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Abstract We present a list of measures for a single trajectory, including measures

that require the presence of other trajectories, such as the centrality of a trajectory

amidst other trajectories. Then, we introduce three different views in order to extend

measures of a single trajectory to a group, namely the representative view, the com-

plete view and the area view. Furthermore, we give measures that exist only for a

group of trajectories, like density and formation stability. We also show that it may

be possible to define new measures by combining trajectory data with data from

other sources, such as the environment where the entities move. Finally, we discuss

several tasks: settlement selection, visualization and segmentation, where measures

on groups of trajectories are necessary.
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1 Introduction

With the increased use and quality of GPS and other positioning devices, the analysis

of trajectory data has become a mainstream topic in GIScience. A trajectory is the

model of a moving entity. Trajectory data comes, for example, from vehicle, animal,

hurricane, pedestrian, and sports player tracking.

We can use the abstract model or the data model for trajectories. In the abstract

model, we consider the trajectory to be the representation of a moving object,
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assumed to be a point, that moves without discontinuities. In the data model, we

realize that data on a moving object is generally collected by a device that gives a

location at certain times where the location is sampled.

In the abstract model, a trajectory is a function T that maps a time interval I =
[t
𝛼
∶ t

𝛽
] to the plane or 3-space. The time interval is the domain of this function. The

image of the function on I is referred to as the path of the trajectory. The path has a

shape and a direction but no time component. The location at the start time t
𝛼

is the

origin of T and the location at the end time t
𝛽

is the destination of T .

In the (GPS) data model, a trajectory is a time-ordered sequence of triples

(x1, y1, t1), ..., (xm, ym, tm) where at time ti, the moving object was recorded to be at

location (xi, yi). We essentially do not know where the object was at times in between

the samples. We could assume that locations are (sufficiently) precise, or incorporate

imprecision in the analysis. The sampling rate and geometric precision are the two

most important aspects of data quality for trajectories. Note that in the abstract model

such quality aspects do not exist. If the sampling rate is sufficiently high and the pre-

cision as well, we can interpolate location and time between consecutive triples to

make a continuous mapping from time to space. The triples can still be the most

suitable representation.

We can distinguish the following main types of trajectory analysis:

∙ Segmentation (Anagnostopoulos et al. 2006; Buchin et al. 2011c): Partitioning

a trajectory into segments so that within each segment, certain attributes of the

trajectory are uniform. It may be used to split a trajectory into different movement

behaviors.

∙ Similarity analysis (Buchin et al. 2011b; Liu and Schneider 2012): Analysing how

much two trajectories appear alike. It can be used to determine how similar move-

ment of a single entity is on different days, or to determine how similar the move-

ment of two different entities is. The reasons for appearing alike can be rather

varied: we could define similarity based on visiting the same locations, or based

on having the same speed development (e.g. slow in the beginning, then linearly

increasing speed).

∙ Clustering (Nanni and Pedreschi 2006; Lee et al. 2007): Grouping the trajectories

in a collection based on similarity.

∙ Outlier detection (Lee et al. 2008a): Finding trajectories that do not belong to any

cluster.

∙ Classification (Lee et al. 2008b): Assigning a trajectory to a cluster of trajectories,

based on similarity.

∙ Hotspot detection (Gudmundsson et al. 2013): Finding places that are visited fre-

quently and/or by many trajectories.

∙ Pattern detection: Finding interesting characteristics in one or more trajectories on

any sort. Examples are leadership patterns (Andersson et al. 2007) and commuting

patterns (Buchin et al. 2011a).

∙ Flocks, group, herd detection (Benkert et al. 2008; Buchin et al. 2015; Huang

et al. 2008): Finding a special type of pattern determined by spatial proximity

of a subset of the entities over a period of time. It is related to clustering, but
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in clustering we generally consider the whole trajectory when making clusters,

whereas in grouping a single entity can be in different groups at different times,

or even at the same time.

All analysis types depend onmeasures defined on trajectories. In the listing above,

we mentioned location, speed, and similarity as attributes that are defined in the

abstract model, and can be computed in the data model. In fact, an attribute like speed

gives rise to multiple measures: average speed, variation of speed, total stationary

time, etcetera.

The purpose of this paper is to discuss measures for groups of trajectories.
Recently, a number of different definitions of groups have been given, accompa-

nied by algorithms that compute them from a collection (Hwang et al. 2005; Jeung

et al. 2008; Buchin et al. 2015). Many analysis tasks that apply to trajectories exist

for groups of trajectories as well. For example, we can imagine segmentation of the

whole group at once, or doing a similarity analysis on two groups. To perform such

analyses, we also need measures for the whole group. Groups are a natural unit of

aggregation which can be analysed at once and which can be visualized using a sin-

gle stroke. With the ongoing trend of dealing with larger and larger collections of

data, aggregation is one of the approaches to cope with the growth.

In this paper we first provide an overview of the measures that exist for trajecto-

ries. We classify them into three types: measures for a single trajectory in isolation,

measures for a single trajectory amidst other trajectories, and measures for a single

trajectory in other environments. Then we proceed with extensions of these mea-

sures to groups, while at the same time including new measures that do not exist for

single trajectories. We use the same classification into three types. When developing

group measures, similar approaches are sometimes taken. We will highlight such

more general approaches because they can potentially be used for other measures

needed in specific applications.

2 Measures for a Single Trajectory

When defining measures for trajectories we will use the abstract model, since it is

mathematically more clean and also representation-independent. All measures can

be converted in various ways to measures in a data model.

Since a trajectory is a function from a time interval to the plane (or to space), the

image of the function gives the locations where the entity is at the relevant times. The

derivative of the function is the velocity, which is a vector, and the second derivative

is acceleration, which is also a vector. Velocity has two components, namely speed

and heading. These at any time measurable features (location, speed, heading, …)

of a trajectory are called attributes, and attributes are often the basis of measures

defined over a whole trajectory. For example, from speed we can derive the measures

average speed, maximum speed, standard deviation of speed, percentage of stand-
still, and more. These measures give a single value for the whole trajectory.
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There are also attributes for trajectories amidst other trajectories. For example,

for a given trajectory we have the attribute closest distance to another trajectory,

which exists at any time. We can use this as the basis for a measure that intuitively

corresponds to degree of isolation by averaging.

In this section we give an overview of various general-purpose measures that can

be defined for a single trajectory. We first discuss measures for a single trajectory

in isolation, then measures for a single trajectory amidst other trajectories, and then

measures for a single trajectory in various contexts.

2.1 Measures for a Trajectory in Isolation

In this section we describe measures that relate to a single trajectory independent

of other trajectories and the environment. Our list is not complete; we describe a

number of existing useful, general-purpose measures. We begin with a number of

basic, well-known measures capturing properties of the whole trajectory at once.

Note that most of these common measures also appeared in similar lists of measures

given in previous research (Laube et al. 2007; Dodge et al. 2008; Andrienko et al.

2008, 2013).

Duration

Description The length of the time interval of the tra-
jectory (d)

tα

tβ

d=tβ−tα
Unit second Range [0,∞)

Derived from -
Related works (Calenge et al. 2009)

Traversed distance

Description The total length of the path of the trajec-
tory (s) s

Unit meter Range [0,∞)

Derived from location
Related works (Yuan et al. 2010)
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Average speed

Description The ratio of the traversed distance and the
duration (v)

tα

tβ

d=tβ−tα

v = s
d

s

Unit meter per second Range [0,∞)

Derived from speed
Related works (Buard et al. 2011)

While the average speed is a useful measure, it tells little about the variation in

speed during the time interval. The entity could have been moving with constant

speed equal to the average speed, or it could have stood still for half the time and

then moved to the destination with speed double the average. Since this distinction

is often important, we would like to have measures for it. The most obvious candidate

is the standard deviation of speed over I.
In principle speed is an attribute that has a value at any time in I. To capture

speed development over I in a more extensive manner, there are many options, both

quantitative and qualitative. For example, we could split up I into k equal-duration

subintervals and use the average speed in each of them. This may not be a good

description of speed development because it might be more fine-grained than a cho-

sen value of k. Ideally, one wants a partition of I into subintervals where the speed

is similarly behaved. This can be obtained by segmentation.

A derivative of speed is acceleration (and deceleration). Since acceleration exists

at any time, we have a similar measure choices as for speed. For example, we can

use the standard deviation of the acceleration to describe its variation.

Global direction

Description The direction of the vector from the origin
to the destination of T (θ )

θUnit radian Range [0,2π ]
Derived from location

Related works (LaPoint et al. 2013; Safi et al. 2013;
Ranacher and Tzavella 2014)

Also direction can be described more finely than with just a global direction, and

as with speed, we can use subintervals of I to describe it. These subintervals may be

obtained by equal durations or by segmentation.
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Global velocity

Description The vector from the origin to the destina-
tion of T divided by total duration (v)

vUnit vector Range R
2

Derived from velocity, or location and time
Related works (Hanks et al. 2011)

Detour

Description The ratio of the traversed distance and the
length of the global velocity vector (δ )

v

s

δ = s
|v|

Unit - Range [1,∞)

Derived from -

Related works (Buchin et al. 2011c; Boinski and Garber
2000)

In other works, the notion of detour is described under different names, for exam-

ple, sinuosity (Andrienko et al. 2013) and straightness index (Benhamou 2004).

Total angular change

Description The total change of the heading angle (ω)

ω=α+β+γ

α

β

γ

Unit radian Range [0,∞)

Derived from heading
Related works (Calenge et al. 2009)

The total angular change is a common shape descriptor that does not depend on

time. It is the global version of the attribute representing the change in heading. It

describes the shape in just one number on an angular scale.
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Area covered

Description The area covered by a disc with radius r
that moves along the trajectory

r
AUnit square meter (m2) Range [0,∞)

Derived from location
Related works (Giuggioli et al. 2011)

( )A

Finally, it may be useful to define the area covered by the trajectory. Andrienko

et al. (2013) describe this measure as the spatial extent of a trajectory, which can

be defined in several ways. A simple definition is to use a distance parameter r and

say that the moving entity covers the whole area within distance r from its location.

The covered area is then the total swept area of a disk centered at the entity when it

follows its path; multiply swept areas count only once.

2.2 Measures for a Trajectory Amidst Other Trajectories

Some trajectory measures require the presence of other trajectories, for example

measures for notions like similarity and centrality. For now we only consider other

trajectories that exist at the same time as the trajectory that we observe. However, it

is also possible to take other trajectories into account that occur later or earlier, by

adapting the measures.

Similarity

Description The average distance to another trajec-
tory

Unit meter Range [0,∞)

Derived from -
Related works (Nanni and Pedreschi 2006)

Similarity has been studied extensively. It is a distance measure between two

trajectories that can refer to average distance between the entities, maximum dis-

tance between the entities, or maybe just similarity in shape of the path of the tra-

jectory. Well-known similarity measures for paths of trajectories are the Hausdorff

distance (Alt et al. 1995) and the Fréchet distance (Alt and Godau 1995). Well-known

similarity measures for trajectories are the time-focused distance, the dynamic time-

warping distance and the edit distance. All of these similarity measures take the

location into account. However, one can easily define speed similarity or accelera-

tion similarity if location is not relevant in the application. Another similarity mea-
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sure, introduced for shapes, is the turn function similarity. It is rotation-invariant,

and therefore particularly useful for comparing shape only.

In this work, we define the similarity as the average distance between two trajec-

tories during their time interval. To get the average distance, we can take the integral

of the distance over the time interval and divide by the duration of the trajectories.

Alternatively, one can take other possible options such as taking the minimum (or

maximum) value, or integrating over space (reparameterize the trajectory).

Closeness

Description Average distance to the nearest other tra-
jectory at each time

Unit meter Range [0,∞)

Derived from distance to the closest trajectory
Related works (Giardina 2008)

The closest entity to a single moving entity at a single time can change over its

time interval. Therefore, the average distance can show how close a trajectory is to

other trajectories.

Centrality

Description Average distance to the central position of
several trajectories

Unit meter Range [0,∞)

Derived from centrality
Related works (Agarwal et al. 2005; Laube et al. 2007)

Centrality is also an intuitive concept that allows various different definitions. The

centrality of an entity amidst other entities can change over time, so we first consider

centrality measures at a fixed time. In other words, we have a set of points in the

plane and one specific point p, and we want to describe how central p is. One option

is to define the center of mass as the most central location, and use the distance of

p to the center of mass to define p’s centrality. We can do something similar with

the median location, whose coordinates are the median x-coordinate and the median

y-coordinate of all points. Another option is to use the distance to the center of the

smallest enclosing circle of the points. For one trajectory, we take the average of

centrality over its time interval, which is defined by an integral. Similar with the two

previous measures, other options than taking the average are also possible.

A more combinatorial notion of centrality is the minimum number of points of

the set that must be removed to bring p to the convex hull of the points.
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Discussion. Other notions that can be turned into measures are isolation and social-

ity. To define these, we could use nearest-neighbor distance or k-nearest neighbor

distances.

2.3 Measures for a Trajectory in an Environment

Since the environment influences how an entity moves, it is natural to consider tra-

jectories in the context of other data. Other data can be internal or external, that is, it

can refer to the moving entity or to its environment. Depending on the source of the

data, internal attribute data can be heart rate, brain activity, CO2 level in exhaust, and

produced noise. External attribute data can be current landcover, elevation, weather,

quality of road, water currents, and visibility information.

Environmental factors can influence how the measures defined before may be

redefined. For example, two trajectories at distance 80 m in the open field can be

deemed more similar than two trajectories at 60 m, one of which is in the field and

one in the forest. A speed of 10m/s in the open field may be considered similar to a

speed of 8m/s in bushland.

Moreover, the environment may give rise to measures that do not exist without

it, like a measure for the diversity of landcover types crossed by the moving entity.

Here, the locations of the moving entity is used to select other data (the environment)

to which the measure relates.

The definitions of measures for trajectories in environments are very much

application-dependent, and therefore we omit further discussion in this paper that

aims to take a general view on measures for trajectories and groups.

3 Measures for a Group of Trajectories

When sufficiently many moving entities are close enough for a relatively long period

of time, they form a group. Closely related concepts are flocks, clusters, herds, and

convoys. Formal definitions are given in (Gudmundsson and van Kreveld 2006;

Jeung et al. 2008; Buchin et al. 2015; van Kreveld et al. 2016; Li et al. 2010; Kalnis

et al. 2005). Here, we assume that a group is a fixed set of entities during a fixed

period of time. Intuitively, the existence of a group relies on some conditions, such

as a minimum number of entities in it, a minimum entity inter-distance, a minimum

duration, etc. It is possible to add further requirements to a group definition, like

similarity of heading of the group entities.

Just like for a single trajectory, many measures exist for a group of trajectories.

Some of these are direct extensions from the single trajectory case, while others only

occur for a group. In general, there are three views of treating a group when defining

these measures:
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Representative view: A single trajectory is used (not necessarily from the group)

to define the measure. For example, we can take the mean location at every time

and use this to define a mean trajectory. This mean trajectory can then be used to

define group speed, for instance.

Complete view: All entities in the group are used to define the measure. For exam-

ple, to define group speed in a different way than in the representative view, we

can take the average speed of each entity over the group duration, and average

this over the entities.

Area view: The area the group occupies is used to define the measure. For example,

to define group density, we could define the area that the group occupies and let

the density be the ratio of the number of entities and the area.

Not all views make sense for all measures we will define. Often, these different views

give rise to different possible measures for the same concept, like for our example of

group speed. The representative view gives us a way to generalize all single trajectory

measures to groups.

In the following subsections we define group measures that do not require other

input, group measures that exist for a group amidst other groups of moving entities,

and group measures that require other types of input. The measures exist for any

definition of a group, assuming that the number of entities in the group does not

change in the interval during which this group exists. We also assume that the group

exists during exactly one time interval, so we do not allow a group to form, break

up, and later form again and call it the same group. Both assumptions can be lifted

if required by the application at hand; they are made for the sake of clarity of the

definitions of the measures.

3.1 Measures for a Single Group in Isolation

3.1.1 Measures Extended from a Single Trajectory

Almost all measures for a single trajectory in isolation can be extended directly to

a group. Both the representative view and the complete view work well with these

measures (except for the covered area). For example, the traversed distance of a group

can be defined in two ways: as the average of the traversed distance of all entities in

the group or as the traversed distance of a representative.

Furthermore, each of these two views can have more variations. With the com-

plete view, instead of taking the average of the measure from each trajectory, we can

also choose to take, for example, either the minimum or the maximum value. There

are also several possibilities to get a representative trajectory. For example, to define

the representative trajectory, we can take the mean or median point of all entities in

a group at a single time, or just pick one trajectory to represent the group.
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Only one measure for a single trajectory cannot be extended directly to a group:

Area covered

Description
The union of the total area covered by
each trajectory (using a disc of radius r)
in a group A

r

r

rUnit square meter (m2) Range [1,∞)

Derived from location
Related works (Boinski and Garber 2000)

(A)

Clearly, we cannot sum up the covered area from all entities in a group because

they might overlap. For the same reason, it is also not possible to aggregate the

covered area by a group at each single time. Therefore, we define the area covered

of a group as a union of the total area covered by its entities.

Note that this measure relies on a parameter r to define the disc which is used to

sweep the covered area.

The movement behavior of a group influences this measure. For instance, when

entities in a group move by following each other (single file behavior), then the group

covers roughly the same area as one of its entities. A more compact group will also

yield a smaller value for this measure than a more spread out group.

3.1.2 Measures that only Exist for a Group

In addition to attributes of a group that exist in a single trajectory, there are also

attributes that only naturally exist when we observe multiple entities at a single time.

For example, the number of entities in a group, (which is fixed for the whole duration

of a group), or the density of a group.

Size

Description The number of entities in a group (n)

Unit - Range [2,∞)

Derived from the number of entities in a group
Related works (Beauchamp 2012)
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Density

Description The average of the density of a group over
its duration (ρ)

Unit per square meter (m− 2) Range [ 1
π r2 ,∞)

Derived from density

Related works (Peters and Krisp 2010; Beauchamp
2012)

Intuitively, density relates a count to an area. Therefore, it is natural to define the

density using an area view: a ratio of the size of a group and the covered area at

a single time. Then, we integrate it over time to get a single value to represent the

density of the group.

Other options to define the density of a group are based on the distance between

entities in a group. We describe several possible definitions:

∙ The average of all distances between pairs of entities in a group.

∙ The weighted average of all distances, where small distances get a higher weight.

Closer entities have more influence on the density than the farther ones.

∙ The ratio between the farthest distance occurring between two entities in the group

and the maximum distance possible between two entities in any one group of the

same size.

These distance-based measures have the advantage that they do not depend on a

parameter to be determined.

Formation stability

Description
The average of the magnitudes of the ve-
locity difference of each entity and the
group (F)

Unit meter per second Range [0,∞)

Derived from velocity
Related works (Heppner 1997; Viscido et al. 2004)

A group of moving entities may move in a mostly stable formation, for instance,

the V-formation of migrating birds. Often, entities keep the same formation for sev-

eral reasons, like increasing the efficiency of movement by using the least energy.

At a fixed time, we define this measure using the magnitude of the difference in

velocity of each entity and the group. We can average these magnitudes over the

group entities and over time. Lower values for this measure indicate that the group

has a low deformation rate. The formula to compute F for a group

G = {e1, e2,… , en} over the duration [t
𝛼
, t
𝛽
] is:
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F = 1
t
𝛽
− t

𝛼
∫

t
𝛽

t
𝛼

1
n

n∑

i=1
‖𝐞i(t) −𝐆(t)‖dt

where 𝐞i(t) is the velocity vector of entity ei at time t and 𝐆(t) is the velocity vector

of G, which is the average over all of its entities at time t.

Discussion. Many more application-specific group measures are conceivable. For

instance, the occurrence of a leader. A leader can be defined as a single entity that

is usually in front of the rest of the entities in the group, or as an entity whose move-

ment drives the movement of the group (Boinski and Garber 2000; Andersson et al.

2007). Some groups are more clearly led than others, which can be captured in a

measure. Because such measures depend more on behaviour interpretation than a

clear objective aspect of groups, we will not suggest any formal definition in the

present article.

3.2 Measures for a Group Amidst Other Groups

Most of the measures for a group among other groups can be directly defined using

the representative trajectory of each group and apply to measures for a trajectory

amidst other trajectories.

Similarity

Description The average distance to another group

Unit meter Range [0,∞)

Derived from location
Related works (Bento 2016)

To define similarity between two groups of entities we need to be aware of a

few issues: (i) The two groups may have different size, and we still want a similar-

ity measure that makes sense. (ii) The trajectories in one group may be dissimilar

among each other, and if this occurs in the same way in the other group, then the

groups are similar. These considerations suggest a many-to-many matching-based

definition. For each trajectory in each group, consider the similarity to the most sim-

ilar trajectory in the other group, and average over these similarity values. If the one

group has n trajectories and the other m, then we use n + m similarity values to aver-

age over. Alternatively, we could take all n ⋅ m pairs of trajectories, one from each

group, and take their average, but this does not allow groups to be similar if their

trajectories are not similar internally.

Alternatively, we can compare the similarity between the two groups at a single

time and then integrate the result over the duration of the groups.
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If we ignore the temporal component, then the area view can be used to compare

the shape of the groups by comparing the shape of their covered area for a group

shape similarity measure.

Closeness

Description The average distance to the nearest other
group at each time

Unit meter Range [0,∞)

Derived from distance to the closest group
Related works -

Although this measure is a straightforward extension from the measure for a single

trajectory, applying it directly to the representative trajectories might not give the

proper estimation about how close the two groups are. Intuitively, a group is near to

the other groups if one or more entities in the group is close to entities in other groups.

However, because the representative trajectory is located roughly in the middle of

other entities in the group, there must be other pair of entities (each from different

groups) that are closer.

Since the nearest other group might change over the duration of the group, it is

better to first define the distance between two groups at a fixed time. Then, we can

pick the minimum distance to one other group and get the average of this value over

the whole duration of the group. At a single time, the distance between two sets of

points can be defined in several ways. The simplest is to take the closest distance

from any entity in one group to any entity in the other. Other options include the

Hausdorff Distance (Alt et al. 1995) and the Earth Mover’s Distance (Rubner et al.

2000). The question is whether we consider two groups to be very close when they

are completely interspersed or when they move closely side by side as a whole group.

Centrality

Description The average distance to the central posi-
tion of other groups

Unit meter Range [0,∞)

Derived from centrality
Related works -

Centrality can be defined using the representative trajectories and then apply the

centrality measure for a single trajectory. We can also use the complete view of a

group by computing the centrality of each entity w.r.t the central position of all enti-

ties and then average them over time to get the centrality of the group.
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Discussion. So far in this section, we only considered measures that assume all

groups start and end at the same time. It is also possible to define measures if we

drop this assumption. For example, we can measure how many other groups exist

(on average) during the lifetime of a group, and we can measure how similar a group

moves with respect to any previously existing group.

3.3 Measures for a Group of Trajectories in an Environment

Similar to the case for a single trajectory, we can consider environmental factors

when defining the measure of a group. For example, entities in a group may change

their formation because they are moving in single file formation while crossing a

river, and may change back to the previous formation on the opposite bank. In this

case, we probably want to say that the formation is consistent if the formation is the

same in each terrain type. We cannot use formation stability to capture this.

Different types of moving entities show different behavior when moving as a

group, and this is influenced by different types of external factors. Consequently,

integrating those factors into measures for a group depends on the type of mov-

ing entities that we want to analyze. Therefore, measures that take external factors

into account are application-dependent, and general purpose measures are less easily

defined.

4 Applications of Group Measures

With the vast increase of trajectory data, large collections of trajectories must be

organized well and good tools for selection, visualization, and analysis must be avail-

able. We discuss how group measures may be used for these tasks. We assume that

a group structure exists and has been computed.

Selection. To explore a collection of trajectories organized in groups, we may want

to select the ten or twenty most important or characteristic groups. What is important

about a group is application-dependent and can be discussed, but generally one can

say that large groups with a long duration are more important than small groups

with a short duration. Any of the other attributes can contribute to the importance of

a group too: perhaps fast-moving groups (high average speed) or groups with a large

area covered are important. The more measures play a role, the more dimensions the

Pareto-optimal front has, and the more Pareto-optimal choices there are.

While the single most important group may be defined by weighing the differ-

ent measures that contribute to importance, selecting a set of ten most characteristic

and important groups is more complex. In many applications the selection should be

varied, implying that choosing one group in the set influences which other groups

should also be chosen. The corresponding issues have been studied in the classical
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(a) (c)(b)

Fig. 1 a Each group is represented using a single black trajectory and an area with different colors.

The width of the area shows the size of the group. b Only the six longest and biggest groups are

selected, shown in color. c A better selection of six groups for diversity of the groups with respect

to location.

problem of settlement selection (van Kreveld et al. 1997; Samsonov and Krivosheina

2012): not necessarily the ten biggest cities should be chosen, they should also be

spatially distributed over the region of interest. Various models for such selections

have been suggested in the literature. Transferring these issues to groups in collec-

tions of trajectories, it may be important to get variation in where in the plane (in

space) the group occurred. If the six biggest and longest duration groups all occurred

in the west, the next six ones occurred in the east, and we wish to select six groups,

then it would probably be undesirable to select all groups in the west; instead, three

or four in the west and three or two in the east gives a better idea of the data (see

Fig. 1).

While a full treatment on when groups are important, salient or characteristic, and

when a selection is an appropriate selection is beyond the scope of this paper, it is

clear that group measures do play an important role in the process.

Visualization. Visualization of large collections of trajectories is difficult for several

reasons. First of all, it is not easy to show time in an intuitive manner, besides ani-

mations. Second, simply showing all paths of trajectories usually creates a chaos in

which little can be seen. If the trajectories come in groups, it is attractive to identify

these groups and use visual encodings of relevant attributes or measures. A repre-

sentative can be used to show each group (determined by trajectory measures), the

group size can be visualized by line thickness of the representative, and the group

speed or density can be visualized by color or other visual variable.

Segmentation. The segmentation of a single trajectory has been discussed in several

papers (Mann et al. 2002; Buchin et al. 2011c; Aronov et al. 2013), but it may be more

appropriate to segment a group in case the group as a whole shows certain behavior

types. A herd of bison may be roaming, migrating, or sleeping. Segmentation is

typically determined by within-segment similarity and across-segment dissimilarity

and hence it relies on suitable measures. How to extend trajectory segmentation to
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trajectory group segmentation is an interesting research question in which it is clear

that group measures will play an important role.

5 Conclusions and Future Work

In this paper, we discussed measures for a single trajectory and a group of trajectories

arising from moving entities. These measures provide extra information than just

the spatial and temporal component needed to be able to analyze the trajectory data

better. First, we gave basic measures for a single trajectory and differentiated them

into three types: measures for a single trajectory, measures for a trajectory amidst

other trajectories, and measures for a trajectory in the context of other data.

For a group of trajectories, we introduced three different views to define measures

for a group: the representative view, the complete view and the area view. Most

measures for a single trajectory can be extended directly to groups using at least one

of the three views. We also introduced exclusive measures for a group like density

and formation stability. For measures for group amidst other groups, we discussed

their differences with the same measure for a single trajectory and gave alternative

approaches to define them.

Finally, we considered several tasks where group measures are essential to ana-

lyze collections of trajectories data.

Our discussion of measures gives rise to various directions of future research.

Firstly, we can consider real-world trajectory data and investigate the need for mea-

sures beyond the ones we have given. It is also interesting to analyze how external

factors like geographic context should influence measures in various applications.

Secondly, the three cases selection, visualization, and segmentation of groups have

only been addressed briefly, and a complete study of each of these tasks would be

valuable. Thirdly, we may examine the measures further on robustness to “outliers”

within a group. Finally, measures need to be computed by algorithms, which in sev-

eral cases still need to be developed.
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