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Abstract – The trajectory of an object that moves in a
space during a time interval describes its movement.
Trajectories can be grouped by similarity according to
different criteria, e.g., their shape, speed, distance
travelled, duration, and visited sites, among others.
These criteria have typically been approached
separately, with few works considering the
combination of criteria to measure similarity between
trajectories. In this paper, we analyse several methods
to calculate the similarity between trajectories. The
most representative proposals are analysed in detail to
identify lines of research. The analysis focuses
especially on the proposals that consider semantic
aspects for determining similarity, e.g., the categories
of visited sites, and the combination of criteria. By
means of two motivating examples, we show that the
similarity between trajectories: i) is not a trivial notion
and ii) can be useful in fields such as marketing,
tourism, traffic, and animal monitoring, among others.
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1. Introduction
The trajectory of an object that moves in a space
(usually a geographic one) during a time interval,
e.g., a person visiting a shopping center during the
evening, a taxi traveling through a city during the
day, an animal traversing an area in the jungle during
the night, can be represented by a set of consecutive
(according to time) spatio-temporal coordinates:
latitude, longitude, altitude, and time.
Some of a moving object's preferences can be
inferred from its trajectory, e.g., preferred stores for
shopping, streets for driving, and jungle sites for
sleeping. It can also be inferred from the speed, the
way of driving (e.g., if the speed suddenly decreases
or increases), and the time spent on certain sites,
among other aspects. On the other hand, from the
trajectories of several moving objects, we can
identify, e.g., the most visited clothing stores, the
periods of the day of greatest congestion, the hotels
or museums that a taxi passed by (e.g., less than 1 km
away), and the busiest areas of the jungle (e.g.,
migration corridors, feeding places).
On the other hand, with the growth of geolocation
technologies such as GPS and the increasing
popularity of mobile devices like smartphones,
tablets, and drones, it is possible to obtain very large
datasets (of the order of terabytes) of trajectories.
Social networks also offer data on the visited sites by
users, e.g., some publications on Facebook,
Foursquare, and Twitter are usually accompanied by
geolocation data [1]. These data can be used for
finding similar users, for recommending sites or
activities, or for detecting unusual behaviors, e.g., a
person who goes to an ATM at a time when he/she
usually does not make transactions.
In particular, the identification of similar
trajectories allows the analyst to group moving
objects with similar behaviors, which can be useful
to recommend friends, places, activities, products,
services, and identify road and migration corridors
[2]. Therefore, the identification of groups of similar
moving objects has application in fields such as
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marketing, tourism, entertainment, meteorology,
traffic, migration, animal monitoring, among many
others [3], [4].
The trajectories can be grouped by similarity
according to different criteria, e.g., shape, speed,
distance traveled, duration, and visited sites, among
others. In this paper, we analyze several works
related to the similarity between trajectories based on
semantic (e.g., visited sites and activities carried out
on these sites) and temporal aspects. We present the
main aspects of each proposal, its advantages and
disadvantages. From this analysis, we propose some
lines of research.
The paper is organized as follows. In Section 2, we
present two motivating examples that introduce
different aspects and criteria of similarity between
trajectories. In Section 3, we present the related
works, from within four of them are analyzed in
detail. In Section 4, we propose some research
directions based on the drawbacks identified in the
analyzed works.

for six hours each, while A works for four hours.
Thus, if the duration of this activity is considered for
determining similarity, B and C is the most similar
pair.
On the other hand, the three users swim for two
hours; however, A and C swim in the afternoon, and
B in the morning. Thus, A and C is the most similar
pair in terms of the moment of execution of this
activity. Nonetheless, if we consider the site of
execution of this activity (swimming), A and B is the
most similar pair since they did it in the same site (in
the stadium).
Consider now the order of execution of the
activities. We can see that the three users work,
swim, and study. However, A and C work before
swimming, unlike B, who swims before working.
According to this criterion, A and C is the most
similar pair.
Example 2. Consider Figure 2, which shows the
activities “Buying groceries” and “Doing sports”
carried out by three users during a week.

2. Motivation
Several studies have been conducted to determine
the similarity between trajectories based on criteria
such as shape, speed, direction, visited sites, and
categories of visited sites (e.g., educational or
entertaining), among others. A few works [3, 5] have
also considered the activities carried out on the
visited sites (e.g., studying, working, and
participating in sports); however, they have not
considered aspects related to the timing of the
activities, such as duration, order, and frequency on a
typical day.
Example 1. Consider three users, A, B, and C.
Figure 1 shows the activities carried out by these
users between 8 am and 6 pm.

Figure 1. Activities carried out by three users A, B,
and C during a day between 8 am and 6 pm

We can see that the three users work; however, A
and C work at a university and B in a stadium.
Therefore, if the site where this activity is carried out
is considered for determining similarity, then A and
C is the more similar pair. However, B and C work
TEM Journal – Volume 11 / Number 4 / 2022.

Figure 2. Activities carried out by three users A, B,
and C during a week

A does sports five times a week, B twice, and C
four times. Although all three users do sports, A and
C are the ones who carry out the activity more times.
Thus, according to the frequency of this activity, A
and C is the most similar pair.
On the other hand, note that all the users buy
groceries; however, B and C do it over the weekend,
while A does it on Tuesday. According to the moment
of the week (with regard to this activity), B and C is
the most similar pair.
Table 1 shows the most similar pairs of users
according to a given criterion. For example, criterion
1 considers the similarity with regard to the visited
sites and criterion 2 with regard to the activities
carried out. Note that the three users are equally
similar since, according to criterion 1, they visit the
same sites. A similar situation occurs with criterion 2
because they carried out the same activities.

1759

TEM Journal. Volume 11, Issue 4, pages 1758 -1767, ISSN 2217-8309, DOI: 10.18421/TEM114-42, November 2022.

Table 1. Most similar pairs of users according to the selected criteria
No.

Criterion

1

Visited sites
Activities
carried out

2

3

4

5

6

7

8

9

Sites of the
execution of
activities
Activities
carried out on
the site

Duration of
activities

Moment of
execution of the
activities (part of
the day)

Order of
execution of
activities

Frequency of
activities
Moment of
execution of the
activities (part of
the week)

Activity
or site

Most similar
users
A, B, and C
A, B, and C

1

A and C

A and B

A and B study after working. C studies
before working

1

A and B

A and B study after swimming. C studies
before swimming

1

A and C

To swim

A and B

To study

A, B, and C

University

A and C

Stadium

A and B

To work

B and C

To swim

A, B, and C

To study

B and C

To work

B and C

To swim

A and C

To study

A and B

A and C
A, B, and C
A, B, and C
B and C

Thus, if two users visit a university, criterion 1
indicates that they are similar, regardless of the
activity they do at the university.
To determine the similarity in greater detail, we
can resort to a combination of the two previous
criteria. In this way, criteria 3 and 4 of Table 1 show,
depending on the site or activity chosen, the most
similar pairs of users, but in these cases it does
matter which activity users carry out on a site or
which site they visit to carry out an activity. For
instance, if user X works at a university and user Y
studies at a university, their similarity will be
reduced due to the difference in the activities they do.
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All users visited the same sites
All users carried out the same activities

Motivating
example
1

A and C work at a university. B works in a
stadium
A and B swim in a stadium. B swims at a
university
The three users study at a university
A and C work and study at a university. B
only studies.
A and B carry out activities in a stadium. C
does not.
B and C carry out the activity for six hours.
A for four hours
The three users carry out the activity for
two hours
B and C carry out the activity for two hours.
A for four hours
B and C work in the morning and in the
afternoon. A works only in the morning
A and C swim in the afternoon. B swims in
the morning
A and B study in the afternoon. C studies in
the morning
A and C swim after working. B swims
before working

To work

To work
vs to
swim
To work
vs to
study
To swim
vs
To study
To do
sports
To buy
groceries
To do
sports
To buy
groceries

Observation

A do sports five times a week, C four times,
and B two times
All three users buy groceries once a week
The three users do sport on working days
(Monday to Friday)
B and C buy groceries on weekends. A buys
groceries on Tuesday

1
1
1
1
1
1
1
1
1
1
1
1

2
2
2
2

The criteria related to the time can be considered
with regard to the activity carried out or the site
visited. In Table 1 the criteria 5 to 9 were considered
with regard to the activities, but they can also be
considered analogously with regard to the sites. For
instance, criterion 5 considers the duration of the
activities (regardless of the site where they are
carried out). Similarly, although it is not in Table 1,
we can also consider the time spent on a site
(regardless of the activity carried out). Note also that
a combination of the three criteria (time, sites, and
activities) can also be considered. For example, if
user X works at a university for eight hours and user
Y studies at a university for two hours, their
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similarity will be affected due to the difference in
their activities as well as by their duration. Figure 3
shows the combination of one, two, or three criteria
to determine similarity.
So far, we have considered a maximum of three
criteria. However, more criteria may be considered to
determine similarity in greater detail. These two
motivating examples show that defining similarity
between trajectories is not a trivial notion; it depends,
to a large extent, on the interests of the analyst and
on the criteria with which the similarity is expected
to be analyzed.

Figure 3. Examples of combinations of some criteria

3. Related Works
In [6], a two-phase algorithm is proposed, which
receives a set of trajectories. In the first phase, it
finds reference spots (RS, an area frequently visited
by trajectories) and detects periods of time (e.g.,
days, weeks) of visit for each RS. In the second
phase, it tries to discover frequent patterns (e.g., a
user usually gets home from Monday to Friday at
around 8 p.m. and on Saturdays at around 11 p.m.)
and groups the trajectories based on these patterns.
In [7], a similarity measure between trajectories,
determined by geographic and semantic distances, is
proposed. The geographic distance considers the
direction, the center of mass, and the speed of the
trajectories. The semantic distance considers the
sequence of visited sites by each trajectory and
calculates the maximum subsequence of sites that
two trajectories have in common, i.e., the largest set
of sites in common visited in the same order by the
two trajectories. However, neither the activities
carried out by the moving objects nor the categories
of visited sites are considered (e.g., whether they are
educational or entertaining).
In [2], a model of similarity between trajectories
that considers the category of site visited (e.g.,
Entertainment, Food, Cultural) is proposed. The
authors define a hierarchy of categories of sites, e.g.,
the “Cultural” category is more general than the
“Museum” category. The sites more frequented by
users are also identified. The similarity between two
trajectories considers the number of visited sites that
they have in common and their categories of sites.
For example, two users who visited different
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museums are less similar than two users who visited
the same museum but are more similar than two
users: one who visited a museum and the other one a
gym. This method allows the analyst to determine
more detailed semantic relationships with regard to
the sites; nonetheless, neither the activities carried
out on them nor the temporal aspects, e.g., the hours
in which the sites are visited or the duration of the
visits, are considered.
In [8], a three-phase algorithm for the clustering of
trajectories is proposed. In the first phase, a Boolean
matrix is created where each row represents a
trajectory and each column a stop, i.e., a site visited
by a moving object. Then the Jaccard distance
(which measures the similarity between two sets) is
applied to group the trajectories that have sites in
common. In the second phase, dynamic time warping
(which measures the similarity between two or more
time series) is used to group the trajectories that
share similar chronological sequences (i.e., the order
in which the sites are visited). Finally, in the third
phase, temporal conditions are added to refine the
clusters.
In [9], a similarity measure called MSTPSimilarity (maximal semantic trajectory pattern
similarity) is proposed. This measure calculates the
similarity between two trajectories according to the
semantic labels of the sites, e.g., School, University,
Hospital, and the longest common subsequence [10]
(LCS) of the visited sites. The algorithm receives two
trajectories (with the visited sites already
semantically labeled) and finds the LCS. For
example, the LCS between the trajectories T1 =
[Park, Cinema, Theater, Gym, University] and T2 =
[Park, Theater, School, University] is [Park, Theater,
University]. Although the proposed method considers
semantic labels for sites, it does not determine
relationships among them; thus, the labels School
and University are not related to a more general label
(e.g., Educational).
Figure 4 shows a taxonomy of different criteria
(spatial, temporal, and semantic) that can be applied
to determine the similarity between trajectories and
some works that consider these criteria. Works that
include more than one criterion appear in more than
one branch. Because spatial similarity has been
widely studied [11, 12], here we analyze proposals
that consider temporal and semantic criteria.
In the following subsections (3.1-3.4), we analyze
in detail four of the most representative works: i)
Xiao’s work [13] is the most mature in terms of
managing the semantics of the sites, since it
considers a category tree of sites that allows the
analyst to relate the visited sites according to their
category, ii) Tiakas’ work [14] considers spatial and
temporal aspects, which are initially treated
separately and later combined according to the needs
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Trajectory Similarity
Spatial

Distance
- Trajcevski et al. [11]
- Tiakas et al. [14]

Temporal

Travel Time

Category of stops

- Xiao et al. [13]
- Tiakas et al. [14]

Shape
- Liu and Schneider [7]
- Lee et al. [4]
- Yanagisawa et al. [12]

Semantic

- Xiao et al. [13]
- Lee and Chung [2]
- Ying et al. [9]
- Moreno et al. [5]

Order
- Xiao et al. [13]
- Zhao et al. [8]
- Ying et al. [9]

Sequence of stops
- Liu and Schneider [7]

Direction
- Liu and Schneider [7]

Moment
- Chang et al. [11]

Activities
- Kondaveeti [3]
- Moreno et al. [5]

Duration
- Kondaveeti [3]
- Trajcevski et al. [11]

Speed
- Liu and Schneider [7]

Frequency
- Xiao et al. [13]

Figure 4. Criteria classification

of the analyst, iii) Chang’s work [15] considers the
moment when the visits to the sites occur, fractioning
the days, weeks, and years into different groups, to
relate visits that occur at similar moments, and iv)
Kondaveeti’s work [3] is the one that considers most
aspects (visited sites, activities, order, and duration,
among others) to measure the similarity between
trajectories, but it shows several problems and
limitations. We propose some ideas for future works
in this field based on aspects not addressed by these
works.
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3.1. Similarity Based on Temporal-Semantic
(of the sites) Aspects
Xiao [13] proposes a method to calculate the
similarity between users’ trajectories according to
their physical location history. Each point of interest
(POI, a site) has a semantic location category (SLC),
e.g., “Restaurant”, “Park”, “Hotel”. The authors
define a set of layers, where the layers of lower
granularity group the POIs with similar semantics
(e.g., “Restaurant”) and the layers of higher
granularity distinguish the POIs in a more specific
way (e.g., “Chinese food”, “Thai food”); this allows
the analyst the calculation of the similarity between
trajectories to be flexible according to the desired
level (layer) of granularity.
TEM Journal – Volume 11 / Number 4 / 2022.
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A tree-structured SLC hierarchy is defined to
represent the relationship between the SLCs and
where each level of the tree corresponds to a layer;
see Figure 5. Note that when descending the levels of
the tree (higher granularity), the POIs are associated
with more specific SLCs, e.g., POIs 1 and 2 could be
associated with the same SLC (“Restaurant”) in layer
2 but could be associated with different SLCs
(“Chinese food” for POI 1 and “Thai food” for POI
2) in layer 3.

Figure 5. Relationship between the category tree (location
category hierarchy) and the layers. Source [13]

The temporal similarity is determined by the order
in which the POIs are visited and the time for travel
between sites. A travel match is a common sequence
of SLCs visited by two users at similar travel times.
The SLCs in a travel match do not have to be
consecutive (i.e., gaps are allowed in the sequences),
e.g., a user who visited POIs with SLCs =
[University, Restaurant] will be similar to another
user who visited a University but made a stop at a
Shopping Center before visiting a Restaurant, i.e.,
having the sequence of SLCs = [University,
Shopping Center, Restaurant] but only if the time
spent in the shopping center was short (according to
a threshold, e.g., less than 10 minutes). The similarity
is determined by: i) the number of common
sequences (and by their length) between users, ii) the
granularity (users with common sequences at a
higher level of granularity will be more similar), and
iii) the popularity of SLCs (users with common
sequences of SLCs that are rarely visited by other
users would be more similar). The combination of
these three criteria determines the similarity between
two users.
However, the method does not consider the
activities carried out in each POI; thus, situations like
these are ignored: two users visit a Shopping Center:
one goes to work and the other one goes shopping.
3.2. Similarity Based on Spatio-Temporal Aspects
Tiakas [14] defines a similarity measure between
trajectories in spatial networks, i.e., the objects are
subject to the network constraints, e.g., cars in a city
can only move through the roads and according to
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the directional restrictions of the roads and of the
turns.
In this scenario, the Euclidean distance is not used
to determine the spatial distance due to the
directional restrictions in the network. For example,
Figure 6 shows a situation where the node closest to
node A is node B if the Euclidean distance is
considered, but due to the network restrictions, to
reach node A a smaller distance is traveled from node
C than from node B. Consequently, the authors
define a method based on the cost of travel between
two nodes. This cost corresponds to the shortest path
distance (network distance) between the two nodes.

Figure 6. Example of a spatial network

The temporal similarity considers the time to travel
between one node and another; and it can be
combined with a spatial similarity measure. The
temporal similarity measure between two trajectories
Ta and Tb is given by Equation (1), which considers
the times of travel between nodes.
(1)
Where m is the length of the trajectories (number
of nodes) and T[i].t is the timestamp of node i of the
trajectory T.
Figure 7 shows an example of two trajectories with
four nodes each (a node is a visited site); the values
on the edges represent the time to travel between two
nodes.

Figure 7. Trajectories with four nodes

When applying Equation (1), we obtain:
(

)

Finally, to find similar trajectories considering the
spatial and temporal criteria, they propose two
methods:
1. Define a spatio-temporal distance, given by
Equation (2):
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Table 3. Groups of ranges of time. Source [15]

(2)
Where
and
are weights
between 0 and 1 assigned to each criterion,
so that
= 1.
2. Find similar trajectories in terms of spatial
distance and then determine their similarity with
regard to temporal distance.
Note that these methods require that the two
trajectories have the same number of nodes, which in
real life is unusual. For example, two users do not
necessarily visit the same number of sites in one day.
To solve this problem, the authors propose to
decompose each trajectory into a set of subtrajectories of equal length and then apply the
methods described.
3.3. Similarity Based on Semantic Time Aspects
Chang [15] proposes a measure to calculate the
similarity between two trajectories in a spatial
network. The method calculates a temporal distance
(TD) and a spatial distance (SD) between two
trajectories and combines them to thus obtain a value
of similarity. The TD is composed of three factors:
the time range of the day (TRD), the day of the week
(TDD), and the week (TWD).
The TD between two trajectories Ta and Tb is
given by Equation (3).

Where α, β, and  are weights, whose
recommended values are α = 60, β = 20, and  = 1
according to the authors’ experiments.
TRD: To define this factor, the day is fragmented
into consecutive mutually exclusive ranges of time
(R); see an example in Table 2.

1.

Range
(R)
MR

2.
3.

M
L

4.
5.

A
ER

6.
7.

LE
N

For instance, the range of time 1 (group 1) relates
to the moments of the day when there is high
vehicular congestion (morning and evening rush
hours), while the range of time 4 (group 4) relates to
the moments of the day when most people sleep.
TDD: To define this factor, the days of the week
are categorized into two groups: group 1: Monday
through Friday; and group 2: Saturday and Sunday.
The idea is to separate the behavior of moving
objects on working days and weekend days. The
function proposed for this factor considers the
distance between days of the same group and the
distance between days of different groups
TWD: To define this factor, the difference in
absolute value of the weeks between two trajectories
is considered, where one year contains weeks 1 to 52.
For example, if Ta starts in week 3 of a given year
and Tb starts in week 7 of the same year, the TWD of
Ta and Tb is 4.
The authors propose a method based on nonEuclidean distance that calculates the SD between
two trajectories Ta and Tb as the average of the
distance between their start nodes and the distance
between their end nodes.
Finally, the spatio-temporal distance (STDist)
between two trajectories is calculated with Equation
(4).

Description

From

To

Morning rush
hour
Morning
Lunch time

7:00 am

9:00 am

9:00 am
12:00
pm
2:00 pm
5:00 pm

12:00 pm
2:00 pm

3.4. Similarity Based on The Attributes of the
Episodes

5:00 pm
7:00 pm

7:00 pm
10:00
pm

10:00 pm
7:00 am

In Kondaveeti [3], a trajectory is a sequence of
episodes: stops (when a trajectory visits a site) and
moves (when a trajectory is not visiting a site), where
each episode has a set of attributes. Figure 8 shows
an example of two trajectories that are considered
similar. Note that although their start times do not
match, the total traveling time, mode of transport,
visited sites, and sequence (order) of stops and
moves are equal.

Afternoon
Evening rush
hour
Late evening
Night
(sleeping time)

Then, each range of time is associated with groups
of ranges of time (also defined by the analyst) as
shown in Table 3.
1764

Members
MR, ER
L
M, A, LE
N

Where δ is a weight, whose recommended value is
20, according to the authors’ experiments.
While the method allows the analyst to define the
hours and day ranges, the method only considers the
start time and the end time of each trajectory, i.e., it
omits the time and the duration of each visit to a site.
Thus, it is necessary to modify the method if the
temporal aspect of each of their visits needs to be
considered.

Table 2. Ranges of time of a day. Source [15]
S.No

Group
Group 1
Group 2
Group 3
Group 4

TEM Journal – Volume 11 / Number 4 / 2022.
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attribute corresponding to the travel time. The
following disadvantages of the method were revealed
by our tests:

Figure 8. Example of two similar trajectories. Source [3]

The author proposes a method for clustering
similar trajectories. Initially, a set of synthetic
trajectories is created randomly from the real data to
break dependencies between the variables, e.g., when
a stop is made at the same site, the duration is usually
similar (e.g., the time for refueling a car at a gas
station). The real data are labeled as C0 (class 0),
while the synthetic data as C1 (class 1).
To generate C1, they proceed as follows: for the
numeric attributes, let a be a numeric attribute in C0,
then a random value is generated in the interval [amin
- ax, amax + ax] where amin is the minimum value of a
in C0, amax is the maximum value of a in C0, and ax is
the standard deviation of a in C0. For the categorical
attributes, a value is randomly chosen from the set of
possible values that the attribute has in C0. Figure 9
shows an example of C1 generated from C0.

Figure 9. Example of two similar trajectories. Source [3]

After generating C1, the random forest algorithm
[16] is used, which generates a collection of decision
trees to determine the classification of each trajectory
and generates the clusters.
To analyze the proposed method, we carried out
the program presented in [3] with 50 trajectories,
each consisting of three stops and two moves, where
each stop has an attribute corresponding to the time
spent at the corresponding site and each move has an

TEM Journal – Volume 11 / Number 4 / 2022.

1. Inconsistent similarity: trajectories T1 and T9,
e.g., are identical; see Figure 10. Therefore, the
similarity between them is expected to be 1
(maximum similarity), as indeed it occurred. It
was also expected that their similarity to any
other trajectory would be the same. However, the
similarity values of T1 and T9 to the other
trajectories were different. For example,
Similarity(T6,T1)
=
0.8064,
while
Similarity(T6,T9) = 0.6428, which shows a
difference of more than 16%.

Figure 10. Trajectories 1 and 9

2. Lack of semantic labels (categories for sites and
activities): trajectories T16, T17, and T18 are
“almost” equal. The only difference is that the
site visited in stop 1 of T16 is a University, of T17
is a School, and of T18 is a Home. Note that
University and School are educational sites,
whereas Home is not.
If the categories of the sites are considered, the
similarity of a trajectory Tx with T16 and T17
should be equal, i.e., Similarity(Tx, T16) =
Similarity(Tx, T17) since these two trajectories
only differ on one site, although it is in the same
category (educational). On the other hand, the
similarity of Tx with T18 should be less (with
regard to T16 and T17) since the site that
differentiates T18 from T16 and from T17 is not in
the educational category (Home). However, in
the results this was not obtained, e.g., for T5,
Similarity(T5, T16) = 0.5128, Similarity(T5, T17) =
0.4901, and Similarity(T5, T18) = 0.5769.
An analogous situation would occur if other
categories of attributes of the episodes were
considered, e.g., the categories for the activities.
That is, in this method meaning is not assigned to
the values of the attributes.
3. Sensitivity in the order of data (attributes): the
columns representing the site visited and the
duration of stop 3 were exchanged (position in
the datafile) and the method was rerun. The
exchange in the order of the attributes of a stop
should not affect the similarity between
trajectories; nonetheless, we obtained a different
proximity matrix; e.g., before the exchange
Similarity(T3, T8) = 0,4383 and after the
exchange Similarity(T3, T8) = 0,5735, i.e., a
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difference greater than 13%. This situation
occurs for almost any pair of trajectories. This
indicates that the method is sensitive to the
position of the attributes in the data file. This
should be irrelevant since, regardless of the order
of the stop attributes, the site visited and the
duration of the stop do not change.
4. Data sample dependency: it is not possible to
calculate the similarity between two trajectories
if there is no data from other trajectories. That is,
the method requires data from additional
trajectories even when the only purpose is to find
the similarity between two trajectories.
Table 4 shows the four works analyzed and the
disadvantages of each one.



Combination of criteria. For instance, although
several authors have considered different criteria
related to time, these have been considered
separately. It is preferable to use a method that
considers several temporal aspects such as
duration, chronology of events, frequency of
visited sites, time of day, and days of the week in
which the sites are visited, because, as discussed
in Section 1, each of these aspects is important
for determining similarity. In general, a method
that considers different criteria and allows their
combination is desirable.

Table 3. Aspects to determine the similarity between trajectories and disadvantages of the analyzed methods
Aspect to
determine the
similarity

Disadvantages

Xiao et al. [13]
Temporalsemantic (of the
sites)

Activities are not
considered

Tiakas et al. [14]
Spatio-temporal
- Focus on spatial
networks, which
prevents its
application to
trajectories of moving
objects with free
motion in space.
- Activities are not
considered

4. Conclusions and Possible Lines of Research



Some lines of research that emerge from our
analysis are:


Activities. The activities carried out by moving
objects in the visited sites are a little-explored
aspect for determining the similarity between
trajectories [5]. A method that considers both the
visited sites and the activities carried out by the
users within them would offer more elements to
the analysts to determine the similarity between
users. In addition, for determining the similarity
we could also consider:
 The relationship between different categories
of activities, e.g., swimming and jogging are
similar activities, since they are of a sporting
nature.
 The execution of different activities on the
same site, e.g., one user can visit a university
for five hours and carry out three activities:
studying for two hours, swimming for an
hour, and working for two hours.
 The details of each activity, e.g., the genre of
the book read, the style of swimming
practiced, and the music genre heard, among
others.
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Chang et al. [15]

Kondaveeti [3]

Semantic (of time)

Episode attributes

It does not consider
the moment or the
duration of each
episode.
Activities are not
considered

- Similarity is not consistent
- Lack of semantic labels
(for sites, activities)
- Sensitive to the order of the
attributes in the data file.
- To determine the similarity
between two trajectories it
requires additional data (other
trajectories)

Sentiments. The sentiments and the mood of the
users could be included in the calculation of the
similarity. Recently, on social networks, it is
possible for users to include how they are feeling
when they publish something, which can be
accompanied by the location and the activity
carried out by the user. For example, a user can
publish “I am eating at Blue Restaurant, and I
am having a great time” or “I am watching a
movie in the Astor Cinema and I am bored.”
Sentiments and moods can determine a
difference between two users since they can
express “like” or “dislike” for a certain site or
activity, e.g., two users who visit the beach and
like it are more similar than a third user who
visits it but finds it unpleasant. Sentiment
analysis could also be applied [17], [18] to try to
infer the mood of users from their publications
when this is not explicit.
Traveling companions. The people with whom
an activity was carried out or a site was visited
may indicate greater similarity between users.
For instance, on Facebook, people can label
friends in their publications: “John is on Ipanema
Beach with Andrew and Corinne” or “George is
drinking in a pub with Michael”. The
information from the network of users’ friends
can be used as a criterion to determine the
similarity between trajectories. For example, if
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Andrew has gone to a theater with John, and
Andrew has also gone to a theater with Lisa
(other day), it could be said that John and Lisa
have some degree of similarity not only because
they visited the same category of site but also
because they did it with common friend
(Andrew). This common friend can be used to
detect fake similarities; for example, historical
data could show that Lisa only goes to the theater
with Andrew, whereas John goes to the theater
alone, with Andrew, and with other friends. This
might suggest that John really likes the theater,
whereas Lisa maybe goes to the theater just to be
with Andrew. This situation shows that even if
two people visit the same sites with the same
people and even carry out the same activities,
more elements are required to determine with
greater precision their similarity.
Visualization. It is desirable to have interfaces
that allow determining the criteria of similarity
[19], visualizing the results (e.g., groups of
similar trajectories), modifying the criteria,
entering, modifying, and visualizing the category
trees (categories of sites, categories of activities),
and associating the episodes of the trajectories
with these trees, among other possibilities. This
seems to be a line of work little explored but of
great usefulness for analysts
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