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Abstract—The growing ubiquity of smart-phones equipped
with built-in sensors and global positioning system (GPS) has
resulted in the collection of large volumes of mobility data without
the need of any additional devices. The large size of heterogeneous
mobility data gives rise to rapid development of location-based
services (LBSs). The predictability of mobile users’ behavior is
essential to enhance LBSs. To predict human mobility, many
techniques have been proposed. However, existing techniques
require good data quality to guarantee optimal performance.
In this paper, we proposed a hybrid Markov chain to predict
mobile users’ future locations. Our model constantly adapts to
available user trace quality to select either the first order or
the second order Markov chain. Compared to existing solutions,
our model is adaptive to discrete gaps in data trace. To help us
understanding complex user behaviors, we have also proposed
a technique benefiting both temporal and spatial parameters to
extract Zone of Interests (ZOIs). To evaluate the algorithm’s
performance, we use a real-life dataset from the Nokia Mobile
Data Challenge (MDC) collected around Lake Geneva region
from 180 users. We found a satisfactory future user location
prediction accuracy of 70− 84%.

Index Terms—Mobile analysis, Mobility Prediction, Mobility
Behavior, Location based Services.

I. INTRODUCTION

Extracting meaningful information from collected trace data
of users to determine their movement pattern is an important
part of location-based services (LBSs). For example, to predict
future behavior of a mobile user, mobility predictors rely on
clustering techniques to capture a user’s Individual Zone of
Interests (I-ZOIs) from collected trace data. Intuitively, an I-
ZOI is a city area that is frequently visited by a user and the
user spends considerable time in this region. Typically, LBSs
are using mobility prediction as a means to improve quality
of service by providing context-aware information to users
beforehand.

In recent years, we have seen a rapid proliferation in the
number of services such as Google Now, which proactively
collects rich contextual data, such as Bluetooth/WiFi connec-
tivity, call/SMS log, information about running applications,
to deliver information to users that they may need in daily
life activities. Similarly, Google Maps is a web mapping
service to predict future locations of users based on the
movement history. It is apparent from the above examples that
location based services are thriving, providing a remarkable
opportunity to collect fine grained data about visited places of
users. This source of user mobility offers new possibilities to
tackle established research problems on human mobility.

In this work, the fundamental goal is to formulate the
location prediction problem using a Mobility Markov Chain
model (MMC). We propose a dynamic Markov chain-based
model, which adaptively selects the first-order or the second-
order Markov chain model based on the available trace quality.
We propose a clustering algorithm to discover frequently
visited places by the user and integrate it with a mobility
predictor to predict a user’s future behavior.

The remainder of the paper is organized as follows. Section
II discusses research efforts. Section III presents our system
model and introduces some formal definitions and notations
used in the paper. Sections IV and V discuss the methodology
to evaluate the mobility model and demonstrate obtained
results respectively. Finally, Section VI concludes the paper
by sketching future research directions.

II. RELATED WORK

Understanding human mobility by mining raw GPS logs
has been a long-standing subject in academic research [1], [2].
These approaches rely on clustering user visits to extract hot
spots. The premier research in adapting the data clustering
algorithms for modeling mobility behavior [3] proposes to
iteratively extract hot spots of users. Montoliu et al. proposed a
clustering algorithm [4], where GPS coordinates (latitude and
longitude) are clustered in the temporal domain to detect the
stay points that are used to derive frequently visited regions
using a grid-based clustering approach.

The above techniques use several temporal bounds to clas-
sify a particular region as a cluster. Some parameters include
maximum distance between the collected locations, maximum
and minimum time bound, cluster shapes. However, if we only
take into account the temporal bounds, this leads to some inac-
curacies in estimating the total number of clusters belonging to
a user. As opposed to using only temporal metrics to cluster
the individual regions, we form the clustering algorithm by
benefiting both temporal and spatial metrics (instantaneous
velocity, average velocity) to quantify the correlation between
visited regions.

Regarding the prediction techniques, a majority of existing
works first formulate a mobility model and consequently
use it to make prediction [5],[6]. Numerous map-matching
algorithms-that matches a sequence of location samples to
road network-have been proposed to predict user mobility.
However, most existing map-matching techniques are not al-
ways practicable and need additional services such as network
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connectivity [7]. Such schemes completely ignore the trace
data with poor quality and just consider users with qood
quality of trace data. Our work consists of estimating the
frequently visited locations, where a user spends considerable
amount of time, and then attaining the hybrid Markov chain
model, which adaptively selects from the first-order or the
second order Markov chain, depending on the quality of user
traces to predict future behavior of the users.

III. SYSTEM MODEL

The system overview is depicted in Figure 1. The proposed
system model involves two main layers: Individual Zone of
Interest (I-ZOI) Discovery and Individual Zone of Interest (I-
ZOI) Prediction. The relevant notations and system component
definitions are explained in the following subsections.

Fig. 1: Overview of the System Model.

A. Locations and Places

Mobile devices have the potential to track users’ vis-
ited locations using the Global Positioning System (GPS).
The device regularly collects a user’s raw location logs
as a list L = [loc1, loc2, loc3, ..., locn], where loci =
(α, β, t, v) is a tuple representing a location point in the format
(latitude, longitude, timestamp, velocity). The rest of the
paper uses the notations loc.α, loc.β, loc.t and loc.v for the
location point elements. In addition to GPS coordinates, users’
daily activities consist of some places that they find useful or
where they spend a considerable amount of time. This work
focuses on places, which we refer to Zone of Interest (ZOI)
hereafter.

B. Individual Zone of Interest (C-ZOI) Discovery

Intuitively, an Individual Zone of Interest (I-ZOI) is a cluster
group that is frequently visited by a user. In order to extract
the I-ZOIs of users based on the location history L, we
must first introduce the notations of cluster and cluster group.
A cluster represents a hot spot in an encapsulated area. It
includes a subset of locations with similar temporal (e.g.,
visiting time, visitation repeatability rate) and spatial (e.g.,
speed, acceleration) features. A cluster group is an aggregation
of intersected clusters.

1) Cluster Discovery: Location points with common tem-
poral and spatial characteristics are considered as a cluster.
∆dmax, emax, emin and v ∈ R represent the distance,

maximum velocity, minimum velocity and instantaneous ve-
locity, respectively. In addition, ∆tmin ∈ N is a time du-
ration expressed in minutes. We introduce two functions:
ClusterCentroid ([loc1, loc2, loc3, ..., locn]), to compute the
centroid of visited location points, and Distance ([loci, locj ]),
which measures the Euclidean distance between the two loca-
tions loci and locj . A subset l ⊆ L becomes a cluster if the
following conditions in Equation 1, 2, 3 and 4 are met:
∀loci, loci+1 ∈ l :

Distance (centroid (loc1, ..., loci) , loci+1) ≤ ∆dmax (1)

locn.t− loc1.t ≥ ∆tmin (2)

emin ≤
n∑
i=1

vi
n
≤ emax (3)

@l′ 6= : l ⊂ l′ (4)

A cluster is a 4-item tuple c = (αc, βc,∆r, l), where αc
and βc ∈ R are the latitude and longitude coordinates of the
centroid, ∆r ∈ R is it’s radius, and l ∈ L is the subset of
locations belonging to c. The average of all loc.α and loc.β of
the locations contained in the subset l is the centroid (αc, βc)
of the cluster, which is designated as c.centroid. We introduce
C, the set of clusters extracted from the location log of a user
as C = {c1, c2, c3, ..., cn}. Disjointness of discovered clusters
can not be guaranteed by equations 1, 2, 3 and 4 that is in
turn to explain cluster group construction in next step.

2) Cluster Group Discovery: A cluster group includes a set
of overlapped clusters. Thus, we define equation 5 to check
whether two clusters ci, cj ∈ C are intersected or not.

Distance (ci.centroid, cj .centroid)

− (ci.∆r + cj .∆r) < 0
(5)

A cluster group is a 4-item tuple cg =
(αcg, βcg,∆r, {c1, c2, c3, ...}), where αcg , βcg and ∆r ∈ R,
{c1, c2, c3, ...} ∈ C are latitude, longitude, radius and array
of clusters constituting g respectively. (αcg, βcg) represents
the centroid of the cluster group, which is the mean of all the
clusters formed g, and ∆r must be compared to enclose all
the individual clusters present in g. G contains the n cluster
groups belonging to a user as G = {cg1, cg2, cg3, ..., cgn}

3) Individual Zone of Interest (I-ZOI): An I-ZOI refers
to a visited region by a user frequently and during daily
activities. We define two constants minCountThreshold
and maxTimeDifference ∈ N representing the mini-
mum threshold of visits and the maximum time difference
threshold between two consecutive visits, respectively. Then,
CountV isits(cg) is a function that counts the number of clus-
ters included in cluster group cg, and timeDifference(G) is
a function that returns the duration between two consecutive
visited dates of cluster group cg in G. A cluster group cg ∈ G
is transformed into an I-ZOI z if the conditions of Equation
6 and 7 are met:

CountV isits(cg) ≥ minCountThreshold (6)
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timeDifference(G) ≤ maxTimeDifference (7)

An I-ZOI z is a 6-item tuple z =
(αz, βz,∆r, IDzone, {g1, g2, g3, ..., gn} , TID), where αz ,
βz and ∆r ∈ R, IDzone ∈ N and {g1, g2, g3, ..., gn} ∈ G are
the latitude, longitude, radius, Zone-ID and group clusters
becoming an I-ZOI. TID represents visiting dates of the
I-ZOI by each user. The set Z is finally the set of I-ZOIs
of the user such that Z = {z1, z2, z3, ..., zn}. As shown in
Figure 2, the set of discovered cluster groups are depicted
by intersected yellow circles. Finally, the cluster groups that
could satisfy above conditions are considered as I-ZOIs.

Fig. 2: I-ZOI construction from cluster groups of location points.

Distance (I − ZOIi.centroid, I − ZOIj .centroid)

≤ distanceThresold
(8)

C. Individual Zone of Interest (I-ZOI) Prediction

The proposed hybrid Markov model benefits from both the
first-order Markov chain [8] and the second-order Markov
chain. The rationale behind using a hybrid predictor is that the
standard first-order Markov chain algorithms are memoryless
models, which means that the input for the next-place predic-
tion task includes current visited location, current time and the
day of week that the user is in the movement. The second-
order Markov chain model is slightly different. In addition to
current state, it benefits from previous state to predict future
location.

Equation 9 defines proposed hybrid model, in which Zi
represents an I-ZOI with ID i, D indicates the day of the
week (e.g., Saturday), Ti defines the time of the day D (e.g.,
13:22:43 h), and λp determines the future time interval to
predict next movement of the user.

Pr(Zi+1(t+ λp)) =


Pr(Zi+1|Z(t+ λp) = Zi,

D, T (t+ λp) = Ti)
Zi−1 = 0

Pr(Zi+1|Z(t) = Zi−1, Z(t+ λp) = Zi,
T (t) = Ti−1,T (t+ λp) = Ti, D)

Zi−1 6= 0

(9)

IV. EVALUATION

In this section, we present an evaluation methodology to
validate the proposed user mobility prediction model.

1) Dataset: We used a mobility data trace collected during
the Nokia Mobile Data Challenge (MDC) [9]. This dataset
includes rich context information from the mobile phones for
around 180 users around the lake Geneva region in Switzerland
from October 2009 to March 2011. It includes Global Posi-
tioning System (GPS) information, running applications, chat
records, calling records, etc. However, for mobility prediction,
we are only interested in GPS location information, which
are more than 10 million location points. For each user, we
separated available data into two parts: the first part is the
learning data set (L) and the rest is the testing data set (T ).
The learning data set includes the first 70% of user data. It is
used to drive the states for both algorithms and to determine
their transition probability matrix. The testing data set T
contains the last 30% of the traces, which is used to test and
evaluate the accuracy of the proposed prediction algorithm.

2) User Trace Quality: Different behaviors of users lead
to different trace qualities. Some users carry the smart-phone
all the time. However, some others forgot to carry the devices
or had to charge them, such that data recordings are non-
continuous. As learned from our previous experiences [10]
[11], the number of valid states (with a time stamp and I-ZOI
ID) in the drived hybrid Markov chain for each user depend
on the quality of data trace in each day. Therefore, we first
classify the dataset into two groups (good or poor quality)
based on the number of recorded instances during the whole
data collection period. We choose five users with good quality
of trace data (e.g., 500000-400000 records) and five users with
poor quality of trace data (e.g., 250000-350000 records).

3) Evaluation Metrics: Prediction accuracy measures the
accuracy of the location prediction algorithm. We randomly
select 10% of the states out of all the Markov chain states
(e.g., states from 9 AM to 11 AM) derived for each particular
weekday from the training data set L for each user. Afterwards,
the prediction algorithm is performed for each of the selected
states to estimate the possible future visited I-ZOI(s) for
mobility prediction in the next λp minutes. These states have
been chosen as random testing points. We check the transition
probability for states during the same period of time in the
testing data set T as well. Afterwards, the Mean Absolute
Error (MAE) of the possible transitions of the corresponding
testing points is calculated according to Equation 10.

MAE =
1

N

N∑
i=1

| PriL− PriT |, Accuracy = (1−MAE)× 100 (10)

4) Experimental Settings: We describe the experimentation
parameters of the discussed clustering and mobility prediction
algorithms. In order to determine the parameters we analyze
traced data for users with at least 10 months duration of
collected data. Then, we read the data-points sequentially
according to the recorded time stamps. Table I shows the
experiment parameters and the associated values in our as-
sessment.

V. EVALUATION RESULTS

1) Mobility Prediction Accuracy Results: This subsection
details the prediction accuracy results of the proposed hybrid
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TABLE I: Experiments parameters.

Parameter Definition Value
∆dmax Maximum Euclidean distance between centroid of

location points and next location
60 m

∆tmin Minimum time threshold of staying in each location
point

15 min

emax Maximum instantaneous velocity threshold 50 m/s
emin Minimum instantaneous velocity threshold 0
minCountTh Minimum number of visits of each cluster group 60
maxTimeDiff Maximum time difference between two consecutive

visits of a cluster group by a user
24 h

DistanceTh Maximum Euclidean distance between two I-ZOIs 500 m
λp Time threshold for hybrid-MC algorithm 1 min

Fig. 3: Prediction accuracy for users with good quality.

Fig. 4: Prediction accuracy for users with poor quality.

predictor and the first order and the second order Markov
chain.

Figures 3 and 4 show the prediction accuracy of different
MMC predictors for users with good and poor quality of
mobility traces. We define two categories of quality depending
on the number of instances recorded in a user’s movement
traces. We randomly choose 5 User IDs (5973, 5928, 5993,
5977, 5925) from the group of good quality trace data, and
5 User IDs (6177, 5927, 5969, 6037, 5961) from the group
of poor quality trace data. As we can see from Figure 3, the
hybrid predictor can deliver an average prediction accuracy
over all weekdays and weekends of nearly 83% for User-ID
5928. Moreover, it can be observed from Figure 4 that the
estimated accuracy is improved significantly when the hybrid
predictor used for users with poor quality trace data. For
instance, it delivers an average accuracy of 63% for User-IDs
6177 and 5927. The results clearly demonstrate that the hybrid
predictor outperform others, while using the traced data with
either poor or good quality.

VI. CONCLUSIONS
With the explosive growth of location-based services on

mobile devices, predicting users’ future locations is of increas-
ing importance to support proactive information services. In
this paper, we introduce a hybrid predictor to estimate future
locations of a user. Further, we propose a technique to discover
hot spot regions for users by relying on spatial and temporal
constraints. The achieved results over real world mobility
traces validates our proposed algorithms, which achieve more
than 81% correct predictions for users. For future improve-
ments we will focus on predictability of users congestion in
city areas.
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