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INFORMATION TECHNOLOGY
FOR TRAJECTORY DATA MINING

Introduction. Advanced technologies allow almost continuous tracking and recording the movement of objects in
space and time. Detecting interesting patterns in these data, popular routes, habits, and anomalies in object mo-
tion and understanding mobility behaviors are actual tasks in different application areas such as marketing, ur-
ban planning, transportation, biology, ecology, etc.

Problem Statement. In order to obtain useful information from trajectories of moving objects, it is important
to develop and to improve mathematical methods of spatiotemporal analysis and to implement them in high-
quality modern software.

Purpose. The purpose of this research is the development of information technology for trajectory data mining.

Materials and Methods. Information technology contains the three main algorithms: revealing key points
and sequences of interest with the use of density-based trajectories clustering of studied objects; detecting pat-
terns of an object movement based on association rules and hierarchical cluster analysis of its motion trajectories
in the time interoal of observations, similarity measure of the motion trajectories has been proposed to be calcu-
lated on the basis of the DTW method with the use of the modified Haversine formula; new algorithm for revealing
permanent routes and detecting groups of similar objects has been developed on the basis of clustering ensembles
of all studied trajectories in time. The clustering parameters are selected with multi-criteria quality evaluation.

Results. The modern software that implements the proposed algorithms and provides a convenient interaction
with users and a variety of visualization tools has been created. The developed algorithms and software have been
tested in detail on the artificial trajectories of moving objects and applied to analysis of real open databases.

Conclusions. The experiments have confirmed the efficiency of the proposed information technology that
may have a practicable application to trajectory data mining in various fields.

Keywords:information technology, pattern mining, trajectory of motion, points and sequences of interest, clus-
ter analysis, and similarity measure.

In today’s world, where everything is in constant motion, mobility is a key concept. Pre-
valence of GPS-enabled devices and wireless communication technology leads to the ac-
cumulation of huge amounts of information about the movement of objects in space and
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time. Having analyzed these data, we may better
understand the features of the motion and beha-
vior of objects, as well as other interesting patterns.

One example of practical application is the ana-
lytics or marketing industry, where it is important
to correctly analyze the audience and categorize
it fairly precisely by interest category in order to
be able to more accurately engage a new target
audience or draw conclusions based on the inte-
rests of an existing audience. Consider, for examp-
le, the trajectory of human movement. We can de-
termine which areas may be important for him:
work, gyms, shopping malls, etc. On the basis of
several trajectories, it is even possible to track so-
me habits and patterns of human behavior: go to
the cafe every morning, an evening jog around the
park every Friday, and so on.

Most mobile apps installed on mobile devices oc-
casionally request access to a user’s location. The
location and movement of the users is used in ope-
rating systems and mobile applications to provi-
de various quality promotional recommendations
for nearby places of interest or, for instance, time-
ly notification of traffic jams.

Analyzing the trajectories obtained by tracking
the movement of animals, it is interesting to de-
termine which geographic areas are important for
an animal, in which it spends a certain part of its
time or movement patterns such as spatio-tempo-
ral expression of behaviours, e.g. in flocking sheep
or birds assembling for the seasonal migration,
migration patterns of traveling for better access
to food, water, and shelter.

In transportation field — tracking vehicle mo-
vement, traffic planning, detecting hotspots, for
taxi pick-up point recommendation; in ecology —
tracking down pollution incidents etc.

There are also some successful examples in va-
rious AR applications: such as Ingress or Poke-
monGO, where user location analysis is the main
mechanism for managing the gameplay.

Raw trajectory data in the form of geographi-
cal coordinates and timestamps are meaningless
to humans. All these data are of great value only
if it is properly processed. Therefore, the task of tra-
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jectory data mining is of interest among resear-
chers and very popular in practical applications.

Trajectory data mining is the process of inte-
resting, useful knowledge and patterns discove-
ry in large data sets of objects™ motion history. The
mathematical apparatus of spatial-temporal ana-
lysis methods is used to study the trajectories of
motion [1—3]. In [4] the authors divided the me-
thods into two categories: primary (clustering, clas-
sification) and secondary (pattern mining, outlier
detection, prediction) and showed relationships
between them.

A systematic review of different methods and
examples of practical application of trajectory ana-
lysis was performed in [4—6]. In [6] links to dif-
ferent datasets can also be found.

An important task is finding points of interest
or points of stops [7—8]. Generalizing the various
methods, the fact can be noticed, that in most ca-
ses density algorithms (DBSCAN and its modi-
fications) are used for solving this problem. In ca-
ses where there is no access to the entire amount
of data, for example, in real-time analysis, the al-
gorithms based on analysis of the spatial and tem-
poral differences between individual segments
of trajectories are used in order to highlight the
centroids as points of interest. Due to their low
computational complexity, they are widely used
in mobile devices. Sometimes a probabilistic app-
roach is used based on models such as a mixture
of Gaussian distributions, Bayesian and Markov
models.

In many pattern mining tasks, it is necessary to
determine the similarity of trajectories. Most ap-
proaches to determining it are distance measures
that can be divided into two categories: spatial
ones that focus only on spatial changes and ig-
nore the temporal attribute, and spatio-temporal
ones that use data of both spatial and temporal
changes. Spatio-temporal distance measures, for
the most part, have the same camputation prin-
ciples as when dealing with time series. Widely
used approaches to distance measure are, for examp-
le, DTW, LCSS, TWED and so on. Among the spa-
tial measures of distance, three types are most com-
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pl5
Fig. 1. Determination of points clusters on the trajectory

mon: proximity to the direction of motion, proxi-
mity of geometric shapes and spatial proximity.

Visualization and visual analytics is an impor-
tant and effective tool for the study of trajectories
that has been addressed, for example, in [9—10)].

Although there are a lot of theoretical works in
this area, there are few software solutions and
most of them are for highly specialized tasks.

The object of study is trajectories of objects’
motion in space and time.

The subject of study is methods of revealing
useful information and pattern mining in trajec-
tory databases.

The purpose of the work is to study existing
approaches for solving the problem, to develop
the information technology for trajectory data mi-
ning and to apply the created software to the ana-
lysis of real datasets from different subject areas.

Materials and Methods

Let a set of objects of observation be given as O =
={0;k=1,N, ,i1» each object is characterized
by a set of tra]ectorles ={TKi=1, N}, Tr=
={pfi=1 N} —i- th trajectory of the k-th ob-
Ject of 0bservat1on pf =} xf y), where xf,
— latitude and longltude of the j-th point in
the i-th trajectory of the k-th object of observation,
t; — the moment of time corresponding to the
Jj- “th point in the i-th trajectory of the k-th object.
To analyze this data, it is necessary to develop
algorithms and software for:
o searching for key points and sequences of interest;
¢ detecting objects movement patterns in the
period of observation;
¢ revealing permanent routes, identifying groups
of similar objects based on an analysis of all stud-
ied trajectories over time.
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Fig. 2. Transition from the initial trajectory to sequence of
key points (interests)

The first step in analyzing trajectories is to
identify key points or so-called points of interest.
It can be interesting to researchers as an indepen-
dent task (identifying visited by an object places
that are, places of particular interest to him) and
may be used as an ancillary task to reduce data
dimensions and to eliminate noise.

To determine the points of interest, we first ap-
ply the DBSCAN dense clustering algorithm,
which will allow us to find clusters of points on
the trajectory (Fig. 1):

1. Set the parameters of the algorithm ¢ (allow-
able neighborhood of a point during cluster for-
mation) and minP (the minimum number of
points for cluster formation). All points of the
studied trajectory are considered as a set of non-
clustered points S.

2. Of the set S choose an arbitrary point » and
calculate distances d , i€ S. As geo-position coor-
dinates are analyzed, we propose using a modified
Haversine formula as a measure of distance:

\ [cosx; sinAy[* +

d. =

j = arctan [cosx, sinx, — sinx, cosx,cosAy[?

sinx, sinxj + cosx, cosy; CosAy
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3. Identify countP — the number of points con-
tained in e-neighborhood of point 7, that is, such
that d <,
¢ if countP < minP, then denote the point r by

noise and proceed to item 2,
¢ otherwise, from the point r and its g-neighbor-

hood form a cluster and proceed to item 4.

4. For each point belonging to the cluster find
points belonging to its e-neighborhood and add
them to the cluster.

5. All points of the formed cluster exclude from
the set S.

6. If there are non-noise objects in the set .S,
proceed to item 2, otherwise finish the clustering.

For each cluster ¢, [ = 1, N, find a point of in-
terest p," = (¢, x,, y,") as the averaging of the val-
ues of all points belonging to it:

PR PR P

pecy De Pec;

Based on the implemented algorithm for ac-
cessing Google Places for more information about
each point received, we move from the point of
interest to the semantic location.

Having identified all the points of interest of
the trajectory, we obtain a sequence of key points
(points of interests) P* = {p/, I = 1, N}, p,/ =
— x5y, (Fig. 2).

The following algorithm is proposed to detect
patterns of object movement within the observa-
tion time interval.

1. Based on all the trajectories of the object be-
ing moved, identify the sequence of key points
(interests) as described above.

2. Determine a hierarchical cluster structure of
sequences of interest. By finding groups of simi-
lar trajectories, it is possible to draw conclusions
about the permanent routes, preferences and ha-
bits of the studied object.

3. Using the apriori algorithm, we find associa-
tive rules that allow detecting the regularities bet-
ween related events in the form of “if the object
visited point A, then with probability p, it will
also visit point B”. As related events we consider
the points of interest in one trajectory. This app-
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roach is described in detail in the previous work
of the authors [11].

The algorithm for agglomerative hierarchical
clustering of trajectories:

1. Consider each trajectory of interest P, i = 1, N*
to be a separate cluster g, [g| = 1. Calculate the
distance matrix D = {d },1,j = 1, 1, N, where d; —

distance between traj ectories Pand P’ Wthh in
this work is calculated by an algorlthm DTW but
it is suggested to use the above modified Haversi-
ne formula instead of the basic Euclidean metric.

2. In the distance matrix D find the minimum
element d; and clusters g, and g unite g, , =g U g,
8. =lgl+lg)

3. From the matrix D remove the distances from
g and g to other clusters and add distances cor-
respondlng to the new cluster g, .
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Fig. 6. Visualization of the selected trajectory

To calculate the distance between clusters, the-
re is a general Lance-Williams formula: d (g,., g,) =
=o,d(g,g) ta,d(g,g,)+pd(g, g)+vd(g 8)—
— d (g8, By settrng different parameter values
a, B, B, v, we will get different types of agglo-
merative hierarchical methods: single-link, comp-
lete-link, average-link and more.

4. Repeat steps 2—3 until we have the required
number of clusters or all the objects are combined
into one cluster to construct the dendrogram. The
optimal number of clusters and other settings has
been determined with the use of the multicriteria
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quality assessment technology proposed by the
authors in [12].

The next step in proposed in this work techno-
logy is to identify groups of similar objects based
on an analysis of all the trajectories studied over
time, as well as finding permanent routes.

Since this problem is more complex than the
previous one and the simple application of cluster
analysis methods is not possible, an ensemble clus-
tering approach is proposed to solve it [13].

1. Form M subsets of data U, ={P, ",i=1,N },

=1, M, representing the trajectorles of interest
of all the objects under study in a given day m (M —
the number of days in the period under review).

2. Applying clustering separately to each of the
subsets U,, obtain M partitions G, ={g/", 8", ---, & "},

~1, M, g'={P"j=1, Ig’"|} the i- th cluster in

the m-th partition,i=1,K Z lg" =N, ob? Ug

g'ng"=9,i,j= LK.

3. Based on the obtarned results construct ad-
Jacency matrices A = {aij, i,j= obj},m 1, M,
where

_ Lif (Pmegm N (PmegM), ke [1,K ]

ij . ’
0, otherwise

that is @," = 1, if the trajectories of objects i and j
belong to the same cluster, a,” = 0 otherwise.
Since the number of clusters K in each of m
may be different, the degree of similarity of the
objects in this case will not be the same. It is clear
that the more clusters in a partition, the more
similar are the objects that fall into one cluster.
So to account for this difference, multiply each of
the matrices A by the number of clusters in m-th
partition. So get that
K, if (Pmegm) A (Pimegm), ke [1,K,]

)

ij .
0, otherwise

4. Construct an aggregate matrix A" = {a;j}, 1,

j=1,N, asfollows a;= Z /K’, where K’ =2Km.

obj’

The greater the value a the more similar the ob-
jects i and j are in thelr trajectories of interest.
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Fig. 8. Visualization of the received clusters

Value of a/; can be considered a measure of close-
ness, and amatrix A’ — a matrix of similarity. Sin-
ce assigning objects to one cluster on a particular
day indicates their closeness across trajectories of
interest, and the frequency of their union indica-
tes similarity over time, the measure of similarity
thus introduced really reflects the degree of simi-
larity of the two objects along trajectories of in-
terest with regard to time changes.

5. The transition from the similarity matrix A’ =
={aj},i,j= 1,N, , to the distance matrix D = {d },
i,j= 1 N, canbedoneasfollows d;=1—aj,ij=
=1,N That is, the more similar objects i and jin
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the matrix A’ the smaller distance between them
in the matrix D.

6. Next, we need to get the final solution of
the task, namely the division of the objects of
the original set O = {0, k=1, N, } into clusters.
Clustered in one cluster should be those objects
that are similar in all trajectories with respect
to their temporal changes. Summary partitioning
may be gotten by using cluster analysis algorithms
that deal with matrix of distances between ob-
jects (such as hierarchical, graphical, or fuzzy me-
thods) as input. Hierarchical clustering is used in
the work.
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The result of the work is software that imple-
ments the above algorithms for analyzing the tra-
jectories of objects and identifying useful patterns
in them. The software is written in Java with the
use of JavaFX graphical framework.

8 graphical forms have been created for user in-
teraction with the program and easy navigation
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between them is provided. The main form allows
you to download the data and set the parameters
of the algorithms (Fig. 3). The form of searching
for associative rules is shown in Fig. 4.

The initial data can be viewed on the map by
all (Fig. 5) and only the selected (Fig. 6).

Once the points of interest have been identi-
fied, they can be viewed on the map, and with the
implementation of the algorithm of contacting
Google Places service to obtain detailed informa-
tion about each point (place name, its type, etc)
semantic locations cab be obtained. An example
is shown in Fig. 7. Each of the obtained clusters
can be viewed in detail both on the map and in
tabular data (Fig. 8).

The results of hierarchical clustering are also
presented as a dendrogram (Fig. 9). In order to
abstract from the cartographic representation of
information, investigated trajectories can also be
viewed on a simple graph (Fig. 10).

Developed algorithms and software were ap-
plied to the analysis of real data of the open data-
base of the project «Geolife» (Microsoft Research

ISSN 2409-9066. Sci. innov. 2021. 17 (3)
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Asia) [14], which contains information about the
movement of volunteers collected through mo-
bile phones or special trackers; the open database
«African Elephant Range (2012)», which con-
tains the locations of elephants according to in-
ternational organizations reports IUCN, SSC, Af-
rican Elephant Specialist Group (AfESG) [15], the
open database «Taxi & Limousine Commission
Trip Record Data», which contains information
about boarding and disembarking passengers for
the mentioned taxi service in New York [16]. In
addition, to test the proposed algorithms in more
detail, a web-based JavaScript application was de-
veloped, which allows you to create artificial tra-
jectories of moving objects in a convenient mode
of interaction with the map.

Conclusions

The information technology of trajectory data
mining has been developed. It allows searching
key points and sequences of interest, semantic lo-
cations, permanent routes and patterns of behav-
ior as well as identifying patterns of motion of
objects in the period of observation. A new ap-
proach has been proposed to identify groups of
objects by the similarity of their movement routes
and the hierarchical structure of all trajectories
studied in time based on ensemble clustering. The
developed algorithms have been implemented in
a modern software complex that may be applied
for the intellectual analysis of trajectories in vari-
ous subject areas.
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THOOPMAIIIMHA TEXHOJIOTTA THTEJIEKTYAJIBHOTO
AHAJII3Y TPAEKTOPIN PYXY OB’€KTIB

Beryn. CydacHi TeXHIYHI TOCATHEHHS T03BOJISIIOTH Maiike MOCTIHHO BiICTIZIKOBYBATH Ta (hikCyBaTH PyX 06’ €KTIB y TpOCTOPi
Ta yaci. BusBieHHs nikaBUX 3aKOHOMIPHOCTEH Y IIUX JaHNUX, MOMYJISPHUX MapIIPYTiB, 3BUUOK Ta AaHOMAJIIT y TTepeMillieHH1
00'€KTiB, PO3yMiHHs MOOLIBHOI IIOBEAIHKY € aKTyaJbHUMU 3aBAAHHIMU Y PI3HUX c(epax 3acTOCYBaHHs, TAKUX SIK MapKe-
THUHT, MiCTOOY Ly BaHHs, TPAHCIIOPT, Gi0JIOTist, €KOJIOTIST TOIIO.

IIpoGaemaTuka. /[[1s1 OTpuMamHst KOpUcHOI indopMallii 3 JaHKX TPAEKTOPIiii pyXy 06 €KTiB BaxK/IMBUM € po3poOKa il yroc-
KOHAQJIEHHS MaTeMaTUYHIX METO/[iB IIPOCTOPOBO-YaCOBOTO aHAJI3y Ta peasisallis iX y BUIVIA/L Cy4acHOTO IIPOrPaMHOro 3a-
6e3TMmeueHsT.

Mera. Po3pobOka iHdopMailiiiHOi TeXHOJIOTIT IHTeJeKTyalbHOTO aHAII3Y TPAEKTOPIil PyXy 00’ €KTiB.

Marepiaum it MeTou. [HdopmaliiiiHa TeXHOIOTIS MiCTUTD TPU OCHOBHI aJITOPUTMU: BUBHAYEHHS KITIOYOBUX TOUOK Ta I10-
CJIZIOBHOCTEH iHTEpecy Ha OCHOBI IIIJIBHICHOT KJIacTepusallii TpackTopiit pyxy o6 €KTiB HOCIIKEHHST; BUSBJICHHS 3aKOHO-
MipHOCTEl TiepecyBaHHsI 06'€KTa Ha OCHOBI acOIiaTMBHUX MPABUJI Ta i€papXivHOTro KJIaCTEPHOTO aHaIi3y HOTO TPaeKTOPii
PYXY Y 4aCOBOMY IPOMIKKY CIIOCTEPEKEHb, Mipy MOAIGHOCTI 3aIIPOIIOHOBAHO 0GYKCaIOBaTH Ha ocHOBI Metogxy DTW Ta Mo-
ikoBaHOT (hOPMYJIM raBEPCUHYCIB; HOBUI AJITOPUTM TOIIYKY CTaJMX MAPIIPYTIB TA BUSIBJIEHHS IPYII CXOKUX 00'€KTIB 3a
yciMa I0CIIKY BAHUMU TPAEKTOPISIME y Yaci Ha OCHOBI aHcamObJieBol kiactepusaitii. Bubip nmapamerpis Kiacrepusartii 3aitic-
HIOETHCS 32 JIONOMOTOI0 HaraTOKPUTEPIaIbHOI OLIHKY SIKOCTI.

Pesynbratu. CTBOpeHO cyvacHe nmporpaMue 3abe3iederHsl, o Peali30Bye 3allpOTIOHOBaH] aITOPUTMU, 3a0€e3I1eYye 3pyd-
Hy B3a€MOJIIIO 3 KOPUCTYBaueM ii pisHOMaHiTHI 3acobu Bisyasizaiii. Pozpo6iieni aaropurMu ta nporpamue 3abe3neyeHHs je-
TAJIbHO ITPOTECTOBAHO Ha IITYYHUX TPAEKTOPISIX PyXOMHX 00'€KTIB Ta 3aCTOCOBAHO /10 aHAJI3Y PealbHUX BIAKPUTHX 6a3 JaHKX.

BucHoBku. ExcriepuMeHTasbHO MATBEPIKEHO eheKTUBHICTh PO3pobJeHol iH(DOPMAIIHHOT TeXHOJIOTT, SIKY MOKe OyTu
BIIPOBA/I?KEHO HA MPAKTHIII /IJI IHTEJIEKTYaTbHOTO aHAJII3Y TPAEKTOPIN Y PI3HUX Taly3sIX.

Knwuoegi crosa: indopmarttiiiii TeXHOJOTIT, BUABIECHHS MabJ0HIB, TPAEKTOPII PYXy, TOYKM Ta MOCIiOBHOCTI iHTEpecy,
KJIACTEPHUIT aHai3, Mipa moxiGHOCTI.
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