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Abstract

With the popularity of modern mobile devices and GPS technology, big
web stream data with location are continuously generated and collected.
The sequential positions form a trajectory, and the clustering analysis on
trajectories is beneficial to a wide range of applications, e.g., route recom-
mendation. In the past decades, extensive efforts have been made to improve
the efficiency of static trajectory clustering. However, trajectory stream data
is received incrementally, and the continuous trajectory clustering inevitably
faces the following two problems: (1) physical structure design for trajectory
representation leads to severe space overhead, and (2) dynamic maintenance
of trajectory semantics and its retrieval structure brings intensive computa-
tion. To overcome the above problems, an adaptive continuous trajectory clus-
tering framework (ACTOR) is proposed in this paper. Overall, it covers three
key components: (1) Simplifier represents trajectory with a well-designed
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PT structure. (2) Partitioner utilizes a hexagonal-based indexing strategy
to enhance the local computational efficiency. (3) Executor accommodates
an adaptive selection of P-clustering and R-clustering approaches according
to the ROC (rate of change) matrix. Empirical studies on real-world data
validate the usefulness of our proposal and prove the huge advantage of our
approach over available solutions in the literature.

Keywords: Spatio-temporal data, continuous trajectory clustering, dis-
tributed stream processing, trajectory analysis.

1 Introduction

In recent years, with the rapid development of sensor technology and smart-
phones, GPS devices are widely applied to track moving objects [3,16], which
can produce numerous location data every moment. For instance, an Uber car
reports its location every few seconds. As a result, applications from different
domains collect substantial amounts of location data and form a trajectory.
Analyzing trajectories as they are generated will benefit a variety of modern
applications, such as carpooling [15] and route recommendation [23].

Trajectory clustering aims to group a large number of trajectories into
several relatively homogeneous clusters [10,18,22], which plays a crucial role
in trajectory analysis since it reveals underlying trends of moving objects.
Figure 1(a) is a naive example to demonstrate trajectory clustering, which
indicates representative paths and potential motion trends.

Existing traditional trajectory clustering algorithms [1,11,12,15] adopt a
specific similarity metric to cluster trajectories in a centralized environment
on static datasets. However, due to their sequential nature, trajectory data
are often received incrementally, e.g., continuous new points are reported
by the GPS system. Figure 1(b) depicts the incremental characteristics of
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Figure 1 An example of trajectory clustering and incremental characteristic of trajectories.
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trajectories, where we employ a time window to limit the trajectory stream to
a specified set of records within a given time horizon. We find that part of the
state information (i.e., unexpired points) in time window tw; is still stored
in time window tws. So it is significant to select a suitable data structure to
maintain the previous state information dynamically. Therefore, continuous
trajectory clustering is more suitable for such incremental scenarios. Once
the trajectories are received, we analyze them to better understand the current
cluster patterns and their evolution between successive periods of time [13].
Moreover, the continuous clustering of trajectories over vast volumes of
streaming data has been recognized as critical for many modern applications.
Since a broad spectrum of applications that rely on trajectory clustering are
time-sensitive, it is essential to utilize an incremental computing mode to
perform continuous clustering on large-scale trajectory data in a real-time
manner to maximize its application value [23].

Nowadays, an increasing number of works are devoted to the study
of continuous trajectory clustering. TCMM [17] is a continuous trajectory
clustering framework. Nevertheless, it cannot clear the expired data, thus
it is not suitable for large-scale datasets, and the accumulation of expired
data will reduce the clustering quality. Both CUTiS [7] and TSCluWin [18]
achieve continuous clustering by maintaining a space-consuming data struc-
ture within the sliding window. They comprehensively integrate the trajectory
features, and it takes a great deal of time to maintain and update the cluster
information. In our previous work [21], we proposed a real-time trajectory
clustering framework Lunatory. Although the framework has high real-time
performance, it does not take advantage of the incremental characteristics of
trajectories.

As observed above, continuous trajectory clustering is challenging and
existing methods suffer extensive limitations. Therefore, we divide the
realization of this operator into the following three requirements:

1. Physical structure design for trajectory representation (R1): The
structure of representing trajectories directly affects the cross-node
transmission and computational efficiency of clustering operators. How-
ever, the compression/simplification of the trajectory needs to be adapted
to the specific trajectory clustering algorithm, and it is extremely diffi-
cult to obtain a high-accuracy and efficient trajectory clustering ability
with minimal information loss.

2. Dynamic maintenance of the trajectory semantic (R2): Trajectory is
a dynamic sequence. For the continuous trajectory clustering operator,
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there will be continuous expiration and generation of position points. A
reasonable maintenance strategy needs to be designed to delete expired
elements. If expired elements continue to accumulate, the quality of the
clustering results will deteriorate.

3. Dynamic maintenance of the retrieval structure (R3): Partitioning
and indexing techniques can improve the local computing efficiency of
clustering, but also cause a certain update overhead. There is no free
lunch in this world, and how to achieve satisfactory efficiency at a small
cost is a difficult point in designing a complex trajectory clustering
framework.

According to the above requirements, we propose ACTOR, an adap-
tive continuous trajectory clustering framework. Specifically, the major
contributions of this paper include:

1. We propose a continuous trajectory clustering framework ACTOR by
extending our previous work [21] to achieve accurate and efficient
continuous clustering in an incremental and real-time scenario.

2. To answer R1, we propose an MDL-based trajectory simplification
algorithm to characterize the feature information of the trajectory. Then
we compress the simplified trajectory into a pivot trajectory.

3. To answer R2 and R3, we propose two sophisticated clustering
approaches (i.e., P-clustering and R-clustering) and introduce the ROC
matrix for the adaptive selection of appropriate clustering approach.

4. We implement all proposed methods on top of Flink. Empirical studies
on real-world data validate the usefulness of our proposal and prove
competitive performance over state-of-the-art solutions in the literature.

The rest of this paper is organized as follows. In Section 2, we introduce
the clustering algorithm based on points and trajectories. We then present the
preparatory knowledge for designing ACTOR in Section 3. We present the
overall framework of ACTOR in its entirety in Section 4 and describe the
details of each process in the framework. We analyse the experimental results
in Section 5 and finally, we conclude our proposal in brief in Section 6.

2 Related Work
2.1 Point Clustering

There are currently various clustering algorithms, and here we choose the
density-based clustering algorithm, which is the same as the one we used
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in [4]. The high-density data belonging to the same cluster is the basic
idea of the density-based clustering algorithm [23]. The typical ones include
DBSCAN [9], OPTICS [2] and mean-shift [5]. DBSCAN [9] finds the
largest set of points of any shape that are density-connected by the radius
FEps and the minimum number of points MinPts, but if the densities
between clusters are different, the clustering results will significantly dete-
riorate. ST-DBSCAN [3] extends DBSCAN to be able to discover clusters
on spatial-temporal data. In their work [3], the authors introduce a new
density factor that represents the density of the cluster. It makes up for the
disadvantage that DBSCAN cannot cluster points with different densities.
However, these point-based algorithms do not consider the state information
of a trajectory [23]. It makes it hard for them to be applied to trajectory
clustering directly.

2.2 Stateless Trajectory Clustering

On top of point-based clustering algorithms, existing trajectory clustering
methods can be roughly divided into two categories: partition-based [11, 12]
and density-based [1, 15, 17]. The methods mentioned above usually clus-
ter the entire trajectory on a static dataset, without considering the state
maintenance of trajectories in the incremental scenario. TRACLUS [15]
first partitions trajectories into trajectory segments, and then perform a
density-based clustering algorithm between trajectory segments. However,
this algorithm cannot effectively handle incremental data in streaming envi-
ronments. Chen et al. [4] propose a real-time distributed trajectory clustering
framework Disatra, in which a data structure AT was introduced to describe
the trajectory characteristics. Inspired by TRACLUS, Disatra uses a density-
based clustering algorithm for AT to generate clusters. Although Disatra
extends trajectory clustering to the real-time environment, the accuracy of
the clustering results is not satisfactory due to the huge information loss in
the process of its radical trajectory compression, i.e. abstract trajectory. In
our previous work [21], we simplified the trajectory and then utilized the
pivot trajectory to represent the simplified trajectory segment. After that, we
adopted a hexagonal-based indexing strategy to index the pivot trajectory,
and finally, we implemented the PT-based DBSCAN clustering algorithm.
Although the framework improves the clustering quality based on meeting
the real-time requirements, it clusters all pivot trajectories from scratch on
each time window without considering the incremental characteristics of
trajectories.
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2.3 Continuous Trajectory Clustering

Since the trajectories are coordinate points with a time sequence [14], con-
tinuous trajectory clustering aims to maintain the information of clusters
before the current time by utilizing a certain data structure [13, 19]. The
TCMM [17] framework consists of two parts: online micro-cluster mainte-
nance and offline macro-cluster creation. Online micro-clustering maintains a
data structure called cluster features (CF), which stores statistical information
of similar trajectory segments. However, the framework does not regularly
remove obsolete data, so while continuously absorbing trajectory records for
clustering and merging, it will lead to the shift of the micro-cluster center
and reduce the effectiveness of the resulting cluster. Inspired by TCMM,
trajectory stream clustering over a sliding window framework TSCluWin was
proposed by Mao et al. [18]. They design two data structures to represent the
spatial features of trajectories and finally cluster streaming trajectories over
a sliding window using TSCIuWin. Since this framework comprehensively
incorporates the features of trajectories and also creates macro-clusters based
on micro-clusters, it is expected to be time-consuming. CUTiS [6, 7] is an
incremental algorithm for a trajectory data stream, which uses a micro group
structure to maintain the cluster information of moving objects in continuous
time windows. Although the overhead of the algorithm will be lower than the
cost of running the clustering algorithm from scratch, the definition of the
micro group is based on the representative trajectory, and it still needs to pay
extra expenses in the process of calculation and maintenance.

3 Preliminary

In this section, we will introduce the definition of our continuous trajectory
clustering problem. To begin with, we first list all notations frequently used
in our paper, as shown in Table 1:

Definition 1 (Trajectory). A trajectory T is a series of chronologically
ordered points T = (p1,p2,...,Dn), representing the trace of a moving
object. Each point p; = (lon,lat,t) denotes the object’s location at time
stamp t, and a line connecting two adjacent points is defined as a trajectory
segment l;.

Although distance metrics like DTW and LCSS are widely used to
measure the similarity between trajectories, since these methods are sensitive
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Table1 Summary of notations

Notation ‘ ‘ Description
T = (p1,p2,---,Pn) Trajectory 7 consisting of n points.
pi = (lon,lat,t) A sampling point that forms the trajectory.
L A set of trajectory segments.
l; A trajectory segment in L.
€ Distance threshold between pivot trajectories.
p Minimum number in e-neighborhood.
N(lh) The e-neighborhood of trajectory segment ;.
PT ={PT1,PTs,...,PT,} || A setof pivot trajectories.
PT = {tc,0,bl,tr,t} Pivot trajectory.

(/O/o €j 1) = dis +di,

I 4l ) dig+dy,

""""" dy(L;, ;) = MIN(dyy, dy)

(L) = [1L;1] * sinb, if 0° < 6 < 90°
o(lu1y) _{ [1L]1, if 90° < 6 < 180°

l; e;
djjx Eodp

Figure 2 Trajectory distance.

to trajectory length and sampling rate, we utilize the following trajectory
distance to calculate the distance between two trajectories.

Definition 2 (Trajectory distance). Given two trajectory segments l; and 1,
the start and end points of trajectory segment l; are s; and e;. Similarly,
the start and end points of trajectory segment l; are s; and e;, respectively.
Assuming that |l;| > |l;|, the trajectory distance between two trajectory
segments is defined as dist(l;,l;) = wi - dy(li,1;) + w) - dy(li,1j) + we -
do(l;,15).

Here, the weights w |, W, and wyg can be adjusted as needed. We set these
weights to I by default. An example of trajectory distance is given in Figure 2.

Definition 3 (Pivot trajectory). A compact synopsis data structure pivot
trajectory PT = {tc,0,bl,tr,t} is defined to describe the moving char-
acteristics of a trajectory segment. Among them, tc represents the center
point of a trajectory segment, 0 denotes the deflection angle of the trajectory
segment, bl and tr are the bottom left corner and top right corner of the MBR
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(minimal bounding rectangle) enclosing the trajectory segment, respectively,
and t represents the time stamp of the most recent trajectory segment.

Definition 4 (Time window). A frajectory stream is an infinite sequence of
chronologically ordered points, and we employ a time window to limit the
trajectory stream to a specified finite set of trajectories within a given time
range. The start time of the time window is tss, the end time is ts., and the
trajectory set {T1, T2, ..., Tn} can be obtained within the time window.

4 Framework Design and Implementation
4.1 Overview of ACTOR

ACTOR is a distributed clustering framework built on Flink, which aims to
achieve high-quality continuous trajectory clustering in real-time. Overall,
ACTOR consists of three phases: pivot trajectory generation, hexagonal-
based partitioning and clustering execution (including monitoring of ROC
matrix, P-clustering and R-clustering), as shown in Figure 3. We will explain
the meaning of each component later.

PT generation. We employ the MDL principle to simplify the trajectory
and abstract the simplified trajectory segment as a pivot trajectory. First, we

p3 P2 p1

Da

(id, timestamp,
D1 P2 Ing, lat)

DataStream Hexagonal-based indexing
1
PT !
L7 PTs | |
%//"(G?) pry 1 1 |0.8[1.20.7] [0.9] 1 ]1.2[0.8
=7 1 1.5(0.6]0.1| 1 1.4(0.7|0.1] 1
[ PT, |
1 1.7/10.5]10.4| 2 | [1.6/0.3] 1 |1.8
1
O\Pg: 1 | 1.110.510.3]0.2 I 1 10.6]0.4]0.5 I
1
1 123 4y to
1
P-Clustering ! R-Clustering ROC matrix

Figure 3 Framework of ACTOR.
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simplify the trajectory of a moving object. The purpose is to represent the
trajectory with the least points while preserving the moving characteristics
of the trajectory as much as possible. Ultimately, it can significantly reduce
the computation cost while ensuring the accuracy of clustering results. The
trajectory characteristics are extracted from the simplified trajectory segment
to form PT;. Since the PT; contains a bounding box enclosing the simplified
trajectory segment, partitioning the pivot trajectory ensures a trajectory seg-
ment will not cross multiple partitions. Therefore, it reduces data redundancy
and improves the utilization of node resources.

Hexagonal-based indexing. To avoid cross-node data transmission in a
distributed environment, we adopt the hexagonal-based partitioning strategy
to send PT' with the same coding value to the same partition. At the same
time, an overlap algorithm is designed to send pivot trajectories around the
margin of a partition to its adjacent partitions, which improves the accuracy of
clustering results while reducing the data transmission to the greatest extent.

Clustering execution. It contains two main steps:

(1) Monitoring the ROC matrix: In each partition, we count the sum of
new and expired PTs in the current time window, divide it by the number of
PTs in the previous time window to get the rate of change in the current time
window. The appropriate clustering method is adaptively selected according
to the ROC corresponding to each partition.

(2a) P-clustering: We perform PT-based DBSCAN clustering on pivot
trajectories in the same partition within a time window to obtain the clus-
tering results. The aforementioned clustering process is performed in each
distributed node.

(2b) R-clustering: We employ an R-tree in each partition to dynamically
maintain the core trajectory segments in the cluster. The new PT is searched
in the R-tree to determine whether there are clusters to join. At the same time,
the R-tree needs to be periodically adjusted to delete the expired data. Finally,
the clustering results in each node are collected to form final clusters.

4.2 Pivot Trajectory Generation

In the real-time environment, extracting detailed or concise trajectory char-
acteristics is a trade-off between high accuracy and low runtime. On the one
hand, the higher the preciseness, the more complete the moving characteris-
tics of the entire trajectory can be retained, as shown in Figure 4(b). On the
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Figure 4 Examples of trajectory simplification.

other hand, the higher the conciseness, the fewer trajectory segments are used
to represent the trajectory, and the higher the node resource utilization rate is,
as depicted in Figure 4(c). Therefore, we use the MDL (minimum description
length) principle [20] to find the optimal partition of the trajectory, as shown
in Figure 4(a). Then the pivot trajectory (i.e. PT) is utilized to characterize
the simplified trajectory, which reduces data redundancy and improves the
utilization of node resources.

Suppose a trajectory 7 = (p1,p2,...,pn) and a set of characteristic
points {p¢,,Pey, - - -, Pe, }- Every two adjacent characteristic points form
a line segment pc;pc;,,. We use the two formulas mentioned in TRA-
CLUS [15]:

k—1
L(H) = ZIOgZ(len(pijCjJrl)) (1)
7=1
k—1c¢j+1—1
L(DIH) =YY" log, (d1 (Pe,pe;4r:PiPi+1)) )
j=1 i=c;

+10gy (dg (pe;Pe; i PiDi41)) -

Equation (1) measures the degree of conciseness, and Equation (2) mea-
sures the degree of preciseness. Here, len(pc,pc;,,) denotes the Euclidean
distance between p; and p,; . For example, in Figure 4(a), the formulas of
L(H) and L(D|H) between p; and p3 are as follows:

L(H) = logy(len(pips)) 3)

L(D|H) = logy (d1 (p1p3, p1p2) + di (p1p3, p2p3))

“4)
+ logy (dg(p1ps, p1p2) + do(p1p3, P2p3))-
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We utilize Equation (5) to denote the MDL cost of a trajectory between
p; and p; when assuming that p;p; is a simplified trajectory segment, and
Equation (6) denotes the MDL cost when assuming that we don’t need

to simplify the trajectory 7 = (p;,...,Dp;), i.e., we preserve the original

trajectory.
MDLyo,(pi,p;) = L(H) + L(D|H) )
MDLnopar(pi7pj) = L(H) (6)

A finite-length trajectory is simplified using the MDL principle, as shown
in Algorithm 1. We compute M DL, and M D L,,,p,, for each point in a
trajectory (lines 5, 6). If M D Ly,,q, > M D Lnopar, we simplify the trajectory
from pgiart 10 Pewrr—1 to PT and add PT to the set P77 (lines 8-11).
Otherwise, we increase the length of a candidate trajectory segment (line 13).

Algorithm 1: MDL-based trajectory simplification

Input: Sampling points P = {p1, p2,...,Pn}
Output: A set of pivot trajectories P7T
Initialize PT by p1;
start = 1, length = 1;
while start + length < n do
curr = start + length;
COSTpaT = MDLpa'r (pstcwt, pcu’r"r);
COSTVLOP(LT’ = MDLnopa’r‘ (pstu'r't ) pcur“r');
if COSTypar > COSThopar then
Update PT by pstart and Peurr—1;
Add PT to set PT;
start = curr - 1, length = 1;
Initialize PT by pstart;
else
13 L length = length + 1;

e e N A U R W N =

_ e
0 = =

14 Update PT by pstart and Pend;
15 Add PT to set PT;

Next, we calculate PT; = {tc, 0, bl, tr,t} for each trajectory segment /;.
Since [; consists of two sampling points, it is easy to calculate the trajectory
segment center point tc, the deflection angle 6, the bottom left corner bl and
the top right corner ¢r of the MBR enclosing ;. We use the timestamp of the
trajectory segment end point to represent the time ¢, which records the last
timestamp of the current time window.
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4.3 Hexagonal-based Partitioning Strategy

The grid system is essential for analyzing massive spatial data sets and
dividing the earth’s space into identifiable grid cells. In a grid-based spatial
system, the more polygonal sides are used, the more a grid approximates a
circle, and the more convenient it is to perform kNN query, etc. However, grid
indexing requires the space to be filled with grids without gaps. It proves that
the only shapes used for grid spatial indexing are triangles, rectangles, and
hexagons. Hexagons [8] have the most sides and are the closest to a circle, so
in theory, they are the best choice in certain scenarios.

We further elaborate on the difference between the square and hexagonal
grid. As shown in Figure 5, a hexagonal grid has only one type of distance
between a hexagon center point and its neighbors, whereas there are two types
of distance (marked as red and black) for a square grid. This property greatly
simplifies the process of performing analysis and smoothing over gradients.

In general, for different levels of address generation, each hexagon con-
tains the address of its parent hexagon. In this way, only the calculation
method of the sub-grid address of each grid needs to be specified. For the
sub-grid, it is only necessary to append the address of the sub-grid after the
coordinates of its parent grid.

We encode tc from PT; € PT via H3 encoding and send PT; to a corre-
sponding partition according to the encoding value of tc. Since we compress
the simplified trajectory segment into a data structure PT with the midpoint tc
of the trajectory segment, our index will not produce cross-partition data so
that we can avoid the problem of cross-node data transmission in a distributed
environment.

However, in the process of clustering, some extreme cases may occur. For
example, the pivot trajectories in the same cluster are divided into different
partitions, and these pivot trajectories are around the margin of the partition,

Ql QL

N2

u AS

glofo

(a) Square Grid (b) Hexagonal Grid (c) Hexagonal Address
Figure 5 Square grid and hexagonal grid.
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Figure 6 Overlap mechanism.

which leads to the reduction of clustering accuracy. Therefore, we design a
hexagon-based overlap mechanism. As shown in Figure 6(a), we take the
vertex of each hexagonal partition as the center of the circle, and draw an
area with the radius of 7. For the PT; whose tc falls within this range, we
distribute it to two adjacent partitions and execute the clustering algorithm,
respectively. The non-optimized cross-node data transmission will send the
data to all other nodes. On the contrary, our overlap mechanism only needs to
send data to the two partitions participating in the overlap, which minimizes
the data transmission and data redundancy while improving the algorithm
efficiency. Figure 6(b) shows an example of the overlap. The red PT; and
black PT} are expected to be in the same cluster. With the help of the overlap
mechanism, the red PT; is sent to the partition containing T}, or vice versa,
depending on which partition performs the clustering first.

4.4 Clustering Execution

4.4.1 ROC matrix
Since our framework contains two clustering approaches: P-clustering and
R-clustering, it is worth considering which approach to choose under what
circumstances. A new batch of data will be received in each time window,
and the data in the window will be reclustered in any case according to P-
clustering. While R-clustering will search in the R-tree to determine whether
the new P71 can be allocated to a cluster and dynamically maintain the R-tree.
Although the average time complexity of searching, inserting, and delet-
ing items of the R-tree is lower than that of P-clustering, when there are
substantial new and expired data in a time window, the maintenance cost
of the R-tree will inevitably rise. At this time, P-clustering may be better
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than R-clustering. Therefore, we design a ROC matrix (i.e., rate of change
matrix), which in each partition counts the sum of new and expired PTs in
the current time window, dividing it by the number of PTs in the previous
time window to obtain the rate of change. The appropriate clustering method
is adaptively selected through the ROC corresponding to each partition.
The setting of ROC threshold is not set in stone. The threshold is scalable,
and users can adjust it for various datasets to get excellent performance in
different scenarios. According to Section 5.2, we set the threshold to 1.2,
that is, when the ROC is greater than 1.2, we adopt P-clustering. Instead, we
perform R-clustering to process pivot trajectories incrementally.

4.4.2 P-clustering
Since the pivot trajectories have both direction and length, which lead to
arbitrary shapes of the clusters, we choose the density-based clustering
method. Inspired by the idea of DBSCAN, Lee et al. [15] propose a line
segment clustering algorithm. Similarly, we apply segment clustering to pivot
trajectory within the current time window.

The trajectory distance is given in Definition 2. Next, relevant concepts in
PT-based DBSCAN clustering (P-clustering for short) are introduced:

(1) Core trajectory segment: Using the trajectory distance in Definition 2,
we can calculate the number IV of trajectory segments whose distance from
l; is less than or equal to the threshold €. When NV is greater than p, we call
the trajectory segment /; as the core trajectory segment, and define N (I;) as
Ng(lj) = {ll eL ‘ diSt(li,lj) < 6}.

(2) Directly density-reachable: Given two trajectory segments l;,l; € L, if
l; is a core trajectory segment and /; € N(l;), we say the trajectory segment
l; is directly density-reachable from the trajectory segment /;.

(3) Density-reachable: Given a chain of trajectory segments [;,l;i1,...,
li—1,l; € L, if I is directly density-reachable from I;,;, we call the
trajectory segment /; is density-reachable to the trajectory segment /;.

(4) Density-connected: Given two trajectory segments [;, [; € L, if there is a
trajectory segment [;, € £ such that both /; and [; are density-reachable from
I, we call the trajectory segment [; is density-connected from the trajectory
segment /.

Algorithm 2 describes the process of clustering PTs employing the idea
of DBSCAN. Lines 1-6 and 16-18 of the algorithm judge whether a PT is a
core trajectory segment. If PT' is determined as a core trajectory segment, the
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Algorithm 2: P-clustering

Input: A set of pivot-trajectories PT = { P11, PTs,...,PTn},
time window range [tss, ts.], two parameters p and &
Output: A set of clusters O = {c1,¢2,...,ck}

1 Initialize cluster ID to be 1;

2 Mark pivot trajectories in P77 as unclassified;

3 for PT; € PT and PT;.t € [tss,tsc] do

4 if PT; is unclassified then

5 if [INZ(PT;)| > p then

6 Set cluster ID to VPT; € N (PT;);

7 Insert Nz (PT;) into a queue Q;

8 while O # @ do

9 Geta PTy, € Q;

10 if IN2(PTy)| > p then

1 for S € N (PT}) do

12 if S is unclassified or a noise then
13 Set cluster ID to S;

14 L Insert S to the queue Q;
15 Remove PT} from Q;
16 cluster ID := cluster ID + 1;
17 else

18 L PT; < noise

algorithm will continue to execute lines 7—15. Otherwise, the PT is judged
as a noise. Lines 7-15, the algorithm computes the density-connected set of
a core trajectory segment.

We perform the real-time clustering to all pivot trajectories in the same
time window. For PT = {PTy, P15, ..., PT,} in a partition, we randomly
select an unclassified PT; and judge whether PT; is a core trajectory segment
through trajectory distance and parameters, i.e., € and p. If PT; is the
core trajectory segment, we continue to find all pivot trajectories density-
connected with PT;, and finally we set them as classified and assign the same
cluster number to them. Otherwise, it is temporarily classified as noise. We
repeat the above steps until all PT; € PT are classified.

4.4.3 R-clustering
In the process of continuous trajectory clustering, we need to adopt a data
structure to maintain the state of clusters and trajectories in the time window.
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Figure 7 Continuous clustering based on an R-tree.

Since we abstract the trajectory segment into pivot trajectory (including
trajectory segment midpoint), and a core trajectory segment must correspond
to a cluster, so we choose the R-tree to maintain the core trajectory segment,
and perform continuous clustering on R-tree. In Figure 7, the core trajectory
segments in each grid are maintained by an R-tree. The newly arrived PT is
searched on the R-tree to observe whether it belongs to a certain cluster.

The R-clustering can be divided into the following two cases:

(1) New PT added. For the new arrival of the pivot trajectory PT},cq, in the
time window, we search the R-tree for the node whose trajectory distance
from PT,., is less than or equal to €. If such a node can be retrieved in the
R-tree, we assign the cluster ID of the PT represented by the node to PT},cq,-
The reason is that if the trajectory distance between PT),,, and PT is less
than or equal to €, then PT,, is in the No(PT), so they must belong to
the same cluster. If we cannot retrieve such a node in the R-tree, we should
not immediately treat PT),.,, as noise, but add it to a list that dynamically
maintains P71 that does not belong to any cluster within the time window.
Whenever the number of P77 in the list reaches p or an integer multiple of
p, we implement P-clustering to PT in the list. If the elements in the list can
form one or more clusters, we add the core trajectory segments to the R-tree
and remove the PT's assigned to the cluster ID from the list. Note that in the
process of clustering, it is necessary to determine whether the PT" in the list
has expired, that is, if it is not within the time window. If the PT has expired,
it should be removed from the list in time.

(2) Expired PT deleted. For the expired pivot trajectory PT¢;pireq in the
time window, we need to remove it from the R-tree. As time goes on,
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more and more expired PT" will accumulate in the R-tree, and the nodes
formed by these expired P71 have a lower and lower probability of being
accessed in the subsequent process. Therefore, we need to adjust the R-tree
periodically, i.e., we adjust the R-tree every time window size to delete the
expired PT's. At the same time, since PT stored in the R-tree are all core
trajectory segments, removing a P71 may cause cluster changes. If there are
no other core trajectory segments in the ./\/;(PTexpired), then PT¢,pireq and
all elements in N (PT,pireq) are removed from the cluster. On the contrary,
if there is at least one core trajectory segment in the Ng(PTempired), compute
the difference set between NE(PTem-Ted) and other e-neighborhood of core
trajectory segments and remove them from the cluster.

5 Experimental Evaluation
5.1 Experimental Setup

Environment. We implement our proposal in Java and conduct all the exper-
iments on top of Flink.! The Flink system is deployed on a cluster which runs
a CentOS 7.4 operating system and is equipped with 128 processors (Intel(R)
Xeon(R) CPU E7-8860 v3 @ 2.20GHz). Overall, our cluster provides 120
computing nodes and a 512-core environment for the experiments.

DataSets. Experimental datasets are Chengdu and Beijing which are both
real datasets with a certain uneven distribution, especially Beijing. Chengdu
is around 900 GB publicly shared by DiDi Company’s GAIA Open Dataset
program, all from some districts in Chengdu, Sichuan province, China;
Beijing contains taxis’ trajectories from Beijing, China. In general, the data
structures of both are the same composed of vehicle ID, time stamp, latitude
and longitude. In our experiments, these static datasets are released through
Apache Kafka to simulate a streaming scenario.

Baselines. Despite there being numerous trajectory clustering algorithms,
there are few studies that are transferable to real-time continuous clustering
scenario. Hence, we choose CUTIiS and Lunatory as our baselines. CUTiS
is an incremental trajectory clustering framework based on sliding window.
However, this work designs its own sliding window, so it is difficult to
deal with real-time scenarios. Therefore, we transplant it to Flink and real-
ize the incremental clustering algorithm of CUTIS by utilizing the sliding
window provided by Flink. Lunatory is a real-time trajectory clustering

'https://flink.apache.org/
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framework. On the basis of Lunatory, we have implemented continuous
trajectory clustering.

5.2 Parameter Study

There are two parameters € and p in the clustering process of ACTOR.
As shown in Table 1, € is the trajectory distance threshold between pivot
trajectories, and p is the minimum number in the e-neighborhood. These
values of the parameters will determine the efficiency of the P-clustering.
In Figure 8(a), we first set e = 28, and then detect the effect of different p on
the execution efficiency of the clustering algorithm. Note that the value of e
here will affect the execution time, but it has little effect on the time trend. We
observe that the clustering algorithm has better performance when p = 6, and
the number of trajectories in a cluster is moderate. This allows us to obtain
more clusters to discover more interesting movement trends. Figure 8(b)
shows the latency of P-clustering for different e. As aforementioned, here
we set p = 6. From the results, the algorithm has the lowest latency when € is
set to 30. Therefore, in the following experiments, we set p = 6 and € = 30.
In Section 4.4.1 we introduced the ROC matrix, which determines
whether to perform P-clustering or R-clustering for each partition’s rate of
change. When the time window size is 720 s, we observe an average of
about 2500 pivot trajectories per time window. Therefore, we take 2500 as
the denominator, that is, the number of pivot trajectories in the previous time
window, and randomly generate new pivot trajectories and pivot trajectories
that need to be deleted to obtain different ROC. The running results are shown
in Figure 8(c). As the ROC raises, the latency of both P-clustering and R-
clustering increases, but P-clustering grows more slowly. When the ROC is
less than 1.2, R-clustering is more efficient. Conversely, the latency of the
P-clustering will be lower. Therefore we set the threshold of ROC to 1.2.
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Figure 8 Varying the parameters.
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5.3 Efficiency Comparison

We evaluate the efficiency of our framework by comparing the execution
time of Lunatory and CUTIS. In Figure 9, as the amount of data increases,
the latency of ACTOR is always lower than that of Lunatory and CUTiS.
The reason is that Lunatory re-clusters the data in each time window and
does not make full use of the reusable state in the previous time window.
In addition, ACTOR implements continuous trajectory clustering, using the
R-tree to maintain the state of trajectories and clusters dynamically. The
efficiency of search, addition, and deletion on the R-tree is higher than that
of clustering from scratch, so the performance of ACTOR is higher than
that of Lunatory. In order to achieve continuous clustering, CUTiS maintains
the data structure of a micro-group. Micro-groups are defined based on the
representative trajectories in the cluster. The mergence and split of micro-
groups are also involved in each new time window, and the time complexity
reaches O(m? - n) (m represents micro-groups, n represents the number of
moving objects that update their sub-trajectories), so when the number of
clusters in the partition and the new data are massive, the latency of CUTiS
will increase suddenly.

Figure 10(a) depicts the memory cost of Lunatory, CUTiS, and ACTOR.
Overall, Lunatory has the least memory cost because it does not require
additional data structures to maintain the state of trajectories and clusters.
When the amount of data is small, the memory cost of CUTiS and ACTOR
are similar, and as the amount of data increases, CUTiS consumes more and
more memory than ACTOR. As aforementioned, when the number of clusters
and new data in the partition are tremendous, the number of micro-groups that
need to be maintained will increase suddenly. In ACTOR, it benefits from our
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Figure 9 Execution time comparison.
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Figure 11 Clustering quality comparison.

appropriate dynamic maintenance strategy, and our memory consumption is
within a reasonable range.

Figure 10(b) illustrates the throughput on different datasets. On both
Beijing and Chengdu datasets, the throughput of ACTOR is higher than that
of Lunatory and CUTiS, which shows that our framework can be competent
for continuous trajectory clustering in the incremental environment.

5.4 Accuracy Comparison

The silhouette coefficient calculates the compactness of the same cluster and
the interval between different clusters to judge whether the cluster is good
or bad. The closer the silhouette coefficient is to 1, the better the clustering
quality is. Figure 11 shows the silhouette coefficient values of Lunatory,
CUTIS, and ACTOR in different data volumes and different time window
sizes. We observe that when the window size is set to 720 s and 7200 s,
the value of the silhouette coefficient of Lunatory is higher, i.e., Lunatory’s
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clustering results are of better quality. The reason is that in the process
of performing continuous clustering, the R-tree of maintaining clusters and
trajectories inevitably produces deviations from the actual situation in the
process of adding and deleting core trajectories, thus losing the quality
of clustering. Nevertheless, the difference in the silhouette coefficient of
ACTOR is not much different from that of Lunatory. That is, the clustering
quality of the two is similar, and ACTOR also has higher execution efficiency
than Lunatory.

6 Conclusion

In this paper, we propose ACTOR, an adaptive continuous trajectory cluster-
ing framework. Each trajectory is simplified into pivot trajectories with mov-
ing characteristics, then the pivot trajectories are partitioned by hexagonal-
based indexing. By monitoring the ROC of each partition, the P-clustering or
R-clustering is adaptively selected and executed. With the involvement of a
large number of real data sets and the analysis of the experimental results, it
is proved that our framework has excellent timeliness and accuracy in con-
tinuous trajectory clustering over its counterparts. We will focus our future
work on the trade-off between accuracy and efficiency of distributed spatio-
temporal data clustering methods. At the same time, we plan to implement an
end-to-end clustering framework (from web data to analysis results).
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