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Abstract. Predicting users’ mobility trajectories is significant for ser-
vice providers, such as recommendation systems for tourist routing,
emergency warning, etc. However, the former researchers predict the
next location merely by observing the past individual trajectories, which
usually performs poor in the accuracy of trace prediction. In this paper,
POIs (Points of Interest) information is used to adjust the weight param-
eters of the predicted results, and the rationality and precision would be
improved. The cellular towers are firstly classified into seven types of
functional area through POIs. Then the target user’s next possible func-
tional area could be speculated, which acts as a supervision of the ulti-
mate prediction outcome. We use the DP (Dirichlet Process) mixture
model to identify similarity between different users and predict users’
locations by leveraging these similar users. As is shown in the results,
the methods proposed above are highly adaptive and precise when being
utilized to predict users’ mobility trajectories.
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1 Introduction

It has been a hot topic of study for human behaviors and locations. Some govern-
ment workers initially used census data to roughly locate the scope of citizens’
movement [1], which cost a lot of time and money. As a result, its practicability
is imprecise. Some researchers used the phone call records to obtain individual
locations [2]. This approach, disappointingly, is seldom put into practice because
of high sparsity between two neighboring phone calls, which results in low
accuracy of users’ location prediction during the time without making phone
calls. The current study mainly focuses on cellular network data [3], which
possesses the following characteristics: (1) frequent accesses within minutes;
(2) improved spatial granularity as a result of the development of cellular
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infrastructure; (3) easily available records which are saved once when interac-
tions between phones and bases occur. Therefore, analyzing cellular network
data or wireless network data facilitates the study of individual trajectories.

Many researchers have conducted researches on user trajectories based on cel-
lular network data or mobile network data. For instance, Bagrow et al. studied
the collective response to emergencies [4,5]. Shibasaki et al. predicted the col-
lective movement of people in rare crowding incidents [6]. Shimosaka et al. took
advantage of Bilinear Poisson regression model to predict population movement
in cities [7]. Some methods of trajectory prediction are roughly similar [8–11],
which merely use the target user’s personal history trajectories to predict the
user’s next most likely position. Long-time phone data from users is applied to
obtain the high accuracy. However, it is hard to collect such big amount of data
in reality, let alone users may conceal their data due to privacy protection, which
results in insufficient data quantity and low prediction accuracy. McInerney et
al. [12] mainly paid attention to resemblance in users’ temporal patterns with
the help of Bayesian mobility model. Jeong et al. [13] proposed an improved
algorithm named Cluster-Aided Mobility Predictor (CAMP), which predicts the
next most likely position of a target user using the historical trajectories of all
users within a certain range. As an advance processing, this algorithm relies on
the clustering techniques to discover the similarity between the user behavior
profiles from the training dat. The limitation of this algorithm is that the data
source is single because it only used the mobile trajectories of users drawing out
from cellular network data. Meanwhile, the method of judgment is also single
when selecting the best prediction outcome. Therefore, another dimension’s data
may be needed in order to aid the prediction.

Points of interest (POI) gathered from the map reflects certain socioeconomic
activity and functional attributes, such as restaurants, playgrounds, schools, etc.
The function type [3] of a certain cell can be obtained by dealing with the POI
information in the cell. Furthermore, human behaviors are also closely related to
these cells’ functions. Recently, researchers have conducted numerous studies on
POI information. [14] and [15] provided personal recommendations to users based
on the POIs of the places users have visited. Carmo et al. [16] solved the problem
of overlapping symbols in POI visualization. Therefore, the mobility trajectories
of the user among base stations can be interpreted as the mobility trajectories
among functional areas, which indicates that this dimension of data regarding
functional areas is suitable to assist the trajectory prediction. Combining the
prediction of the user’s next functional area with the prediction of the next base
station, the rationality and accuracy of the prediction result can be promoted.

Our contributions consist of two aspects:

– To the best of our knowledge, it is the first time to use POIs to categorize
bases and study users’ trajectories in terms of base station types. This step is
crucial in our algorithm since it resolves a challenging problem. Since different
users’ set of locations vary a lot, i.e., the range of one person’s movement have
little overlap with that of another person’s movement, discovering parallelism
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among users is difficult. However, if we map bases into 7 functional types of
bases, the similarity of human mobility pattern is easier to identify.

– In addition, it is the first time that the CAMP algorithm is applied to users’
mobility trajectories among bases as well as trajectories in terms of base
types. Judging users’ locations according the prediction of the user’s next
functional area and that of the next base station, the prediction result could
be more accurate and credible.

The rest of this paper is structured as follows. In Sect. 2, the collection of
POI data and processing methods of attaining corresponding function type of
each base station are introduced. In Sect. 3, we transform users’ trajectories by
mapping the base station into base station types and predict the next possible
base station type of a certain user through DP mixture model. The prediction
results and discussions are given in Sect. 4. After showing our prediction results
and discussing our ideas for future work in Sects. 5, the related works from three
aspects are displayed in Sect. 5. We conclude this paper in Sect. 6.

2 POI Clustering

In this section, the collection of POI data and processing methods of attaining
corresponding function type of each base station will be explained in detail.

2.1 TF-IDF Processing

TF-IDF, a statistical method, is utilized to reflect the importance of a word in
a document. The importance of a word is measured from two aspects. On one
hand, the importance of a word is in proportion to the frequency of the word
appearing in the document. On the other hand, it is inversely proportional to
the frequency of the word appearing in the corpus. TF (Term Frequency), refers
to the frequency of occurrence of a word in all words in a file; IDF (Inverse
Document Frequency) is the reverse file frequency, which means the logarithm
of ratio between the total number of files and the number of files containing the
specific word. The idea of IDF is to accentuate the significance of specific words
to categorize documents, and to reduce the importance of commonly used terms
in documents. In other words, if a word frequently appears in a document, the
term may be a commonly used word and is slight when distinguishing different
documents. If a word frequently appears only in one or a few documents, then
the word is likely to be a jargon, in other words, a “label” in a specific field.
Therefore, IDF is a measure of the universal importance of words and reflects
the effectiveness of words to distinguish documents.

The value of TF-IDF is the product of TF and IDF, which can be perceived as
the adjustment of TF by taking IDF as the weight. The purpose of this method
is to highlight important words and deemphasize the secondary words.

POI data can reflect the function of an area and can be attained from API
mapping service providers. However, an area may contain multiple types of POIs
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which makes it confusing. Therefore, preprocessing the data is highly neces-
sary. Among the POI data utilized in this study, there are mainly 21 kinds
of POIs, including: food, hotel, shopping, entertainment, sports, schools, attrac-
tions, tourism development, finance, office buildings, companies, shopping malls,
factories, industrial areas, science and technology parks, economic development
areas, high-tech development areas, residential areas, living services, townships
and villages. Then these kinds of POIs can be grouped into 7 categories based
on the classic functional area classification [17,18]: residential, recreational, com-
mercial, industrial, educational, scenic and suburban areas as showing in Table 1.

Table 1. The POI categories and taxonomies

Number Function Type

1 Residential Residential areas, living services

2 Recreational Food, hotel, shopping, entertainment, sports

3 Commercial Finance, office buildings, companies, shopping malls

4 Industrial Factories, industrial areas, science and technology parks,
economic development zones, high-tech development zones

5 Educational Schools

6 Scenic Attractions, tourism development

7 Suburban Townships and villages

In order to correctly measure the importance of a POI within a cell area, TF-
IDF is performed to process the classified POI information. In the calculation
process, for a given area unit a ∈ A, where A refers to the set of all regional units,
the number of POIs in each POI category is counted, and then we can calculate
the POI vectors: [TF − IDF a

1 , TF − IDF a
2 , . . . , TF − IDF a

i , . . . , TF − IDF a
7 ],

where TF − IDF a
i represents the TF-IDF value of the i-th POI in region a. It

can be calculated as follows:

IDF a
i = log(

A

R
), (1)

TF − IDF a
i = na

i · IDF a
i

Na
, (2)

where R represents the number of regional units that contain the i-th POI in
A; na

i is the number of POIs contained in the i-th POI category in unit a; Na

refers to the total number of POIs in unit a.
The corresponding TF-IDF Vector for each area is obtained, which contains

a total of 7 attribute values, and each value represents the importance of its
corresponding function in this area.
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2.2 K-Means Clustering

The K-Means method is one of the most widely used partition-based cluster-
ing algorithms. Its basic idea is as follows: firstly, a K value is selected, which
represents the number of clustering centroid points; secondly, the data points in
space are allocated to the same category when their nearest centroids are the
same according to Euclidean Distance; thirdly, according to the clustering result,
the position of the centroid of each cluster is updated, and the data points in
the space are redivided to generate K new clusters. The iteration continues until
the centroid position is no longer changed.

After clustering TF-IDF Vectors of all cell area units, then we map the area
units into seven functional types, we can get “base station type” of each cell
area unit. The clustering results are shown in Fig. 1. As can be observed from
the figure, the number of area units marked as “entertainment” is the largest,
accounting for 41.78% of all area units; the total proportion of area units marked
as “residential” and “entertainment” is 68.84%. This clustering result indicates
that the functions of the region we study are biased toward housing and enter-
tainment.

Next, the base stations appearing in the cellular network data can be mapped
to the 7 base station types. The track of the users based on the base station types
can be generated, which may reflect the daily mobility patterns of users. For
example, the track of a user based on the base station types might be: industrial
area - commercial area - entertainment area - residential area. For all users, their
trajectories for base station type may be analogous.
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Fig. 1. The results of clustering POI of base stations
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3 Trajectory Prediction Method Based on Dirichlet
Process Mixture Model

Our goal is to predict the next location for a certain user at a given time on
the basis of POI data as well as all users’ past trajectories. The set of users is
denoted by U. Assuming that the set of locations in all trajectories is L, and its
size is L. The trajectory of a user u is denoted by xu = (xu

1 , . . . , xu
nu), where xu

t

means the t-th location that user u visits and nu means the total length of the
track. xu

nu is where u currently locates. Since we are studying the patterns of
users’ behavior moving from one base to another, we impose xu

t �= xu
t+1. In other

words, two consecutive locations on the user’s trajectory must be different.
Next additional notations are introduced as follows,

nu
i,j =

∑nu−1

t=1
I(xu

t = i, xu
t+1 = j), (3)

where nu
i,j represents the number of transitions for user u from location i to

location j.
Similarly,

nu
i =

∑nu

t=1
I(xu

t = i). (4)

We assume that a user’s trajectory is a order-1 Markov chain. The user’s
trajectory is drawn from the transition kernel θu = (θu

i,j)i,j∈L ∈ [0, 1](L×L) where
θu

i,j means the probability that user u shift from i to j. Thus, the probability of
observing trajectory of user u is as follows,

Pθu(xu) :=
∏nu−1

t=1
θu

xu
t ,xu

t+1
. (5)

We assume that the transition kernels of different users are independently
generated from the same distribution μ. In other words, users’ trajectories are
drawn from the hierarchical model: for all u ∈ U , θu ∼ μ, Xu ∼ Pθu .

Our model is applicable to predict locations of users with rather short tra-
jectories since similarities between different users’ mobile habits are taken into
account. As we know, a few analogous kernels may generate many different users’
trajectories. That is, the distribution μ might be composed of a few clusters. Our
goal is to find these user clusters and to predict individual trajectory based on
all users’ trajectories from the same cluster. Our data includes trajectories of
1000 users, while the total number of base stations is more than 3000. The num-
ber of users is smaller than that of base stations. In order to discover existing
parallelism among users, we transform users’ trajectories by mapping the base
station into base station types. We can better characterize the similarity between
different users.

Bayesian nonparametric inference [19] is adopted in this paper since the
number of clusters is not obtainable before clustering. The number of clusters is
flexible which could increase as input data grow. Thus, the number of clusters
is a posteriori parameter which is updated in the computation procedure.
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In this model, we approximate the distribution μ of transition kernels by
computing g iteratively. When computing g, Dirichlet Process (DP) mixture
model which is applied in the CAMP algorithm proposed by Jaeseong et al. is
adopted. Refer to the work of Jeong et al. [13] for a more exhausted description of
the CAMP algorithm. The procedure of the algorithm is outlined in Algorithm1.

The algorithm of Gibbs Sampler is used to attain independent samples of the
allocation of users to clusters. The algorithm of Update DP algorithm is used to
update two parameters of DP mixture model, α and G0, according to the results
of Gibbs Sampler [20]. These two algorithms are shown as Algorithms 2 and 3
respectively.

4 Simulation Results and Discussions

Our experimental dataset is the trajectories of 1000 users during one week from
a metropolis in China provided by the Ministry of Education-China Mobile
Research Fund “DPI & Pipeline Big Data”. There are totally 3363 base sta-
tions appearing in the trjectories of these 1000 users. According to the locations
of these base stations, we first ultilize Voronoi polygons to obtain their cover-
age area as is shown in Fig. 2 (left). We refer to the base station coverage area
obtained in this way as the Voronoi area of the base station. Specifically, for
any Voronoi area, the Euclidean distance of any point in it from its base station
is always closer than that from other base stations. Then we calculate the area

Algorithm 1. CAMP
Input: xU , K, B, M
Output: θ̂u, x̂u

1: Step 1: Updates of G0 and α
2: function
3: G1

0 ← Uniform (Θ) , α1 ← 1
4: for k = 0 . . . K − 1 do
5: for b = 1 . . . B do
6: cU,b,k ← GibbsSampler

(
xU , Gk

0 , αk, M
)

7: end for
8: end for
9: end function

10: Step 2: Last sampling and prediction
11: function
12: for b = 1 . . . B do
13: cU,b,k ← GibbsSampler

(
xU , Gk

0 , αk, M
)

14: end for
15: Compute θ̂u and x̂u

16: θu = 1
B

∑B
b=1 Eg[θ

cu,b,K

|xcu,b,K

]= 1
B

∑B
b=1

∫
θ θ·Pθ(x

cu,b,K
)GK

0 (dθ)
∫
θ Pθ(x

cu,b,K
)GK

0 (dθ)

17: x̂u = argmaxj θ̂
u
xu

nu ,j

18: end function
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Algorithm 2. Gibbs Sampler
Input: xU , G0, α, M
Output: cU

1: function
2: ∀u ∈ U, cu ← c1, nc1, −u ← |U | − 1; N ← 1; cU = {c1}
3: for i = 1 . . . M do
4: for u ∈ U do
5: cu ← cu {u}
6: βnew ← z α

α+|U|−1

∫
θ
Pθ(x

u)G0(dθ)

7: βc ← z
nc,−u

α+|U|−1

∫
θ
Pθ(x

u)G0(dθ|xc), ∀c ∈ cU\{u}, G0(dθ|xc) =
∫

θi,jPθ(x
u)μ(dθ)

∫
Pθ(x

u)μ(dθ)

8: In the above expressions, z is a normalizing constant selected to satisfy:
9: βnew +

∑
c ∈ cU\{u}βc = 1;

10: With probability βnew do:
11: cN+1 ← {u} ; cU ← cU ∪ {c(N+1)}; N ← N + 1;
12: With probability βc do:
13: cu ← c; c ← c ∪ {u} ; nc, −v ← nc, −v + 1, ∀v �= u.
14: end for
15: end for
16: end function

Algorithm 3. Update DP
Input: xU , Gk

0 ,
{
cU,b,k

}
b=1,...,B

Output: Gk+1
0 , αk+1

1: Compute Gk+1
0 (.) and αk+1 as follows

2: function

3: Gk+1
0 (.) = 1

B

B∑

b=1

∑

c∈cU,b,k

nc,b,k

|U| Gk
0 (.|xc)

4:

5: αk+1 = arg min
α∈R

∣
∣
∣
∣∣

|U|∑

i=1

α
α+i−1

− 1
B

B∑

b=1

Nb

∣
∣
∣
∣∣

6:
7: end function
8: where nc,b,k is the size of cluster c ∈ c(U,b,k), and Nb is the total number of (non-

empty) clusters in cU,b,k.

covered by each base station and also get the corresponding Cumulative Distri-
bution Function (CDF)) curve as is shown in Fig. 2 (right). From Fig. 2 (right),
we can see that 50% base stations cover less than 0.78 square kilometers. By
analyzing the user trajectories, we attain the transition kernels for each user.
Then the probability distribution that all users move among different base sta-
tions is obtained as is shown in Fig. 3. As can be observed, both residential area
and entertainment area are visited most frequently when individuals shift among
base stations. In particular, both educational and scenic areas have a high degree
of relevance to entertainment area. When predicting the base station type of the
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next location of 596 users by cluster-aided mobility prediction algorithm, 310
users are predicted accurately and the accuracy rate reaches 52%. These results
are higher than previous research on mobility prediction.

Voronoi polygons of all base stations
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Fig. 2. All base stations’ coverage area obtained through Voronoi diagram (left) and
the corresponding CDF curve (right)

Issue concerning large population is one of the most challenging problems for
the society today. Recently, the accelerated urbanization has exacerbated urban
problems. Researches about urban population may bring about new insights
for urban problems. It is known that the distribution of population in cities
within 24 h may vary greatly. It is of great significance to foresee the aggregation
of the population concerned in advance since the corresponding early warning
mechanism [21]. which has been put forward will be more effective.

Xu et al. used the cellular network data to estimate Real-time population
[3]. Their idea is to use the number of users connected to base stations sampled
at given time. Then a specific model between the sampled population and the
actual population is established. In the model put forward, the source of the
sample data is exactly the number of connections detected by the base station
at that moment. However, if a user’s device is not connected to the base station
at the sampling time, but actually they are in the base station area, they are
omitted. The location of users who does not interact with base stations may
be estimated, taking advantage of the trajectory prediction method proposed in
this paper. Based on our research, historical cellular data for all users and POI
information can assist the prediction on where a particular user may appear in
the future. Therefore, for those who are leaved out at the sampling time, we
can predict their most likely position. Fusing this forecast data with the sample
data together as the observed data can increase its proximity with the actual
population in the sample data, and the accuracy of the population distribution
estimation may be promoted. Given that all of these data sources are real-time,
predicting the population’s dynamic distribution is highly practical.
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Fig. 3. The transition probability distribution of users from different types of bases

5 Related Work

With the development of the communication industry and the proliferation of
smartphones, an abundance of temporal and spatial information regarding users’
location are accessible to researches and are intensively studied by researches,
which have brought about fruitful insights on human mobility behavior. Related
work from three aspects will be introduced as followings.

5.1 Various Data Types Generated from Smartphones

A variety of data types can be generated from a smartphone, e.g. GPS traces,
connection records generated from Apps, cellular data collected by base stations,
etc. Fang et al. detected popular user mobility patterns by transforming the
GPS trajectories into POI trajectories [22]. Wirz et al. predicted crowd density
and crowd velocity before serious crowding evens occurred with a dataset of
volunteers who reported their surrounding environment periodically utilizing
smartphones [23]. Noulas et al. successfully predicted certain users’ activities by
formulating their communication patterns using their check-in data generated
from a special App [24]. Calabrese et al. proposed a new real-time system to
estimate urban traffic using a dataset of network bandwidth usage records [25].
These data above needs to be collected from certain volunteers through Apps or
GPS sensors on their smartphones, which costs a great deal of time and money,
resulting in small number of attendees and low reliability of human mobility
patterns. By contrast, the real cellular data could be collected by base stations
without installing additional hardware or software on smartphones and they can
provide almost continuous trajectories of enough users with large amounts of
information, which makes human mobility patterns exploiting credibly possible.
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5.2 Researches Based on Trajectories of Users

As more user trajectories are accessible to researches, exploration of human’s
mobility pattern and recommendation of interesting places based on their tra-
jectories are boosted. Isaacman et al. [26] manage to discover important places
of a person according to the individual trajectory. Fan et al. [6] speculate users’
collective movement when encountering unusual crowd incident. Zheng et al. [27]
built a tree-based hierarchical graph (TBHG) model to recommend interesting
locations to users. Yoon et al. [28] propose an algorithm that takes advantage of
multiple users’ trajectories in a city to provide itinerary tour routing for those
who are not familiar with the city.

5.3 Intensive Study on Human Mobility Prediction

As for the methods of trajectory prediction, Zonoozi et al. [29] developed a
mathematical formulation to track mobile movement systematically. Calabrese
et al. [30] put forward an idea that utilizing geographical features of collective
behavior such as land use, POI could be effective regarding mobility prediction.

6 Conclusion

In this paper, POI information of the cellular towers is taken into consideration
to adjust the weight parameters of the predicted results, and the rationality and
precision are improved significantly. The POIs information is utilized to divide
cellular towers into seven categories, which makes it achievable to predict the
target users’ next possible function area. The DP mixture model is applied to
identify similarity between different users, and the resemblance of the users is
used to predict the users’ locations precisely. The experimental results verify
the performance of our proposed scheme, and the proposed method is highly
adaptive and precise when being utilized to predict users’ mobility trajectories.
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