markov [11], variable-order Markov [16], Hidden Markov [13],etc.) are based
on Markovian assumption. For instance, and to perform personal route pre-
diction, the researchers in [15]have adopted a first-order Markov chain model
to build a probability transition matrix containing the probability associated
with each link. To deal with fast-growing personal mobility data and chal-
lenges in real-time in-vehicle application, data reduction algorithms on the
probability matrix have been proposed. The main drawback of this approach
is that the dataset used to validate the work contains just one driver which
is insufficient to represent the accuracy approved in their work. The authors
in [12] have proposed three prediction models (1) statistical model based on
mining frequent itemset (2) n-order Markov model where nj4 (3) and a Pattern
Matching Model adapting Markov model by easing constraints of the number
of previous items to be considered in n-order Markov. The best accuracy has
been reported by the second model with 70%. As previously mentioned, the
main drawback of Markov models is their assumption that the next route for a
driver only depends on the actual current route which is not always the case.
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However, considering more than one element requires building an exponen-
tially large model (i.e. case of k-order Markov).

3.2 Data mining

For route prediction problem, data mining techniques have been applied as
the core component of the prediction approach such as neural network, se-
quential pattern mining in [9]. Two architectures of neural network have been
employed feed-forward [17] and recurrent bidirectional [2]. In [2], the authors
have designed a system to predict the destination of a taxi based on the begin-
ning of its trajectory and associated meta-information such as the departure
time, the driver identifier, and client information. A recurrent bidirectional
neural network has been applied to encode the representation of the taxi’s
prefix with associated metadata, whereas the mean shift clustering technique
has been used to get clusters of destinations of all the training trajectories.
Yet, accurate prediction basing on a neural network requires defining a set of
input weights, reward function, and suitable architectures that is not a trivial
task.

Besides, mining sequential rules from sequence databases is an important and
active research topic with broad applications, such as customer shopping trans-
action analysis, mining weblogs. Many approaches have been proposed to pre-
dict the next route of a person using sequential pattern mining. For instance,
the researchers in [3] have applied a mining algorithm called CRPM (Contin-
uous Route Pattern Mining). The latter is based on the well-known sequential
pattern mining algorithm PrefixSpan [8] to extract route patterns from his-
torical movement data and prediction relies mainly on a pattern tree built
from these patterns. In [3], the authors have attempted to predict simulta-
neously the intended destination and the future route of a person. From real
GPS data, the authors have proposed to cluster important places the user may
depart from or go to using FBM (Forward-Backward Matching) clustering al-
gorithm. Trajectories are abstracted and then extract the movement patterns
using an extended CRPM algorithm. Important factors that must to be con-
sidered and fixed when mining sequential patterns and rules are (1) threshold
value needed for pattern extracting and (2) the confidence associated with
generated rules.

The closer work to our proposal is presented in [9] where the authors have
proposed several communication schemes to collect historical vehicular paths.
After collecting all the paths and determining the minimum support thresh-
old (minsup), the most frequently traveled vehicular paths can be extracted
and used as vehicular movement patterns. Relying on a minimum confidence
threshold (minconf), a set of sequential rules are generated from the extracted
patterns and used to forecast a vehicle’s future route.
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4 ParPredict: a partially-ordered sequential rules for mobility
prediction

To address the problem of route prediction, this article proposes to adapt a
newly proposed algorithm for mining partially order sequential rules. In this
section, we first define some key terms related to POSR mining followed by
the architecture of our ParPredict framework.

4.1 Definitions

— Definition 1 (sequence database). A sequence database SDB is a set of
tuples of the form jid,S;, where S is a sequence identified by an identifier
id. For instance, Table 1 represents a sample of a sequence database of
the form < V;,rs > comprising the sequence rs of the set of road segments
traversed by the set V' of vehicles.

— Definition 2 (mobility sequence and mobility subsequence). Let RS= rsy,rsa,
...,7Sy, be a finite alphabet of items (symbols here also called road seg-
ments). A sequence S=(rsi,rsa,...,rs, is an ordered set of road segments
rsk € RS. A sequence S’ = (rs;,rsj41,...,75g) is said to be a subsequence
of S if and only if there exists j < k < n. For instance, consider the se-
quence of database of table 1, the sequence < rs1,rss > is a subsequence
of three sequences of vehicles Vi, V5, V.

— Definition 3 (Sequential pattern and frequent sequential mobility pattern,).
A sequential pattern is defined as a subsequence of many sequences in the
sequence database. A frequent sequential pattern is a sequential pattern
X that is repeated a number of time over the total number of sequences
that exceeds a predefined threshold minsup (support(X) > minsup). For
instance, the sequences S7 :< rs1,7s2 > and S2 :< rs3,rsy > are two
sequential mobility patterns, however, only < rs1,rse > is frequent if min-
sup=3.

— Definition 4 (Sequential rule). A sequential rule SR : X = Y is the
relationship between two bility patterns X, Y C RS such that X NY =0
and X,Y # (). X is called the antecedent whereas Y is the consequent of
SR.

— Definition 5 (Support). The support of a pattern X is defined as the
number of sequences from SDB where the items of X occurs, divided by
the number of sequences in SDB.

— Definition 6 (Confidence). Given SR : X = Y a sequential rule, the
confidence of SR is computed as:

Support(X UY)

Conf(SR) = Support(Y)

— Definition 7 (Partially-ordered sequential rule). Let PR : P = L be a
sequential rule. PR is said to be partially ordered if the items of P occur in
a sequence (in any order), the items in L will occur afterward in the same
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Fig. 1 Architecture of ParPredict.

sequence (in any order). In other words, the requirements of a sequential
ordering inside the antecedent X and inside the consequent Y of the rule
are ignored but the requirement of a sequential relationship between the
antecedent and consequent of a rule is preserved

4.2 Framework Architecture

As depicted in Figure 1, ParPredict consists of two key steps: pre-processing
(or data preparation) and prediction.

4.2.1 Pre-processing (data preparation)

In this pre-processing step, ParPredict generates the movement sequence database
to be employed in prediction. In our case, two types of mobility datasets were
used: synthetic and real GPS mobility data.

— Synthetic dataset.Using a SUMO (Simulation of Urban MObility) sce-
nario that contains the ”.rou” file that defines the realistic route description
and the ”.cfg” configuration file, ParPredict first generates the vehicles’
mobility trace. It then cleans the trace using python programs to remove
useless information in order to get and only preserve the path of each vehi-
cle. The output of this step is a set of route segment ID traversed by each
vehicle (i.e. mobility patterns).

1. Generate the mobility dataset. By executing a python script (net-
workdump.py) to the SUMO configuration file (.cfg), an XML output
file containing detailed information about each vehicle (edge ID, lane
ID, etc.) for each timestamp is generated.
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Fig. 2 Outline of SUMO dataset generation.

2. Cleaning the dataset. To clean movement data, a python script that
parses the set of road segments traversed by each vehicle from the XML
output file of the previous step is executed. Then, a java program is
applied to clean the data from repeated consecutive road segments.

Finally, the resulted data are converted into the SPMF [6] library format.

Figure 2 illustrates how ParPredict generates mobility sequences from a

SUMO scenario.

— GPS dataset.As for realistic GPS data, ParPredict adopts the steps pre-

sented in [1].

4.2.2 Prediction

To perform prediction with sequential rules, two steps are needed to be per-
formed (1) POSR rules mining, and (2) Prediction.

1. Sequential rules mining. Given a sequence database and the minsup
and minconf thresholds, a set of partially ordered sequential rules having
a support and confidence respectively higher than minsup and minconf is
generated. To predict the next road segment, we only consider sequential
rules with a single item in its consequent.

2. Prediction using extracted sequential rules. The extracted rules are
used, in this step, to predict the next sequence’s road segment that will fol-
low a testing sequence T's. This phase consists of two sub-steps: (1) Match
T's with the antecedent of all the extracted rules and, (2) perform predic-
tion by selecting one of the matching rules. A rule R is selected according to
the score defined in [5] as Score(R) = (c1conf(R)+ cosup(R)) x length(R)
where conf(R), sup(R) and length(R) represents, respectively, the confi-
dence, the support and the number of items contained in R that match
with Ts. Whereas ¢, co are two constants fixed in the experimental test
and that have generated the best results. Once the best rule is selected, its
consequence is returned as the future road to be traversed by a vehicle. For
sake of illustration, let v; be a vehicle that has traversed the road segment
rSa, rs3. By supposing that the rule rss,rs3=rs, is the best matching rule
generated in the mining process, the prediction module gives as output the
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road segment s, as the susceptible road segment that a vehicle will pass
through.

5 Experimental Evaluation

We have conducted a comparative study between partially and standard se-
quential rules. This section explains the experimental settings and discusses
the obtained results.

Experimental setting This section describes the experimental study we have

conducted to evaluate the performance of ParPredict framework and compare
it with the system proposed in [9]. For sake of simplicity, we call the lat-
ter StandPredict. The evaluation experiments were performed on a computer
equipped with a Core i7-4500 CPU, 16GB of RAM, and 1TB of Hard Disk.
Java implementations the RuleGen [18] and TRuleGrowth [5] sequential rules
mining algorithms were used. To well measure the performance of our pro-
posal, the synthetic trace called Lust and the realist taxi driver datasets were
used. Lust is a large-scale vehicular mobility model that allows generating ve-
hicle driving traces based on real traffic volume counts and Luxembourg map.
This mobility trace is available as a SUMO scenario and it is prepared as pre-
sented in section 4.2.1. The taxi cabs dataset comprises the GPS coordinates
of approximately 500 taxis collected over 30 days in the San Francisco Bay
Area. To generate mobility sequences from this dataset, the steps presented
in [1] were followed.
Each dataset is randomly divided into a training set and a testing set by set-
ting a training ratio parameter. The training set is used to generate sequential
rules that are used thereafter to perform prediction for each testing sequence.
In all the conducted experiments, the training ratio is set to 0.7 (70%).

5.1 Evaluation metrics

To measure the performance of ParPredict, the two following metrics widely
employed for prediction proposes, are used.

— Qwverall Accuracy. It can be defined as the number of future routes suc-
cessfully predicted to the total number of sequences in the testing set.

(Number of successful predictions)

Overall Accuracy =
4 (Number of Testing sequences)

— Coverage. The coverage determines the number of sequences where a
prediction has been performed by the number of testing sequences. This
measure indicates whether a matching rule is found for a mobility sequence
or not.

(Number of matching rules )

Coverage =
g (Number of Testing sequences)
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Fig. 3 Scalability of ParPredict.

5.2 Experiments and results

5.2.1 Experimentl:scalability

In this experiment, we aim to study the scalability of ParPredict by increasing
the number of mobility sequences using TaxiCab and Lust datasets for minsup
and minconf thresholds set both to 10%. As depicted in Figure 3, it could be
found that prediction performance is decreased when the number of training
mobility sequences is increased. This is reasonable because as more location
data is involved, the less frequent are the mobility patterns as more users are
included in data. This finding is well observable with the TaxiCab dataset.
Results also show that ParPredict outperforms StandPredict for all cases.

5.2.2 Experiment 2:effect of varying minsup

Figure 4 exhibits the results obtained in the second experiment that compares
the performance of ParPredict with StandPredict on the TaxiCab dataset for
different minsup values. For both sequential rules mining models, as minsup is
increased, results become worse. This may be due to the fact that by increasing

minsup, less frequent patterns are found but ParPredict gives good results as
POSR tolerate order variations in mobility patterns.
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5.2.3 Experiment 3:effect of varying minconf

Figure 5 checks the influence of varying minconf threshold on performance.
From the results, it can be noticed that increasing minconf slightly improves
the performance for all sequential rules mining predictors.

To summarize and from all the above obtained results, it can be concluded
that ParPredict has presented good results comparing to standards sequential
rules mining based models in terms of all evaluation metrics. Besides, due to
the limit of pages number, many experiments were not included in the paper
and they will be a subject of an extended version of this work such as studying
the number of rules generated, the spatial and temporal complexity of both
models, etc.

6 Conclusion

This paper has proposed a mobility predictor system called ParPredict. The
latter is a sequential rules-based framework. It initially mines partially ordered
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sequential rules then employs these rules to predict new locations to drivers.
Unlike standard sequential-based predictors, the proposed framework does not
require a strict ordering of locations in the learned rules that lead to more ac-
curate predictions. The experimental study was carried out using two mobility
datasets. Results have shown that PaPredict has good performance compared
to a state-of-the-art model. For future work, we plan to (1) extend ParPredict
so it considers the temporal factor of mobility, and (2) remove redundancy in
the mined rules by discovering a compact set of rules.
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