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Abstract  With the bloom of the Internet and the Location-based Services (ILBSs) as well as the
development of positioning technologies, more and more vehicles are equipped with positioning
devices such as GPS devices, which make it possible to collect and process such an increasing
number of trajectory data. It also raises interest for many researchers to study how to effectively
detect the anomalies in trajectory database as well as maintain the efficiency when the data volume
grows larger. This paper analyzes abnormal vehicle trajectory detection literatures at home and

abroad and finds that in the current literature, the trajectory anomaly detection research can be
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divided into three categories: metric-based approaches, statistics-based approaches as well as
supervised and semi-supervised learning-based approaches. However, after making a comprehensive
discussion and analysis on the correctness of trajectory representation, the performance on sparse
data and the feasibility among the existing approaches, we find that these above approaches all
have disadvantages. For the metric-based approaches, the computation cost will be growing with
the increase of data volume. Moreover, they cannot fully characterize the trajectory since only
distance and density features are taken into consideration. The statistics-based approaches highly
rely on the historical data which means that the performance will suffer a large drop when the data
sparsity occurs. While the problem of supervised and semi-supervised learning-based approaches
lay on the troublesome and impractical manual annotation. Motivated by the disadvantages of
existing works, this paper proposes a Markov Decision Process (MDP) based trajectory anomaly
detection approach in the road network space, and this architecture can be divided into three
phases: preprocessing, offline training and online detection. In the preprocessing phase, a hidden
Markov model based approach is adopted to convert the spatial trajectories into the sequence of
road segments which are based on the origin and destination. In the offline training phase, the
MDP model is adopted to model the routing behavior of drivers. As for the reward function of
road segment, it is delicately designed to fit the anomaly detection in the road network space.
And the Bayesian inverse reinforcement learning (BIRL) algorithm along with the Markov Chain
Monte-Carlo (MCMC) sampling approach is leveraged to learn the reward function by the historical
trajectory data. In online detection phase, it computes the abnormal score from the output of the
MDP model and judges whether the trajectory is an anomaly based on the threshold given by the
user. At last, extensive experiments are conducted by using real world dataset which is generated
from a city called Porto. In addition, two approaches, namely iBOAT and MEX are implemented
as baselines. The proposed approach of this paper achieves 99.3% for NDCG metric which
outperforms the baselines. What’s more, the approach only cost 0. 012ms for online anomaly
detection while the baselines are several hundreds to thousands much slower. And in the experiment
of sparse data, the approach shows the strong robustness against data sparsity in contrast to the
significant performance drop of baselines. Finally, the case study further justifies the correctness
of the reward function estimated by the model and the modeling for driving behavior.

Keywords anomaly detection; trajectory computing; Markov decision process; reinforcement

learning; location-based services
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A
Background

This paper mainly focused on the field in the research on

detecting the anomaly trajectory given its origin and
destination information based on the road network. This field
belongs to a classical problem in the field of data mining,
called outlier detection. Outlier is regarded as a data object
that is grossly different from or inconsistent with the remaining
set of data. And there have already many outlier detection
algorithms reported in the literature. Despite its importance.
it is until Knorr tried his first attempts in 1998 that anomaly
trajectory detection attracted attention of the public. Previous
studies in detecting anomaly trajectory can be classified into
three methods: utilizing distance or density of trajectories to
detect anomaly, directly or indirectly doing statistics on the
number of trajectories, transforming trajectories into the
feature space to compute their “distance” through model and
then classifies the normal ones and anomaly ones. However,

as already stated in the previous paper, they have some

limitations such as suffering low efficiency, lacking in specifi-
cation and failure to handle data sparsity problems.

Motivated by this, we propose an abnormal vehicle
trajectory detection algorithm in road network space via
Markov decision process model. Our approach supports
returning the degree of abnormal and even is able to find out
exactly where the abnormal behavior occurs. We conduct
comprehensive experiments via real world taxi trajectory
dataset. The results show that our approach outperforms
current work not in both efficiency and effectiveness when
the dataset is dense. We also conduct experiment with
respect to long-trip data sparsity, the result again justifies
the robustness of our approach.

This paper offers an extensive view on detecting anomaly
trajectory, and we also provide a new perspective that will be

helpful to the future researches in this field.





