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Introduction

Data collected with GPS (Global Positioning
System) telemetry are widely used to study
wild animals and provide insights into their be-
havior (CaGNacci et al. 2010; HEBBLEWHITE et
al. 2010). Questions regarding habitat selection
of animals (e.g., THURFIELL et al. 2014), behav-
ioral states (e.g., GURARIE et al. 2009; GURARIE
et al. 2015), space use (e.g., LAVER & KELLY
2008), inter- and intraspecific interactions (e.g.,
LoNG et al. 2013) and movement in general
(e.g., AVGAR et al. 2013) can be addressed with
telemetry data. With technological advances
researchers are increasingly faced with larger
data sets that open opportunities to investigate
new questions, but are also accompanied by
challenges of handling data adequately.

Dealing with GPS relocation data can be over-
whelming and tools for managing data are
needed (UrBANO et al. 2010). Initiatives to
harmonize and store data are available through
data providers, such as EuroDeer or Movebank.
Such database systems organize GPS telemetry
data and can perform outlier detection. How-
ever, oftentimes GPS telemetry data are not
stored in such databases and are only available
through deliminator separated text files. Here,
we focused on methods for situations where
no database system with a sophisticated data
model is available. Several other studies have
introduced data models. For example, CALENGE
et al. (2009) introduced two different trajectory

types (distinguishing trajectories of ordered
data with and without time stamps). URBANO et
al. (2010) developed a powerful database sys-
tem based on PostGIS and PostgreSQL that is
implemented with EuroDeer. KRANSTAUBER et
al. (2011) developed a data model for Move-
bank that is also tightly coupled to the move
package for package R (R Core Team 2014;
KRANSTAUBER & SMoLLA 2015). Finally, PEBE-
sMA (2012) introduced a set of data models in R
for handling spatio-temporal data implemented
in the spacetime package. Ideally, a data mod-
el for animal tracking data would (1) integrate
different types of trajectories (sensu CALENGE
et al. 2009); (2) accommodate attribute data of
relocations, such as the habitat or time of the
day when a relocation was recorded; (3) pro-
vide methods to manage tracking data and in-
teract with other (environmental) covariates
and (4) be implemented in a widely used and
freely available software solution.

Once an appropriate data model is applied to
tracking data, it is widely recognized that it is
important to check data quality (FRAIR et al.
2010; UrBaNoO et al. 2010; BIOGRNERAAS et al.
2010) and detect outliers. Ideally, the analyti-
cal method accounts for erroneous observations
(PATTERSON et al. 2008) and no cleaning of the
data is necessary prior to the analysis. However,
statistical methods that are able to account for
observation errors (i.e., Bayesian state space
models) are often non trivial to fit and usually
require custom-written code. Since we often-
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times use analytical approaches that do not ac-
count for an observation model (e.g., non state
space models), preprocessing of the data is
required. This involves removing erroneous re-
location that are beyond the study region, where
the GPS failed, that do not fit a given sampling
regime, do not have sufficient accuracy (often
measured through the number of satellites used
to obtain a relocation) or lie to far apart (i.e.,
distances that the animal was not able to move).
In this article we start with introducing a data
model for animal tracking data that builds on
previously defined models. After a detailed de-
scription of the data model we show how this
data model can be used to manage tracking data
and to detect erroneous GPS locations based on
space and time. Finally, we illustrate the imple-
mented methods with relocation data from a red
deer (Cervus elaphus) population from northern
Germany and discuss the implementation, con-
straints and further plans for extensions.

Methods

Data Model and Implementation

A trajectory is characterized by a set of ob-
servations where the animal of interest was
directly or indirectly observed. Each observa-
tion is characterized by an x and y coordinate
that uniquely defines its position in space at a
given point in time, and an ordering attribute
(often a time stamp). In addition each relocation
can have 0 to many additional attributes (e.g.,
habitat type, temperature, number of satellites
used to obtain an observation). We distinguish
three types of trajectories (following CALENGE
et al. 2009) based on whether time is known and
on the regularity of the spacing that are repre-
sented in three different classes. The simplest
trajectory type consists only of ordered reloca-
tions, but no time stamp is available.

The second trajectory type consists of coordi-
nates with associated time stamps. Finally, the
third trajectory type consists of coordinates
with regular time stamps (i.e., two reloca-
tions are always separated by exactly the same
amount of time). This type of trajectory can in
most cases only be obtained through methods
that regularize the trajectory. We distinguish
two spatial components for trajectories: the re-

locations (these are the points where an animal
was observed) and segments (this are the seg-
ments between two consecutive observations as
linear interpolations between the start and end
points). Each component can optionally have
attribute data. By default a set of attributes are
calculated for the segment attributes (e.g., time
difference, length or turning angle; see also Ca-
LENGE et al. 2009).

We implemented the highlighted data model in
Program R (R Core Team 2014) and the rhr
package (SIGNER & BALKENHOL 2015). Spatial
positions of animals are implemented using
spatial classes for R that are available through
the sp package (PEBEsMA & Brvanp 2005).
Spatio-temporal data are represented using the
spacetime package in R (PEBEsmMA 2012). The
spacetime package represents spatial data us-
ing sp classes and time using the Xts package
(RyaN & ULrICH 2014). Beside the implemen-
tation of the classes themselves, we provide
methods to access and assign spatial compo-
nents and their attributes of trajectories using
R’s standard methods for manipulating objects.
We also provide a set of methods that make
already existing methods available to interact
with other spatial data (i.e., raster layers with
environmental information). Further methods to
split a trajectory, calculate basic summary sta-
tistics (e.g., number of relocations, time span,
bounding box) and mean squared displacement
are available.

Burstifying trajectories

When tracking animals there are often periods
of relocations followed by gaps with no obser-
vations. Such periods of continuous observa-
tions from the same animal are often referred
to as bursts. In other words, a burst splits a tra-
jectory of an animal in one or more complete
sub-trajectories (i.e., there are no gaps). We de-
liberately did not implements bursts as part of
the our data model, but think they are useful in
the sense of sub-trajectories. Instead we always
work on trajectory objects. R provides lists as a
very flexible data structure that can accommo-
date various subsets of trajectories. We provide
methods to (1) regularize a trajectory (Figure 1)
and (2) burstify or splitting trajectories which
results in a list of trajectories.
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Fig. 1 Conceptual illustration on how a trajectory is regularized. The bottom row represents the actual observa-
tion. The top three rows illustrate the new trajectories (open circles) at regular time intervals with difference one.
Black bars indicate the search radius that is either before, after or to both sides of the empirical observations.
If a new empirical observations is within the search radius, it is considered in the new trajectory (black points).

To regularize a trajectory, observations of an
existing trajectory are aligned, within a time
window, to a new trajectory (Figure 1). New
observations that are too far apart from any ex-
isting observation become empty observations,
in the sense that they only contain time stamps
and no relocations or segments. When regular-
izing trajectories the user can choose whether
observations before, after or to both sides of
a given new observations are considered (Fig-
ure 1). The old observation that is closest in
time to the new observation is then chosen.
Once a trajectory is regular, we can apply the
concept of bursts. Either the trajectory is split
by some covariate (e.g., by day or year) or the
specially designed method to burstify the trajec-
tory is applied. Burstify will split a trajectory in
sub-trajectories after a prespecified number of
missing observation in a regular trajectory. This
two step approach of regularizing, and splitting
or bursting a trajectory will achieve similar re-
sults to building bursts into the data model, but
retains more flexibility.

Data Quality

When working with GPS relocation data, er-
rors can occur with regard to the actual meas-
urement of the relocation (GRAVES et al. 2006;
BJoRNERAAS et al. 2010) and the study design.
In the first case, missing or erroneous spatial
data are recorded. In the second case, spa-
tial data are recorded but outside the planned
deployment period of the sensor (e.g., a sen-
sor was not on the animal, or remained on the
animal after the study terminated). Relocations
with missing spatial data are relatively easy to
detect and eliminate.

Relocation with erroneous GPS data can be
detected through attribute data of fixes (e.g.,
number of satellites used to record a fix or the
DOP of the relocation recording). With an ap-
propriate data model (like the one we suggested
above) it should also be easier to filter reloca-
tions for certain periods (i.e., the exact duration
a collar was deployed) or a specific times or ar-
eas of interest.
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Case Study

To demonstrate the data we used 107468 relo-
cations from a telemetry study from Northern
Germany (data are described in REINECKE et al.
(2014)). For this illustration, we were interest-
ed to prepare the data set in such a way to use
the year with most relocations available and to
have two relocations per day (one at midnight
and one at noon).

Results

Data model and implementation

We implemented the data model within the
package rhr (SIGNER & BALKENHOL 2015) for
Program R (R Core TeEam 2014). The data
model is recognized by all functions within the
rhr package. Hence it is easy to prepare data
(e.g., regularize or burstify trajectories) prior to
the actual analysis (example code is available
from the package website: rhr.spamwell.net).

Case study

We read the data from a separator delimited text
file. In the first step, we created a trajectory with
space and time. We than visually determined
that for the year 2010 most relocations are
available (Figure 2). Inspecting the distribution
of the time of the day when relocations were
recorded revealed that the intended interval of
6 hours is detectable, but significant noise is
present (Figure 3). Finally, we regularized the
trajectory to only a maximum of two reloca-
tions per day: the ones closest to noon and mid-
night (Figure 4).

Discussion

When working with GPS telemetry data, a solid
data model is essential. A good data model can
greatly improve efficiency and help to avoid er-
rors during the analysis and detect errors within
the data. We have extended previous works and
implemented a data model for telemetry data
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Fig. 2 Distribution of the times of the day when relocations where recorded by year. Relocations are unevenly

distributed across years.
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Fig. 3 Distribution of the time when fixes where taken. While all GPS collars where programmed to take a fix
every 6 hours, substantial noise occurs.
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Fig. 4 Illustration of data preparing process for one animal. Starting with the full track for 2010 (panel A) and
the distribution of time lags between two relocations (panel B, note that lags above 7 hours occur but are omitted
here). We regularized the track to consider only two relocations a day (panel C). We considered relocations clos-
est to midnight and noon with a search window of 5 hours before and afier the actual relocation. Some days with
missing data persist (panel D).
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for the rhr package for the analysis of telemetry
data within Program R.

The data model we implemented has the ca-
pabilities to represent GPS telemetry data (op-
tionally also other telemetry data) and provides
methods to query and manage telemetry data.
Among others, methods are a available to regu-
larize a path (i.e., ensure that the time interval
between two relocations is always identical),
split a trajectory into two or more sub-trajec-
tories based on some criteria or into bursts, if
gaps between relocation periods exists. Further-
more, the data model provides an infrastructure
to save attribute information for the relocations
themselves, and also for the segments between
two relocations.

We demonstrate the usefulness of such a data
model with a data set of a red deer population
from Northern Germany. We were interested to
correct the trajectory to obtain two relocations
per day, one at midnight and one at noon. Using
the newly implemented methods, it was a quite
simple task to create such a trajectory.

Further extensions of this data model could in-
clude methods to detect interactions between
trajectories (animals), more sophisticated error
detection mechanisms (e.g., routines suggest
by BIoRNERAAS et al. 2010) and to move to the
next step of analysis telemetry data using path
segmentation and/or step selection function.

Summary

Wild animals are by their nature often difficult
to observe and study. Hence, wildlife biologists
oftentimes rely on remote data collecting devic-
es such Global Position Systems (GPS). Loca-
tion data from GPS-collars have become very
popular for studying the behavior, resource or
space use of wild animals. Many analytical
methods (e.g., habitat selection, home range
analysis) that are used to answer interesting
biological questions and guide management
decisions heavily depend on GPS borne loca-
tion data. In order to obtain correct results, it
is fundamental to screen GPS data prior to any
analysis for potential errors.

We give a short conceptual overview of the im-
portance of a data model and the kind of errors
that potentially occur when working with GPS

data. We then discuss how wildlife profession-
als can handle these errors to improve the ac-
curacy of location data and illustrate this with a
data set from a red deer (Cervus elaphus) popu-
lation from Northern Germany.

Zusammenfassung

Erkennung und Handhabung von Fehlern
bei GPS Lokalisierungen

Wildbiologen greifen oft auf Telemetriedaten
zuriick um wildbiologische Fragestellunen zu
untersuchen. Daten die mittels GPS Teleme-
trie gewonnen wurden kommen dabei immer
héufiger zum Einsatz um Fragestellungen der
Raumnutzung, Habitatselektion oder Bewe-
gungsokologie zu bearbeiten. Dabei ist ein gu-
tes Datenmodell eine wichtige Arbeitsgrundla-
ge um effektiv mit den Daten zu arbeiten und
fehlerhafte Ortungen zu entfernen. In diesem
Artikel heben wir die zentrale Rolle eines ge-
eigneten Datenmodelles fiir Telemetriedaten
hervor und zeigen anhand eines Beispieles ei-
ner Rotwild (Cervus elaphus) Rotwild-Popula-
tion aus Norddeutschland, wie das vorgestellte
Datenmodell angewendet werden und in einem
typischen Arbeitsablauf zur Analyse von Tele-
metrie integriert werden kann.
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