Session: Short - Anomaly Detection

CIKM ’19, November 3–7, 2019, Beijing, China

Multi-scale Trajectory Clustering to Identify Corridors in Mobile
Networks
Li Li

Sarah Erfani

The University of Melbourne
Melbourne, VIC, Australia
lli10@student.unimelb.edu.au

The University of Melbourne
Melbourne, VIC, Australia
sarah.erfani@unimelb.edu.au

Chien Aun Chan

Christopher Leckie

The University of Melbourne
Melbourne, VIC, Australia
chienac@unimelb.edu.au

The University of Melbourne
Melbourne, VIC, Australia
caleckie@unimelb.edu.au

ABSTRACT

The 28th ACM International Conference on Information and KnowledgeManagement (CIKM ’19), November 3–7, 2019, Beijing, China. ACM, New York,
NY, USA, 4 pages. https://doi.org/10.1145/3357384.3358157

Deployment and management of large-scale mobile edge computing
infrastructure in 5G networks has created a major challenge for mobile operators. The ability to extract common users’ trajectories (i.e.,
corridors) in mobile networks helps mobile operators to better manage and orchestrate the allocation of network resources. However,
compared with other types of trajectories, mobile trajectories are
coarse, and their granularity varies due to the inconsistent density
of cell towers. To identify the underlying geographical corridors of
users in mobile networks, we propose a hierarchical multi-scale trajectory clustering algorithm for corridor identification by analyzing
the non-homogeneity of the spatial distribution of cell towers and
users’ movements. To measure trajectory similarity on different
scales we propose a distance measure based on Hausdorff distance
that considers the cell density distribution. Common corridors are
represented as weighted graphs as the final results, which can not
only highlight users’ frequent paths but also users’ movement pattern between cell towers. The proposed method is validated using
real-life datasets provided by China Mobile. Results show that by
considering the heterogeneity of mobile networks, our method can
achieve the best performance with more than 10% improvement in
clustering quality compared with state-of-the-art algorithms.

1

INTRODUCTION

The development of smart devices and data networks (from 2G/3G/
4G to the new generation 5G) has provided mobile users with faster
and easier access to the mobile Internet. When mobile users access
the Internet, their trajectories can be passively detected by identifying the sequence of locations of the cell towers that provide
Internet data to them. This kind of data acquisition method has
several advantages, such as low energy consumption, wide range
coverage and with fine time granularity (applications may send or
receive packets periodically when running in the background and
people may access the Internet while moving). In this paper, we
focus on the problem of identifying the underlying geographical
corridors of trajectories generated in mobile networks. A corridor
can be treated as a pathway that is frequently traversed by a considerable number of mobile users. In Fig. 1(a), there are 4 distinct
continuous trajectories sharing a corridor (marked as gray area).
Identifying corridors provides us an opportunity to understand the
movement patterns of users in mobile networks, which will then
help service providers in the deployment of networks and base
stations, and the management of network resources. For example,
the costs of deploying a large number of mobile edge computing
[3, 7] servers at the edge of mobile networks could be minimized
by focusing on deployment at corridors.
However, there are challenges in identifying corridors generated in mobile networks. First, the trajectories represent discrete
approximations of original continuous paths derived by users using different travel modes with varying speeds. Thus, in mobile
networks, sometimes trajectories of the same path may result in totally distinct cell sequences. Second, the cell towers are distributed
heterogeneously, i.e., the density of cell towers varies at different places. For example, in rural areas or suburbs, the cell towers
are distributed coarsely, whereas in urban places, the density of
cells is higher. Therefore, using the absolute distance measures
between trajectories may not be suitable for finding the real corridors. Fig. 1(b) illustrates the cell sequences generated from the
continuous trajectories in Fig. 1(a). Although T 1, T 2, T 3 and T 4 all
share one corridor, the cell sequences of them are different. We also
notice that trajectories which are close to each other can have large
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distances between them in areas with sparse cells, while distinct
trajectories may be closer to each other in dense areas. To measure
the similarity between trajectories, the density of cells needs to be
considered in the distance measure instead of directly using the
absolute distance.
Therefore, in this paper, we propose a multi-scale trajectory clustering algorithm for identifying users’ corridors in mobile networks.
To the best of our knowledge, it is the first paper that focuses on the
corridor identification of human trajectories generated from heterogeneous mobile data networks. Our main contributions are: (1) We
propose a new distance measure based on Hausdorff distance calculating the similarity between sub-trajectories by considering the
distribution of cells. (2) We propose a two-level clustering method
based on the developed distance measure. Corridors are identified
and represented as weighted graphs based on the clustering result.
(3) We conduct experiments over the real-life data of mobile users
in a southern province in China to evaluate our approach, which
show improvements in both interpretability and clustering quality.
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(a) Continuous Trajectories

Figure 1: Example of Four Trajectories Sharing One Corridor.

Definition 1 (Trajectory) A trajectory can be represented as a
sequence of states in a given period of time: Traj = {s 1, s 2, ..., sn },
where n is the number of cells visited by the user. A state is defined
as s = (c, t, stay), where c is the cell ID, t is the time when the user
entered the current cell, stay is the stay time in the current cell.
Definition 2 (Tracklet) A tracklet T is a directed fragment of a
trajectory Traj, i.e., T = {sa , ..., sb }, where 1 ≤ a < b ≤ n .
Definition 3 (Corridor) A corridor cor is a cluster of similar
tracklets, which represents the movement of a certain amount of
mobile users, denoted as cor = {T1,T2, . . . ,TK }. It satisfies the
following conditions:
1. K ≥ δ , which means the number of tracklets in cor should be
no less than a threshold δ ;
2. The tracklets in one corridor are similar, where the similarity
measurement of tracklets is described in Section 4.2.2.
Problem: Given the historical trajectories of a set of M mobile
users Traj = {Traj 1,Traj 2, . . . ,Traj M }, our task is to identify a
set of corridors COR = {cor 1, cor 2, . . .} of users in the network.

RELATED WORK

Distance measures. Trajectory similarity has been well studied in the
literature. However, some similarity measures, such as Euclidean
distance, DTW (Dynamic Time Warping) , LCSS (Longest Common
SubSequence) and EDR (Edit Distance on Real sequence), are easily
affected by the sampling strategies adopted, since these measures
are all based on the spatial proximity between sampled locations
(point-to-point). Some distance measures were proposed to measure the distance between two polygonal curves based on the shape
of trajectories, such as HD (Hausdorff Distance) [5], FM (Fréchet
Metric) [1] and DFM (Discrete Fréchet Metric) [4]. In [2], the authors proposed a new metric for vehicle trajectories called SSPD
(Symmetrized Segment-Path Distance) based on point-to-segment
distance. However, the above-mentioned measures are not suitable
to the current scenario of mobile network since the heterogeneity
of cell stations is not considered.
Trajectory clustering. In the literature, although there has been
some work on mining trajectory data or finding common human
mobility patterns [8], few of them focus on the mobile network
data. A partition-and-group framework for clustering trajectories,
TRACLUS, was proposed in [6], which enables the discovery of
common sub-trajectories. However, the representative trajectory of
a cluster primarily supports straight movement patterns but cannot
identify complex motions. A three-phrase approach based on grids
was proposed in [11] to discover trajectory corridors using the
Discrete Fréchet distance. Recently, in [12], the authors proposed a
method for detecting corridors from GPS trajectories using the MDL
(Minimum Description Length) principle. A grid-based method was
also proposed to transfer trajectories into grid cell sequences and
then mine frequent corridors from the grid cell sequences. However,
these methods are not suitable for heterogeneous networks since
the area is discretized uniformly.

3

(b) Real-life Mobile Trajectories (yellow circle shows the coverage of a cell tower)
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MULTI-SCALE CORRIDOR
IDENTIFICATION

There are four steps in the corridor identification algorithm. First,
data are preprocessed by data aggregation, data cleaning and oscillation resolution. In the second step, trajectories are partitioned
into tracklets according to our defined constraints on stay time
and movement direction. Then tracklets are clustered together to
extract common journeys shared by users, and clustered again in
the second level to identify corridors.

4.1

Data preprocessing

There are three steps in data preprocessing. (1) Aggregation. Mobile phone users’ logs are aggregated if the consecutive logs have
the same cell ID, then each state of a user includes the cell ID, the
time when the user entered the cell, and the stay time in the cell,
as defined in Section 3. (2) Cleaning. Users who have only a few
records are discarded since they have insufficient data for analysis. (3) Oscillation resolution. This occurs when the mobile phone
intermittently switches between cells quickly or when the mobile
users are located near the boundary of different cells. The DECRE
(Detect, Expand, Check, REmove) algorithm [10] is adopted, since
this method does not rely on other data sources and uses the cell

PROBLEM STATEMENT

Suppose that in a mobile network, there are N cellular towers,
which is represented as C = {c 1, c 2, ..., c N }, and each cell tower has
a unique identifier and is associated with its coordinates.
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locations (rather than cell clusters) to represent locations of mobile
users.

4.2

Two-level clustering

4.2.1 Tracklet extraction from trajectories. Tracklet extraction is
similar to trajectory segmentation, wherein the main task is to
identify when a trip starts or ends. In this paper, we propose to
extract the tracklets based on both temporal and spatial heuristics. We suppose that in a trip, the movement direction should not
change a lot, and the stay time at the start and end cells should
be reasonably long. According to these two basic assumptions, a
tracklet T , extracted from a trajectory T raj, needs to satisfy the
following two constraints:
1. ∆(dir (si−1, si ), dir (si , si+1 )) ≤ dir t hr es , ∀i ∈ [a + 1, b − 1];
2. stayi ≤ staythr es , ∀i ∈ [a + 1, b − 1],
where dir (·, ·) is the movement direction of two consecutive states,
dir thr es is the threshold of direction difference, which makes sure
that the heading direction of the mobile user does not change
dramatically, and stayi is the stay time in cell c i , which should be
no greater than a time threshold stayt hr es .

Figure 2: Illustration of Distance Measure between T1 and c 22 .

be discounted to a lower value. Specifically, when the network
ρ
is homogeneous, dc ,T = dc i ,T j since ρ (c i ) = ρ c j , ∀c i , c j ∈ C.
i j
Then we can define the Modified Hausdorff Distance.
Definition 4 (Modified Hausdorff Distance) Given two tracklets
1 } andT = {s 2 , s 2 , ..., s 2 }, the Modified Hausdorff
T1 = {s 11, s 21, ..., sm
2
n
1 2
distance dist(T1,T2 ) is defined as:
dist(T1,T2 ) = max(∆(T1,T2 ), ∆(T2,T1 )),
∆(Ti ,T j ) = max(d

N
Õ

dc i ,c j
1
exp(−
),
√
2σ j2
j=1 2πσ j

4.2.3 Second level clustering. On the second level, the similarity
of journeys is evaluated on a grid-based strategy, and these similar
journeys are grouped using hierarchical clustering. First, the whole
region is divided in both horizontal and vertical directions to form
small rectangular grids. A high density in a certain grid indicates a
large number of tracklets in this journey pass through this small
area. Then, the similarity of two journeys is calculated as the cosine
similarity between their corresponding density matrices.
Given the clustering result of a set of journeys, the density matrix of all the journeys, and a frequency threshold δ , we take two
steps to find the corridors in each cluster. In the first step, for each
cluster, areas that have frequencies higher than the threshold δ are
identified. A binary matrix can be obtained, with each element indicating whether or not the frequency of the corresponding area is
above the threshold. In the second step, each tracklet in one cluster
is checked by the binary matrix, and the parts that pass through
high frequency areas are extracted as a new tracklet in a corridor.
Then the tracklets in each corridor are represented and visualized
as a weighted graph. For example, as shown in Fig. 3, journey 1
and 2 are identified from the first level clustering. Since these two
journeys share some common parts they are clustered together in
the second level clustering, and the common parts are identified as
a weighted graph in the rightmost subfigure, where the small red
circles represent cell towers and the line width reveals the traffic
volume.

2

(1)

where dc i ,c j is the spherical distance between centers of two cells
c i and c j , and σ j = r j /3, r j is the coverage radius of c j . Then, the
distance from c i to T j is:
N · ρ (c i )
ρ
dc ,T = α · dc i ,T j = ÍN
· dc i ,T j ,
i j
ρ(c )
k =1

(4)

We refer to the clusters from the first level as journeys, since
the tracklets in one cluster are similar to each other in terms of
movement path, start point and end point. Common journeys are
selected if the number of tracklets in the journey is greater than a
user-specified threshold.

4.2.2 First level clustering. A two-level clustering scheme is proposed to group similar trajectories. On the first level, similar tracklets are grouped in one cluster and dissimilar tracklets into different
clusters. In our problem, it is difficult to determine the number of
clusters and all the tracklets are not necessarily assigned to one specific cluster. Therefore, we propose to use the modified sequential
algorithm [9], which is not sensitive to noise and does not need to
set the number of clusters. Hausdorff distance represents the maximum mismatch level between two point sets [5]. Instead of using
the distance between points, here we use the distance between a
point and line segment. Moreover, to overcome the problem caused
by cell heterogeneity, we propose to normalize the distance by introducing a discount factor, which is calculated based on the cell
density. We suppose that the density contributed by a cell follows
a Gaussian distribution. The mean vector is the center of the cell
tower, and that three times the standard deviation is equal to the
coverage radius of the cell. Therefore, the accumulated density at
each cell in the network is considered as the density of the cell in a
network, which is:
ρ (c i ) =

ρ
ρ
ρ
,d
, . . .,d i
).
c 1i ,T j c 2i ,T j
cm ,T j

(3)

(2)

k

where α is the discount factor and dc ,T is the distance between cell
c and tracklet T , i.e., the shortest distance from the cell center to
all line segments in tracklet T . For example, in Fig. 2, the distance
between cell c 22 and tracklet T1 is the shortest distance from the
cell c 22 to the three line segments (c 11, c 21 ), (c 21, c 31 ) and (c 31, c 41 ) of T1 ,
i.e., dc 2 ,T1 = min(d 1, d 2, d 3 ) = d 2 . If c 22 is in a dense area, then α
2
will be greater than 1, and d 2 will turn larger; otherwise, d 2 will

5

EXPERIMENTS AND RESULTS

The real-life dataset contains 5,000 mobile users from a province
in South China. The cell locations (longitude and latitude) of each
user is recorded every 5 minutes in a time period of three weeks
(from 23:55 14/11/2015 to 23:50 05/12/2015).
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Figure 3: Illustrative Example of Corridor Identification.

(a) TRACLUS [6]

(b) FDMG [11]

(c) our proposed

Table 1: Clustering Comparison of Different Methods.
Figure 5: Corridors Identified Using Different Methods.
Method

SC
HD 0.33
DFM 0.31
DTW 0.26
LCSS 0.14
EDR 0.06
SSPD 0.32
Ours 0.47

Foshan
Co
Se
6.72 19.40
4.94 8.50
21.32 31.40
0.67 0.81
0.62 0.68
3.29 5.80
9.40 26.98

Shenzhen
SC Co
Se
0.47 6.48 16.27
0.31 16.25 25.10
0.42 24.31 54.54
0.29 0.49 0.74
0.23 0.45 0.59
0.43 3.30 7.01
0.58 4.76 26.93

Guangzhou
SC Co
Se
0.49 9.73 25.38
0.45 24.90 48.56
0.37 15.63 33.68
0.35 0.45 0.71
0.46 2.60 7.98
0.69 2.85 15.76

6

CONCLUSION

In this paper, a multi-scale trajectory clustering algorithm for corridor identification in mobile networks is proposed. We consider the
non-homogeneous distribution of cell towers in our proposed distance measure, which gives better clustering results of trajectories
compared to other state-of-the-art distance measures. For example,
compared with using the Hausdorff distance measure, our proposed
method improved cluster quality more than 10%. The identified corridors are shown as a weighted graph, which can better show users’
movement patterns within a frequent path. Our findings could help
mobile operators to identify the key focus areas (i.e., corridors)
in large-scale deployments of 5G networks for cost minimization.
Furthermore, the ability to identify the temporal dynamic of corridor patterns could help the management and orchestration of 5G
network resources in the future.
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