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Abstract  Mobile user location predication is critical to efficient data acquisition and message
forwarding in participatory sensing systems. This paper proposes a Social-aware Mobile user
Location Prediction algorithm (SMLP). The SMLP algorithm models application scenarios based
on geographic locations, and extracting social relationships of mobile nodes from nodes” mobility.
The SMLP algorithm preliminarily predicts node’ s mobility based on the Markov model, and then
amends the prediction results using location information of other nodes which have strong rela-
tionship with the node. Two algorithms, SMLP, and SMLPy, are proposed based on the Markov
model and the weighted Markov model, respectively. Finally, the UCSD WTD data sets are
exploited for simulations. Simulation results show that SMLP, acquires higher prediction accuracy

than the Markov model. SMLPy achieves more accuracy on prediction compared with SMLP, , and
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obtains comparable prediction accuracy with order-2 Markov model while presents extra lower

algorithm complexity. Due to the introduction of weighting coefficients, both SMLP, and SMLP

demonstrate high flexibility.
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Background

Participatory sensing is a new sensing technology, which
emphasize that people participate in the sensing process.
People can sense and record environmental or social informa-
tion by carrying or wearing sensing equipments or smart
phones. In participatory sensing systems, mobile equipments
are usually weakly connected. Due to uncertainty of connec-
tion, nodes sometimes need encounter opportunities to accom-
plish data communication and transmission. If the location of
mobile nodes can be predicted ahead of several time slots, the
service quality and efficiency of the system will be remarkably
improved.

In this paper, a location prediction algorithm named the
Social-aware Mobile wuser Location Prediction algorithm
(SMLP) is proposed. Social relationship between mobile
nodes is exploited to optimize location prediction. It first
models the network based on geographic locations, and then
use Markov model to characterize evolution of the application.
Two algorithm variations, SMLP, and SMLPy, are proposed
based on the Markov model and the weighted Markov model,
respectively. Social-relationship between nodes is exploited for
optimization and amendment of location prediction. The UCSD
WTD data set is used in both the learning phase and the
prediction phase. From simulation results, the algorithm
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introduced and makes the algorithm more scalable.
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One of main tasks of the abovementioned projects is to
investigate mobile nodes’ behavior in participatory sensing
systems. Some published papers were focusing on node
mobility model, opportunistic networking and data dissemi-
nation in participatory sensing systems and related applica-
tions.

This paper highly addresses the mobility model of nodes
in participatory sensing systems, and proposes the mobile
node location prediction algorithm based on social relationship
between mobile nodes. The algorithm is used for opportunistic
connection and data forwarding of mobile nodes. It is beneficial
to use social relationship for improving location prediction

accuracy in participatory sensing systems.



