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Abstract—The ubiquity of GPS-enabled smartphones and auto-
motive navigation systems allows to monitor and collect massive
streams of trajectory data in real-time. This enables real-time
analyses on mobility data in urban settings, which in turn have
the potential to substantially improve traffic conditions, analyze
congested areas, detect events in (quasi) real-time, and so on.
While many existing approaches characterize past movements
of moving objects from historical trajectory data, or address
the problem of finding out clusters of moving objects from
data streams, such approaches fail to capture how movement
behaviors unravel over time – for instance, they fail to capture
typically trafficked routes or traffic jams. In this work we propose
NET-CUTiS, a novel approach that addresses the problem of
discovering and monitor the evolution of clusters of trajectories
over road networks from trajectory data streams. We conduct
several experiments that demonstrate the validity of our proposal
in terms of clustering quality and run-time performance.

Index Terms—trajectory, clustering, road network

I. INTRODUCTION

The ubiquity of GPS-enabled smartphones and automotive
navigation systems connected to the Internet allows to monitor
and collect massive streams of trajectory data in real-time.
This enables various kinds of real-time analyses on mobility
data – for instance, real-time detection of regularities (e.g.,
typical traffic flows over a road network) and anomalies (e.g.,
traffic jams) – thus allowing institutions to quickly act when
facing urgent decision-making tasks in urban settings. Indeed,
the ability to capture and monitor the evolution of clusters
(i.e., groups) of moving objects that exhibit similar movement
behaviors allows to gain valuable insights on various kinds of
mobility patterns [1]–[3]. For example, a traffic jam can be
seen as a sequence of merges of distinct clusters of objects,
or as an evolution of clusters of objects which exhibit similar
movements in space and time. Also, tracking small changes in
the behaviors of moving objects allows the possibility to detect
in (quasi) real-time traffic jams, and to predict their duration.

In this paper we consider trajectory data streams and address
the problem of detecting clusters of moving objects trajectories
constrained by road networks while keeping track of the evo-
lution of previously detected clusters over time. This problem
poses multiple challenges due to the potential volume of data
and events to process. Indeed, moving objects typically update
their position frequently and continuously. Previously unseen

moving objects may appear at any time instant, while others
may disappear. Strategies that can be used in combination
to tackle the above challenges are (1) the adoption of time
discretization, as this facilitates the processing of streams,
and (2) the use of incremental clustering, i.e., the use of data
structures that allow to represent clusters and their evolution
over time (which in turn avoids re-discovering previously
detected clusters).

In the literature there exist several approaches that perform
(incremental) clustering of moving objects positions, and mon-
itor the evolution of clusters (or patterns, in general) over time.
Among these, the most notable ones are [3]–[7]. We report
that such approaches limit themselves to Euclidean spaces
and instantaneous positions, and thus fail to capture mobility
behaviors that unravel over time, e.g., they fail to capture
typically trafficked routes or traffic jams. On the other hand,
other approaches [1], [2], [8], [9] consider moving objects
trajectories constrained by road-networks. Even though these
solutions adopt time discretization (i.e., time is partitioned in
intervals to reduce computational costs), they do not employ
incremental clustering as they recompute clusters from scratch
at every time interval. This, in turn, leads to very high
computational costs when dealing with big volumes of data.

In this paper we address the above problem by providing a
novel on-line incremental clustering algorithm, NET-CUTiS,
that processes data streams of moving objects trajectories
constrained by a road-network. NET-CUTiS leverages a novel
spatio-temporal distance function to determine the proximity
between two trajectories constrained by a road network. The
extensive experimental evaluation conducted over a real-world
dataset assesses and shows the validity of NET-CUTiS in terms
of clustering quality and run-time performance. We argue that
our study is relevant as, differently than existing literature, we
propose an incremental on-line approach that operates on road
networks (rather than Euclidean spaces) and is able not only to
discover clusters but, more crucially, to monitor their evolution
over time, and in doing so NET-CUTiS exploits both spatial
and temporal information.

The remainder of the paper is structured as follows: Section
II provides some preliminary notions and the problem state-
ment. Section III presents NET-CUTiS. Section IV discusses
the related works. Sections V presents the experimental eval-
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uation. Finally, Section VI draws the final conclusions.

II. PRELIMINARIES AND PROBLEM STATEMENT

We assume that a road network is modeled by a directed
graph G(V,E,W ), where the vertices in V represent road
intersections (or points of interest), the edges in E represent
road segments, while W represents the weights associated with
the edges in E. In this setting we assume that the weight of
an edge connecting two vertices vi and vj , and we denote it
by w(vi, vj) ∈ W , is given by the length of the associated
road segment.

In this work we assume that spatial coordinates of moving
objects are map-matched to the edges of the road network
via suitable algorithms – we refer to [10] for an exhaustive
overview of the state-of-the-art. We thus conveniently define
the trajectory TRj = 〈p1, · · · , pn〉 of a moving object oj as
a temporally ordered sequence of edges oj crossed during
some time interval. We represent each element pi ∈ TRj
as a pair pi = (ei, [ti, tw)), where ei ∈ E represents the
edge that oj crossed during the time interval [ti, tw). We also
conveniently introduce the shorthand TRj([ti, tw)) = ei to
indicate the edge ei ∈ E that oj crossed during the time
interval [ti, tw). Finally, we define a sub-trajectory STj of oj
to be a subsequence of consecutive edges that can be extracted
from TRj . We can now introduce the notion of trajectory
stream of a time window, which represents the foundation of
the time discretization strategy we use to process streams of
trajectories.

Definition 2.1 (Trajectory stream of a time window): Let
i = [t, t+ ∆t) be some time window (i.e., temporal interval).
We define the trajectory stream Ii = {ST i1, ST i2, ..., ST in} to
be the set of sub-trajectories whose movements are restricted
to the time window i. As such, ST ij represents the restriction
of the trajectory TRj of the object oj to the time window i.

The use of time discretization requires to appropriately
manage certain events that may occur while tracking moving
objects, as these directly influence the detection and monitor-
ing of clusters (and thus the correctness of such operations).
For instance, (1) a new moving object may appear in the
system, hence such object must be inserted into the system. On
the other hand, (2) a moving object may disappear from the
system, hence such object must be removed from the system.
Finally, (3) moving objects mainly update their position over
time, and thus the system should be able to track them all
along their evolution during successive time windows. Overall,
these events have the potential to influence the creation of new
clusters or alter the state of existing ones (and thus influence
their evolution). Managing event (1) is straightforward. For
what concerns event (2), we ensure that when a moving object
oj stops sending its updates during some time window i, oj
is discarded when the time window i+ 1 starts.

Our main goal is to track moving objects and incrementally
discover, as well as monitor the evolution of, sub-trajectory
clusters in a road network. We thus state the problem we intend
to address as follows.

Problem Statement. Given a road network G = (V,E) and
a trajectory stream Ii = {ST i1, ST i2, ..., ST in} associated with
a time window i, we aim at (1) detecting clusters of sub-
trajectories in G that exhibit similar movement behaviors and
(2) keep track of the evolution of clusters of sub-trajectories
that were already found within time windows preceding i
– this implies that previously detected clusters should not
have to be re-discovered from scratch at each time window.
Finally, clusters should be discovered or monitored by taking
advantage of movement similarities between objects, and in
doing so both spatial and temporal information should be
considered.

III. NET-CUTIS

In this section we present NET-CUTiS, the approach we
propose to target the problem we are considering. The section
first introduces the spatio-temporal distance function used to
measure the proximity between trajectories constrained by a
road network. Subsequently, the section proceeds to present
the approach.

A. Spatio-temporal proximity between trajectories

The spatio-temporal distance function proposed in this paper
leverages the notion of network path [11]. Network paths
represent paths within a road network expected to represent
major traffic flows and are extracted from historical trajectory
data. Roughly speaking, the extraction process starts by finding
out the edge traversed by the largest number of trajectories
and then expands it to form a path shared by some historical
trajectories. The edges associated with such path are then
removed from the network, and the above procedure is iterated
over the remaining edges until no trajectory remains to be
considered. In our work NET-CUTiS uses network paths, as
well as a trajectory compression algorithm, to efficiently find
out clusters of objects exhibiting similar movement behaviors.

Once a set of network paths becomes available, NET-CUTiS
uses them to compress sub-trajectories within a trajectory
stream. This allows to make comparisons between trajec-
tories at a coarser granularity, which in turn requires less
computational efforts. To this end we adapt the compressed
representation proposed in [11] to the context of data mining.
Indeed, differently from the context of trajectory queries,
which requires to precisely know the position of trajectories
within the road network, having the exact starting and ending
positions of trajectories within an edge is not so important
when clustering them. Therefore, we adapt the definitions pro-
vided in [11] by dropping exact positions of trajectories within
the edges they traverse. We also define a compressed trajectory
to be a sequence of network paths, where each network path in
a sequence is coupled with a temporal interval representing the
period in which the trajectory traversed that path. We follow
the same procedure provided in [11] to partition the road
network (as already illustrated above) and use the resulting
network paths to compress (and thus represent) trajectories
within a stream. Let us now introduce the notion of sub-
trajectory compression.
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Definition 3.1 (Sub-trajectory compression):
Let us consider a sub-trajectory ST ij =
〈(e1, [t1, t2)), (e2, [t2, t3)), ..., (en, [tn, tn+1))〉. Let us
also consider a set of network paths NP = {np1, ..., npm}
that were previously derived from historical data. We then
compress ST ij via NP by means of the algorithm proposed
in [11]. Specifically: let EdgesST ij = {e1, e2, ..., en} be
the sequence of edges associated with ST ij . Then, given
a compression threshold γ we claim that a network path
np ∈ NP can be used to represent a sub-path of ST ij if the
following condition holds:∣∣∣EdgesST ij ⊕ np∣∣∣

|np|
≥ γ,

with EdgesST ij⊕np representing the longest common subpath
between np and EdgesST ij .

Given the above definition, from now on we represent
a compressed sub-trajectory ST ij as a sequence of network
paths, and we express this by means of a sequence of pairs
ST ij = 〈(np1, [t1init, t1end)), . . . , (npr, [trinit, trend))〉, where
npk ∈ NP represents the k-th network path that the moving
object oj traversed during the time interval [tkinit, t

k
end). As

already argued before, in this work our goal is to cluster trajec-
tories and in this context giving them a coarse representation
suffices. As such, when compressing a trajectory we leave out
those sub-paths that do not match any network path. Note that
sub-trajectory compression preserves temporal information. In
general, choosing a proper compression threshold γ translates
into finding an appropriate degree of compression. At this
point we leverage the notion of network paths and introduce
the spatio-temporal distance function we use to determine the
proximity between pairs of sub-trajectories.

Definition 3.2 (Spatio-Temporal Distance Function):
Let i = [t, t + ∆t) be a time window, and let ST ij and

ST ik be two sub-trajectories we desire to compare in terms of
spatio-temporal proximity. Let n = min(|ST ij |, |ST ik|) be the
minimum number of network paths between ST ij and ST ik.
Let then matchr(ST ij , ST

i
k, δ) be a function that returns 1 if

it exists a time interval p ⊆ [max(trinit−δ, t),min(trend+δ, t+
∆)) such that the r-th network path traversed by ST ij during
the time interval [trinit, t

r
end) coincides with the one traversed

by ST ik during p, and 0 otherwise. Then, we define the spatio-
temporal distance between ST ij and ST ik as follows:

distance(ST ij , ST
i
k, δ) =

1−

n=|STij |∑
r=1

matchr(ST
i
j ,ST

i
k,δ)

max(|ST ij |,|ST ik|)
if |ST ij | ≤ |ST ik|

1−

n=|STik|∑
r=1

matchr(ST
i
k,ST

i
j ,δ)

max(|ST ij |,|ST ik|)
otherwise,

(1)

Intuitively, the fraction past the minus operation measures the
similarity between two trajectories – the closer the value of
distance to zero, the greater their spatio-temporal proximity.

The use of network paths within a distance function allows
to reduce computational costs than other functions available
in the literature, with the most notable one (and applicable
to NET-CUTiS) being the Synchronous distance. If n1 and
n2 denote the number of position updates of two trajectories,
then [12] shows that the Synchronous distance requires to
perform O(n1+n2) distance comparisons. The use of network
paths greatly reduces such computational cost. We concede,
however, this benefit can possibly impact accuracy negatively.

B. Incremental Trajectory Clustering Algorithm

In this section we introduce NET-CUTiS, an online incre-
mental trajectory clustering approach that operates on streams
of trajectory data constrained by road networks to discover
and keep track of the evolution of clusters of trajectories over
time. NET-CUTiS is structured into two distinct components:
the first one constitutes an independent pre-processing step
which goal is to find out a set of network paths from carefully
selected historical trajectory data. The second component is a
pipeline in charge of processing trajectory data streams. Such
pipeline operates by discretizing the time in time windows
(intervals), each having size ∆: at the end of a time window
i, the pipeline considers the associated trajectory stream Ii and
serially executes four distinct phases to discover new clusters
or keep track of the evolution of previously found ones. In the
following we provide the details behind the two components.

1) Extraction of network paths: NET-CUTiS first requires
to pick up carefully selected historical trajectory data to extract
network paths that are expected to be representative of traffic
flows within the considered geographical area. Once such data
is available, NET-CUTiS employs the algorithm introduced in
[11] (provided with a compression threshold γ) to extract a
set of network paths we denote by NP . Note that this step
can be executed independently from the pipeline in charge of
processing a trajectory data stream, as long as a set of network
paths is available to the latter.

2) Pipeline, phase I – sub-trajectory compression: once
some set of network paths NP is available, NET-CUTiS can
employ the pipeline in charge of processing a trajectory data
stream. During the pipeline’s first phase the goal is to compress
sub-trajectories available in a trajectory stream Ii by means
of NP . To do so, NET-CUTiS applies the criterion outlined in
Equation 3.1 to output the set of compressed sub-trajectories.
In the phases that follow only sub-trajectories that were
compressed are used for cluster detection and maintenance,
while incompressible ones are considered as outliers – indeed,
we assume that the latter do not fall within representative
traffic flows and are thus ignored accordingly.

3) Pipeline, phase II – selection of representative trajec-
tories: the pipeline’s second phase aims at determining the
set of representative trajectories associated with a trajectory
stream Ii. Intuitively, a sub-trajectory of Ii is deemed to be
representative if it best represents the movement behaviors
of a specific group of sub-trajectories of Ii. Let us denote
by ST ij the sub-trajectory representing the movements of a
moving object oj limited to the time window i. To determine
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if ST ij is representative two criteria are used: the first one
assesses the representativeness of ST ij by means of a Gaussian
kernel voting function based on the one introduced in [13]. The
second one verifies if the number of sub-trajectories exhibiting
movement behaviors similar to those of ST ij is above a given
threshold, and to do so it leverages the notion of neighborhood
density Nε. In the following we formalize such criteria.

Definition 3.3 (Representative trajectory): Let Ii =
{ST i1, ST i2, ..., ST in} be the trajectory stream associated with a
time window i. Let also ρ be the representativeness threshold,
δ the time tolerance, σ the chosen standard deviation, ε the
distance threshold, and τ the density threshold. Then, we
define ST ij to be a representative trajectory of some group of
sub-trajectories I ′i ⊆ Ii if and only if the following conditions
hold:

1) ∃ST ij ∈ I ′i,∀ST ik ∈ I ′i, k 6= j,

voting(ST ij , ST
i
k) = 1

σ
√
2π
e−

distance2(STij ,ST
i
k)

2σ2 > ρ

2) if Nε(ST ij ) = {ST ik ∈ Ii | distance(ST ij , ST ik, δ) ≤ ε},
then

∣∣Nε(ST ij )∣∣ ≥ τ
Observe from the first condition that choosing a proper value

for ρ is important: in this work we deemed reasonable to set ρ
to the maximum distance allowed between any sub-trajectory
and its representative trajectory. Such distance should be at
least equal to ε to keep the neighborhood density Nε around
representative trajectories significant. It is finally useful to
spend some words on the relationship between distance and
voting: specifically, the closer distance to zero, the larger the
result returned by voting. Intuitively, this implies that if ST ij
is very close in time and space to ST ik, then ST ij is likely to
be representative of ST ik.

4) Pipeline, phase III – creation and maintenance of micro-
groups: the goal of this phase is to create and maintain
micro-groups by means of the set of representative trajectories
returned by the second phase. In this context we define a
micro-group to be a small and dense group of moving objects
that exhibit similar movement behaviors in space and time
(e.g., a group of people sharing the same vehicle or a group
of vehicles stuck in a traffic jam). NET-CUTiS determines
the existence of micro-groups according to the definition that
follows.

Definition 3.4 (Micro-group): Let Ii = {ST i1, ST i2, ..., ST in}
be the trajectory stream associated with a time window i. Let
also Oi be the set of moving objects associated with the sub-
trajectories in Ii, ε the distance threshold, δ the time tolerance,
τ the minimum density threshold, and ρ the representativeness
threshold. Then, we define a micro-group g to be a subset of
sub-trajectories associated with a specific representative trajec-
tory in Ii that satisfies the following condition: ∀ST ij ∈ g, ST ij
is either the representative trajectory of g or a sub-trajectory
which voted for it [14].

Note that a micro-group may be seen as the most primitive
form of cluster of sub-trajectories. However, in this context we
differentiate the two entities by means of the notion of density-
based clustering [15] (we refer the reader to the pipeline’s
phase IV). NET-CUTiS needs also to monitor the evolution of

micro-groups discovered during previous time windows. To
this end our approach considers typical evolution patterns,
i.e., appear, disappear, split, survive, and merge [16]. We
report that the merge pattern is treated as a special case, as
the merging of two or more micro-groups is considered as a
cluster of sub-trajectories (from this, it follows that a cluster
may have multiple representative trajectories). The algorithm
that NET-CUTiS employs to detect and incrementally maintain
micro-groups is the same we previously introduced in [14],
thus we refer the reader to that paper for more details on it.

5) Pipeline, phase IV – sub-trajectory clustering: the goal
of the pipeline’s final phase is to determine the clusters of
trajectories from the micro-groups returned by the third phase.
In the following we introduce some preliminary notions that
underlie that of cluster of sub-trajectories.

Definition 3.5: (Directly Density Reachable) Let Gi be the
set of micro-groups associated with time window i. A micro-
group gj ∈ Gi is said to be directly density reachable from a
micro-group gk ∈ Gi w.r.t. ε, δ, and τ , if ∃ST ij ∈ gj ,∃ST ik ∈
gk, such that the following three conditions hold:
(1) distance(ST ij , ST

i
k, δ) ≤ ε.

(2)
∣∣Nε(ST ij )∣∣ ≥ τ , where Nε(ST

i
j ) = {ST ip ∈

{gj , gk} s.t. distance(ST ij , ST ip, δ) ≤ ε}.
(3)

∣∣Nε(ST ik)
∣∣ ≥ τ , where Nε(ST

i
k) = {ST iq ∈

{gj , gk} s.t. distance(ST ik, ST iq , δ) ≤ ε}.
Definition 3.6: (Density Reachable) A micro-group gi is

said to be density reachable from a micro-group gk w.r.t. ε,
δ, and τ , if there is a chain of micro-groups {gs1 , ..., gsn},
with gs1 = gi and gsn = gk, such that gsj+1 is directly density
reachable from gsj .

Definition 3.7: (Density Connected) A micro-group gi is
said to be density connected to gk w.r.t. ε, δ, and τ , if there
is a micro-group gj such that gi and gk are density reachable
from gj w.r.t. ε and τ .

We report that Definitions 3.6 and 3.7 are different (indeed,
the former is not symmetric). At this point we can introduce
the notion of cluster of sub-trajectories.

Definition 3.8 (Cluster of sub-trajectories): Let Gi =
{g1, ..., gn} be a set of micro-groups at time window i. A
cluster C w.r.t. ε, δ and τ is a nonempty subset of Gi that
satisfies the following two conditions:
(1) ∀gj , gk, if gj ∈ C and gk is density reachable from gj
w.r.t. ε, δ, and τ , then gk ∈ C.
(2) ∀gj , gk ∈ C, gj is density connected to gk w.r.t. ε, δ, and
τ .

Intuitively, a cluster represents a set of density connected
micro-groups. From the definitions observe also that sub-
trajectories not belonging to any micro-group are considered
outliers.

Existing clustering algorithms typically verify the density
connectivity of each moving object to cluster trajectories [15].
This, in turn, makes such approaches computationally expen-
sive. NET-CUTiS, on the other hand, simplifies the clustering
process and reduces computational costs by leveraging the
notion of micro-group. Algorithm 1 reports the related high-
level pseudo-code. NET-CUTiS first picks a micro-group and
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Algorithm 1: Sub-trajectory Clustering
Input:

• The set of micro-groups at time window i, Gi.
• Distance threshold ε.
• Size threshold τ .
• Time tolerance δ

Output: The set of clusters, C.
1 begin
2 while Gi 6= ∅ do
3 randomly pick a micro-group gi ∈ Gi;
4 c← gi, C ← C ∪ c;
5 Gi ← {Gi \ gi};
6 foreach unvisited gi ∈ c do
7 mark gi as visited;
8 foreach gk ∈ {Gi \ gi} do
9 foreach ST ij ∈ gi, ST ik ∈ gk do

10 if distance(ST ij , ST
i
k, δ) ≤ ε then

11 ni ←
∣∣∣Nε(ST ij )∣∣∣;

12 nk ←
∣∣Nε(ST ik)∣∣;

13 if (ni ≥ τ) ∧ (nk ≥ τ) then
14 c← c ∪ {gk};
15 Gi ← {Gi \ gk};
16 break;
17 end
18 end
19 end
20 end
21 end
22 end
23 return C;
24 end

initializes it as a new cluster (lines 4 - 5). For each micro-
group gi in a cluster NET-CUTiS verifies whether there exists
any other micro-group gk that can be merged with gi (line
8). For each micro-group gk, NET-CUTiS verifies whether gi
and gk are directly density reachable (lines 9 - 13): if this is
true then such micro-groups are associated to the same cluster
(lines 14 - 15). NET-CUTiS finally terminates by returning the
set of clusters found so far (line 23).

IV. RELATED WORK

There exist several works that address the problem of
clustering trajectories within trajectory data streams, or closely
related problems. In [17] the authors propose CTraStream.
Roughly speaking, CTraStream processes trajectory data
streams and in order to do so it discretizes the time in
intervals. Within each time interval the approach first looks
for line segments in the road network that are traversed by
consistent amounts of moving objects – this represents the
set of so called dense line segments. Finally, this set is used
to compute clusters of trajectories that traverse such segments.
We report that, differently from NET-CUTiS, CTraStream does
not monitor the evolution of movements of groups of moving
objects over time, which represents a major difference with
respect to our work.

CUTiS* [14] addresses the problem of discovering and
maintaining clusters of sub-trajectories from trajectory data
streams with objects moving in an Euclidean space. The au-
thors propose an incremental strategy that avoids recomputing
clusters at regular intervals.

In [1] the authors propose FlowScan, a density-based ap-
proach that aims to find hot routes, i.e., heavily trafficked
paths within a road network. To achieve this goal FlowScan
considers historical trajectory data and employs a trajectory
clustering algorithm that relies on the notion of traffic density
to detect dense road segments, i.e., road segments traversed by
a number of trajectories above a given threshold. We finally
report that [18] provides a novel approach to discover hot
routes in real-time.

In [19] the authors propose the TCMM framework, a set
of efficient approaches which goal is to create and maintain
clusters of trajectories from streams of trajectory data. We
report that clustering is performed over an Euclidean space and
the approach does not exploit temporal information to sepa-
rate temporally unrelated trajectory, thus potentially assigning
to the same cluster trajectories that span different temporal
intervals.

In [2], [9] the authors propose NEAT, an approach that
clusters trajectories over road networks from historical tra-
jectory data. The clustering approach proposed by the au-
thors considers (1) physical constraints that characterize road
networks, (2) the spatial proximity between trajectories, and
(3) traffic flows spanning consecutive road segments. Clusters
returned by NEAT are made up of groups of sub-trajectories
that represent dense and highly continuous traffic flows.

NETSCAN [8] considers trajectories constrained by road
networks and aims at clustering trajectories from historical
trajectory data. The approach operates as follows: first it
determines the set of dense paths from historical trajectory
data, where a dense path represents a path where the number
of moving objects traversing it is above a given threshold α
– for each such path we report that NETSCAN requires the
maximal density difference among its edges to not exceed
a given threshold ε. We report that NETSCAN does not
ensure that a dense path is crossed by a specific set of
moving objects, and this represents a major difference w.r.t.
NET-CUTiS. Subsequently, NETSCAN clusters trajectories
according to their similarity with respect to dense paths, where
each trajectory is associated with a dense path only if the
distance between them is lower than a given threshold σ.
Finally, We report that NETSCAN’s clustering does not take
temporal information into account.

V. EXPERIMENTAL EVALUATION

This section presents the experimental evaluation conducted
to assess the validity of NET-CUTiS in terms of clustering
quality and run-time performance. We start by providing the
experimental setup, followed by the experimental evaluation.
Dataset. For the purposes of the experimental evaluation we
consider the T-DRIVE dataset1 [20]. Such dataset contains one
week of real-world GPS data. The subset of the dataset used
throughout the experiments is limited to 4,000 trajectories and
exhibits an average sampling rate of one position per minute.

1http://research.microsoft.com/apps/pubs/default.aspx?id=152883
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Symbol Set of values Default Description
ε [0.3, 0.7], step 0.1 0.5 Distance threshold
τ [5, 25], step 5 10 Density threshold
δ [3, 7] minutes, step 1 5 minutes Time tolerance
γ [0.5, 0.9], step 0.1 0.7 Traj. compression threshold

Time window [5, 7, 9] minutes 7 minutes Time window size
TABLE I

PARAMETERS USED BY NET-CUTIS, TOGETHER WITH THE ASSOCIATED
RANGES OF VALUES USED AT RUN-TIME.

Competitors. To the best of our knowledge there is no incre-
mental on-line trajectory clustering approach that addresses
the problem considered in this work. The most closely related
one is NETSCAN [8]. However, NETSCAN exhibits three
major differences with respect to NET-CUTiS: (1) roughly
speaking, each dense path represents the centroid of a cluster
that groups together sub-trajectories close in space but not nec-
essarily close in time; (2) NETSCAN may associate moving
objects with multiple clusters; (3) NETSCAN does monitor
the evolution of clusters over time. To perform meaningful
comparisons we implement a modified version of NETSCAN
that leverages the time discretization strategy used by NET-
CUTiS.

Run-time parameters. Table I reports the list of parameters
used by NET-CUTiS during the evaluation, together with the
associated ranges of values. For what concerns the parameters
used by NETSCAN, we remind that σ depends on ε, while ε
and α depend on τ .

Experimental Methodology. Clusters of sub-trajectories are
tracked across sequences of five consecutive time windows, as
this enables to observe how clusters evolve over a reasonably
large time interval. We report that the results did not change
significantly when considering larger numbers of windows.
Due to space limitations we omit such experiments from the
presentation.

Evaluation Metrics. In the absence of a ground-truth we
evaluate the competitors’ clustering quality by means of a pair
of well-known metrics [21], i.e., compactness and separation.
The goal of compactness is to establish how closely related
moving objects making up individual clusters are. Let Ci
be the set of clusters found within a time window i. The
compactness of a cluster c ∈ Ci is the average pairwise spatio-
temporal distance between its moving objects. As such, the
overall compactness can be defined as:

1

|Ci|
∑
c∈Ci

2

|c|2 − |c|
∑

ST ij ,ST
i
k∈c,j 6=k

distance(ST ij , ST
i
k, δ),

with |c| being the number of sub-trajectories making up a
cluster c. Intuitively, the lower the compactness, the better the
associated output.

Separation aims to establish how well clusters are differen-
tiated between each other. Let Ci be the set of clusters found
within a time window i. Then, separation is calculated as the

Fig. 1. Example of trajectory densification: plot (a) depicts the original
trajectory, plot (b) its densified version.

average distance between items belonging to different clusters:

1(|Ci|
2

) ∑
cl,cp∈Ci,
l 6=p

1

|cl| · |cp|
∑

ST ij∈cl,
ST ik∈cp

distance(ST ij , ST
i
k, δ).

Intuitively, the higher the separation, the better the associated
output. To further complement the evaluation of the clustering
quality we visually inspect some of the results produced by
NET-CUTiS – we report that visual was adopted in several past
works as well [1], [2], [15], [22]. In general, visual inspection
turns out to be a useful tool whenever (1) different approaches
produce clusters that have different semantics, (2) different sets
of parameters yield clusters which perform well in terms of
quality metrics but clearly show different characteristics, or
(3) when a ground truth is not available.

Data preparation. Data preparation consisted of two phases:
trajectory densification and network paths computation. The T-
DRIVE dataset presents an average sampling rate of 1 minute,
which possibly represents an important issue. To overcome
this problem we perform an operation called trajectory den-
sification over the original trajectories, i.e., we assume that
moving objects always traverse the shortest path between
pairs of consecutive samples and reconstruct their trajectories
accordingly. Figure 1 provides an example of the application
of such technique. Finally, observe that the above choice is in
line with existing literature [23], [24].

From Section III-B1 we remind that NET-CUTiS requires
to find out a set of network paths from selected historical
trajectory data. We know that trajectories constrained by a road
network exhibit strong spatio-temporal regularity. As such, we
pick up from the T-DRIVE dataset data that covers the 4th of
February 2008 and extract a set of network paths accordingly.
We assume that this data contains common mobility behav-
iors unraveling over typical weekdays (e.g., trafficked routes
traversed by people commuting between home and work). We
report that the extraction process yielded 833 network paths.

Evaluation overview. The evaluation that follows first
presents an analysis concerning the clustering quality yielded
by the competitors (Section V-A). To this end we study
the effects that the parameters used by the two considered
approaches have on the clustering quality (Table I). As some
parameters are specific to NET-CUTiS, NETSCAN is con-
sidered only when applicable. The evaluation then concludes
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by analyzing the run-time performance of the competitors
(Section V-B).

A. Clustering quality analysis

Study on the variation of the distance threshold ε. In this
study we analyze how variations in the distance threshold
ε affect the quality of the results – to this end, we vary
ε in the [0.3, 0.7] range. All the other parameters are kept
fixed to their respective defaults (Table I). Figure 2, first row,
reports the results. On the one hand, from the Figure we ob-
serve that NET-CUTiS and NETSCAN behave similarly since
they both yield high cluster separation (which is indicative
of good performance). On the other hand, the compactness
yielded by NETSCAN is lower (better) than that of NET-
CUTiS. We believe this is due to the different amount of
representative trajectories (w.r.t., dense paths) that the two
approaches associate with each cluster. More precisely, NET-
CUTiS possibly use multiple network paths per cluster, while
NETSCAN uses only one dense path per cluster. Considering
that every sub-trajectory within a cluster shares the same dense
path, the average pairwise distance over the clusters returned
by NETSCAN is lower than the one found over the clusters
returned by NET-CUTiS. Overall, we conclude that variations
in ε do have minor influences on compactness and separation.
Study on the variation of the density threshold τ . In this
study we analyze how variations in the density threshold τ
affect the quality of the results. To this end, we vary τ in
the [5, 25] range, while keeping all the other parameters fixed
to their respective defaults (Table I). Figure 2, second row,
reports the results. From the Figure we observe that NET-
CUTiS and NETSCAN both present high separation. For what
concerns compactness, we observe that NETSCAN achieves
lower measures than NET-CUTiS. However, we observe again
that this is due to the different strategies used by the two
approaches to build clusters. Finally, we report that when
τ increases the number of clusters returned by NET-CUTiS
decreases, thus increasing the resulting compactness – note
that the opposite happens when τ decreases.
Study on the variation of the time tolerance δ. In this study
we analyze how variations in the time tolerance δ affect the
quality of the results returned by NET-CUTiS – to this end
we vary δ in the [3, 7] minutes range. All the other parameters
are kept fixed to their defaults (Table I). As this parameter
is used only by NET-CUTiS, in this batch of experiments
we do not consider NETSCAN. Figure 2, third row, reports
the results. From the Figure we observe that NET-CUTiS
generally achieves high separation and that this measure tends
to increase as δ increases. We also report that when δ increases
the amount of sub-trajectories associated with some cluster
tends to increase, which in turn increases the sum of pairwise
distances between objects within a cluster. Overall, this has
the effect of increasing the compactness.
Study on the variation of the compression threshold γ. In
this study we analyze how variations in γ affect the quality
of the results returned by NET-CUTiS – to this end, we vary
γ in the [0.5, 0.9] range. All the other parameters are kept

fixed to their respective defaults (Table I). As this parameter
is used only by NET-CUTiS, in this batch of experiments we
do not consider NETSCAN. Figure 2, fourth row, reports the
results. From the Figure we observe that NET-CUTiS achieves
high separation. We also observe that when γ increases the
number of clusters tends to increase (on top of the bars we
report the average number of clusters found). Indeed, the
larger γ, the lesser the number of neighbors retrieved when
computing a range query from a sub-trajectory. Consequently,
the compactness of the clusters tends to slightly decrease.
Study on the variation of the size of time windows. In this
study we analyze how variations in the size of time windows
affect the quality of the results returned by NET-CUTiS and
NETSCAN. To this end we vary the size of the time windows
in the [5, 9] minutes range, while the other parameters are
kept fixed to their respective defaults (Table I). Figure 2, fifth
row, reports the results. From the Figure we observe that NET-
CUTiS and NETSCAN behave similarly in terms of separation
– indeed, both approaches yield very high separation in both
scenarios. We also report, however, that NETSCAN yields
lower compactness than NET-CUTiS. Overall, variations in the
size of time windows have minor influences on compactness.
Finally, we report that using larger time windows allows NET-
CUTiS to achieve lower separation, as the number of clusters
that our approach can discover increases as well.
Visual Inspection. In this study we analyze the clusters
returned by NET-CUTiS by means of visual inspection. For the
purposes of this study we keep all the parameters fixed to their
respective defaults (Table I). Figure 3 shows the representative
trajectories of four clusters found by NET-CUTiS at the end of
the first and second time windows. If we take a closer look at
the locations where the four clusters fall, we observe that they
tend to be located across the ramifications of two national
expressways (G1 and G6) and two local expressways (S11
and S12). The most notable one is the Airport Expressway,
officially the S12, that links central Beijing to the Beijing
Capital International Airport. We finally observe that NET-
CUTiS produces clusters having long representative routes:
this may prove useful to location-based services that deal with
the optimization of bus lines, or those offering ride-sharing
services [25].

B. Run-time performance analysis

Study on the variation of the distance threshold ε. In this
study we analyze how variations in the distance threshold
ε affect the performance of NET-CUTiS, and compare our
approach with NETSCAN. To this end, we vary ε in the
[0.3, 0.7] range, while keeping the other parameters fixed to
their respective defaults (Table I). Figure 4, first row, reports
the overall execution time of the approaches. From the Figure
we observe that NET-CUTiS outperforms NETSCAN, except
when considering the first time window – this is due to the
initial computation of network paths. We finally observe that
increasing ε does not have relevant impacts on NET-CUTiS’
performance, as the difference between the lowest and the
highest ε does not exceed 1 second.
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Fig. 2. Analysis of the clustering quality. Left column: compactness. Right column: separation. First row: distance threshold ε. Second row: density threshold
τ . Third row: time tolerance δ. Fourth row: compression threshold γ. Fifth row: size of time windows.

Study on the variation of the density threshold τ . In this
study we analyze how variations in the density threshold τ
affect the performance of NET-CUTiS and NETSCAN. To
this end, we vary τ in the [5, 25] range, while keeping the
other parameters fixed to their respective defaults (Table I).
Figure 4, second row, reports the overall execution time of
the approaches. From the Figure we observe that NET-CUTiS
outperforms NETSCAN except, again, when considering the

first time window. We also report that τ does not exhibit a
particular influence on the performance of NET-CUTiS.

Study on the variation of the time tolerance δ. In this study
we analyze how variations in δ affect the performance of NET-
CUTiS – in the batch of experiments that follow we do not
consider NETSCAN, as this parameter is specific to NET-
CUTiS. To this end, we vary δ in the [3, 7] minutes range,
while keeping the other parameters fixed to their respective
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Fig. 3. Four Beijing Expressways (G1 - blue color, G6 - red color, S11 - pink color and S12 - green color) crossed by NET-CUTiS clusters. Left column:
first time window. Second column: second time window.

defaults (Table I). Figure 4, third row, reports the overall
execution time of the approaches. From the Figure we observe
that increasing δ does not degrade performance. Indeed, even
if the number of sub-trajectories retrieved by range queries is
expected to increase when the time tolerance δ increases, the
performance difference turns out to be negligible.
Study on the variation of the compression threshold γ.
In this study we analyze how variations in γ affect the
performance of NET-CUTiS – in the batch of experiments
that follow we do not consider NETSCAN as this parameter
is specific to NET-CUTiS. To this end, we vary γ in the
[0.5, 0.9] range, while keeping the other parameters fixed to
their respective defaults (Table I). Figure 4, fourth row, reports
the overall execution time of the approaches. From the Figure
we observe that the performance improves as we increase γ –
indeed, the lowest execution time occurs when γ is equal to
the maximum value considered (0.9). This is expected since
increasing γ has the effect of reducing the compression of
sub-trajectories.
Study on the variation of the size of time windows. In
this study we analyze how variations in the size of the time
windows affect the performance of NET-CUTiS. We vary the
parameter in the [5, 9] minutes range, while keeping the other
parameters fixed to their respective defaults (Table I). Figure 4,
fifth row, reports the overall execution time of the approaches.
From the Figure we observe that the performance of NET-
CUTiS tends to improve when the size of time windows
decreases, due to the resulting decreased number of sub-
trajectories. Finally, we report that NET-CUTiS outperforms
NETSCAN (except for the first time window).
Final considerations. From the experiments we observe that
the clusters produced by NET-CUTiS are characterized by high
(good) separation in the vast majority of cases. As for the
compactness, the most relevant parameters turns out to be
γ and δ; more precisely, low γ values increase the amount
of network paths per cluster, while high δ values tend to
increase the amount of sub-trajectories associated with each
cluster. Overall, in both cases we observe an increase in the
average pairwise distance within clusters, which in turn ends
up affecting negatively the compactness. For what concerns
run-time performance, the most relevant parameters are γ

and the size of the time windows. Also, when the size of
the time windows increases, the number of sub-trajectories
generally increases. In both cases there is a negative effect on
the performance, since the amount of trajectories to process
increases. We thus suggest to pick large γ, small δ and small
size of time windows, as we argue this represents a reasonable
trade-off bewteen performance and quality.

To discover density based clusters from trajectory data
streams over road networks NET-CUTiS employs the same
algorithm previously introduced by the authors in [14]. Such
algorithm consists of two steps, namely, the one dealing with
the creation and maintenance of micro-groups, and the one
dealing with clustering. We remind that the clustering step
dominates the algorithm’s total cost due to the necessity of
merging micro-groups into clusters (which represents a very
expensive operation). The performance evaluation of these
steps is already available in [14], thus we omit it here due
to lack of space.

VI. CONCLUSIONS

In this paper we considered the problem of detecting and
maintaining clusters of data stream constrained by road net-
works. The problem is particularly relevant, as today’s vast
availability of trajectory data that can be collected, monitored,
and analyzed gives the opportunity to tackle relevant mobility
challenges in urban settings. To address the problem we
propose NET-CUTiS, a novel on-line incremental clustering
approach. In the extensive experimental evaluation we assess
the validity of NET-CUTiS and compare it with a modified
version of NETSCAN, both in terms of quality of results and
run-time performance. From the results we observe that NET-
CUTiS is comparable to NETSCAN in terms of quality while,
at the same time, outperforming it in terms of performance.

As a possible line of future research we aim at investigat-
ing novel and more efficient strategies to discover network
paths, as well as to determine when network paths have to
be recomputed when they do not reflect any more ongoing
traffic behaviors. Furthermore, clustering algorithms generally
require to provide a set of parameters, and trajectory clustering
algorithms such as NET-CUTiS make no exception [2], [7]–
[9], [15]. Thus, another potential line of future research would
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Fig. 4. Run-time performance analysis. First row: distance threshold ε. Second
row: density threshold τ . Third row: time tolerance δ. Fourth row: compression
threshold γ. Fifth row: size of time windows.

attempt to automatize the optimization of such parameters and
we conjecture this is possible by leveraging machine learning

tools for hyper-parameter training.
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