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ABSTRACT Tracking small- to large-scale movements of animals is im-
portant for studying their interactions with the environment, including how
they adjust and adapt their migration in response to environmental and
human-induced changes. Despite the technical progress in tracking de-
vices, a major challenge remains for small animals—such as songbirds, bats,
and insects—because GPS transmitters are still too heavy to be carried by
these lightweight species. Automated radio-telemetry offers a lightweight,
scalable alternative. However, unlike GPS, radio-telemetry does not yield
precise location data—only information about receiving antennas and the
strength of detected signals. Existing localisation methods either rely solely
on receiver locations or offer only small-scale, site-specific estimates, lim-
iting their ability to reconstruct full flight paths. We fill this gap by pre-
senting movetrack, an R package that reconstructs animal trajectories
from automated radio-telemetry data—such as that collected by the Mo-
tus Wildlife Tracking System—using a hidden Markov model (HMM) frame-
work. Our approach combines coarse geometric position estimates—based
on antenna bearing and signal strength—with an HMM that accounts for
measurement error, temporal gaps, and movement dynamics. The model
distinguishes behavioural states such as migratory flight, local movement,
and stopovers by analysing directional persistence and speed of the ani-
mal. We validate movetrack using controlled low-altitude aircraft flights,
simultaneously recorded with GPS and radiotelemetry, to simulate migra-
tory flights of aerial species. Our results convincingly demonstrate that
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movetrack produces biologically realistic flight path estimates with quan-
tifiable uncertainty, enhancing localisation in telemetry-based movement
research. movetrack provides a straightforward and practical approach,
without requiring enhanced mathematical knowledge, to precisely recon-
struct flight movements in a high spatiotemporal resolution. The R pack-
age enables researchers and conservationists to better study the response
of aerial animals to environmental change and, ultimately, to formulate
more effective conservation measures, for instance in relation to potential
conflicts with anthropogenic stressors, such as artificial light at night, pes-
ticides, and human-made structures.

KEYWORDS animal movement; hidden Markov model; random walk; R pack-
age; radio-telemetry; animal-tracking

1 Introduction
Tracking the intricate movements of individual animals is essential for un-
derstanding their behaviour and interactions with the environment, such as
habitat use and foraging strategies (Kays et al. 2015). Collecting movement
data across many individuals enables us to uncover their roles in broader eco-
logical processes, such as biomass flow or pollination (Bauer and Hoye 2014;
Schick et al. 2008; Nathan et al. 2008), as well as how migratory species
adjust and adapt to environmental change (Both et al. 2006; Kubelka et
al. 2022). While the technical progress and miniaturisation of GPS tracking
devices has revolutionised our ability to track larger species with remarkable
spatial and temporal precision (e.g., Williams et al. 2020), the same level of
detail remains elusive for smaller animals such as most songbirds, bats, and
insects. This is because the ‘high’ weight of currently 2 g even in the lightest
GPS transmitters (Microwave Solar PTT, Lotek Sunbird) is not feasible for
tagging animals lighter than 40 g, given the commonly accepted guideline
that tags should weigh less than 5% of the animal’s body weight (Bridge et
al. 2011; L. Mitchell et al. 2025). Radio-telemetry, which utilises lightweight
transmitters (currently down to 0.06 g, CTT BlūMorpho) suitable for animals
of > 1.2 g, offers a commonly used alternative to GPS transmitters (Taylor et
al. 2017; L. Mitchell et al. 2025). Unlike the latter, which transmit recorded
locations via satellite or cellular networks, radio transmitters emit frequent
radio signals in a unique manner—either on a specific frequency or in an
individually distinct signal pattern. These signals must then be recorded
by specialised receiving devices. Traditionally, this was done manually us-
ing handheld radio antennas and receivers operated by researchers. Today
the process is often largely automated by arranging multiple digital receiv-
ing stations—each commonly equipped with several antennas—in a network,
and by continuously listening to the selected frequency of the transmitters’
signals. This approach has improved data collection efficiency significantly
in terms of manpower, the spatial and temporal coverage, as well as the cor-
responding resolution of location estimates (e.g. Taylor et al. 2017; Griffin
et al. 2020).

Unlike GPS, radio-telemetry does not yield precise location data—only in-
formation about receiving antennas and the strength of detected signals. As a
result, most previous studies relied on coarse, station-level location estimates,
typically by connecting the positions of the receiving stations (G. W. Mitchell
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et al. 2012; Smetzer, King, and Taylor 2017; Lagerveld et al. 2024; Brust
and Hüppop 2021, Figure 1), while other methods are constrained to fine-
scale movements derived from triangulation (Gottwald et al. 2019; Fisher et
al. 2020), signal arrival time of difference (Beardsworth et al. 2022), or sig-
nal strength measurements alone (Rueda-Uribe et al. 2024). The latter two
typically require site-specific calibrations, limiting scalability and reducing
reproducibility across study areas.

To overcome these limitations, integrating hidden Markov models (HMMs)
into movement analysis offers a powerful solution (Baldwin et al. 2018; Jon-
sen, Flemming, and Myers 2005). HMMs are uniquely suited to handle tem-
porally irregular data with varying spatial errors, making them ideal for recon-
structing positions as well as behavioural states from telemetry data (Jonsen,
Flemming, and Myers 2005; Jonsen et al. 2013; Baldwin et al. 2018). By
applying this method to radio-tracking data of aerial movements, researchers
can generate more detailed flight tracks with higher spatial and temporal
resolution (Figure 1, 2). Based on such tracks, we would gain deeper in-
sights into the spatiotemporal behaviour of small species, for instance how
individual animals may adjust their paths to human-made structures, e.g. in
terms of avoidance behaviour to wind turbines or bridges (Barré et al. 2020;
Schwemmer et al. 2023), or artificial light at night, e.g. in terms of attraction
and reaction (McLaren et al. 2018; Desouhant et al. 2019). With the R pack-
age movetrack, we aim at making this approach more accessible to a broad
audience, bridging the gap between technological capability and ecological
understanding.

2 Methodology
2.1 Calculate coarse raw positions
Unlike with data from GPS devices, exact geographic positions cannot di-
rectly be inferred from radio-telemetry data. Instead, it is necessary to esti-
mate the geographic positions of an animal from available information about
the location of the radio-receiving station(s), the antenna bearing, its spatial
probability of detection and the strength of the detected radio signal. For
this purpose, movetrack uses a geometric approach described in Baldwin et
al. (2018). This is a three-step process that utilises basic principles of an-
tenna geometry (Figure 3): (i) For each detection, a coarse raw position is
calculated along the directional beam of the receiving antenna. The distance
to the station is assumed to be half of the theoretical antenna detection
range, which can be specified for each antenna type (Birds Canada 2025).
Detections from omnidirectional antennas are omitted. (ii) All raw positions
are provided with oscillating longitudinal and latitudinal standard deviations,
i.e. measurement errors, that arise from antenna geometry and orientation
(Baldwin et al. 2018, see Supplement S1). Longitudinal error reaches up
to half the theoretical antenna detection range when the antenna is oriented
east or west and is minimal when oriented north or south; the opposite is true
for latitudinal error (see Supplement S1). (iii) Finally, the raw positions and
measurement errors from all antennas are aggregated over user-defined time
intervals. For each interval, weighted means—based on signal strength (e.g.,
measured in dB)—are calculated for both the raw positions and measurement
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Figure 1: Example track of a nocturnal flight bout by a Eurasian reed warbler Acro-
cephalus scirpaceus (6.1 s burst interval) during autumn migration along the German
North Sea coast reconstructed using different methods. This track is part of the data
included with the package. Left: Receiving radio-telemetry stations (⊗) connected to
form a track based on the last signal received at each station. Middle: Coarse raw
positions calculated internally with default settings for each time interval. Segments
indicate longitudinal and latitudinal standard deviations, i.e. estimated measurement
errors. Right: Final posterior median positions with 100 sampled tracks from the pos-
terior distribution obtained using default movetrack arguments.
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Figure 2: Example track of a nocturnal flight bout by a song thrush Turdus philomelos
(7.3 s burst interval) during autumn migration along the German North Sea coast re-
constructed using default movetrack arguments. Shown are posterior median positions
and 100 sampled tracks from the posterior distribution together with receiving radio-
telemetry stations (⊗). This track is part of the data included with the package.

errors (Figure 1). This data forms the basis of the observational part in the
HMM.

2.2 Hidden Markov model
HMMs describe the evolution of a hidden state process, {𝑆𝑡} (i.e. behavioural
states), which is not directly observable through telemetry data but can be
inferred from an associated sequence of observable random variables, {𝑌𝑡},
such as locations derived from telemetry (Auger-Méthé et al. 2021). In the
case of movetrack, the user specifies the number of hidden states, 𝑁 , which
determines the range of behavioural patterns the model can represent. These
states might correspond to behaviours such as ‘migratory flight’, ‘local move-
ment’, or ‘stopover’, but these are merely examples—the actual interpretation
of states depends on the number chosen by the user (default: 2) and the data
at hand.

In the process model, each true location 𝑧—that is, the actual, unobserved
two-dimensional location of the animal at time 𝑡, governed by the hidden
state process and distinct from the potentially noisy telemetry observations—
is assumed to be generated by one of 𝑁 distributions, where 𝑁 is the number
of states. The hidden state process that determines which of the distributions
is chosen at time 𝑡 is modelled as a Markov chain: the probability of being
in a particular state at time 𝑡 depends only on the state at 𝑡 − 1 (Auger-
Méthé et al. 2021, Figure 4). An observation model then links these latent
true locations to the coarse raw positions, incorporating their measurement
errors obtained in the previous step. The HMM therefore consists of three
components described below.
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Figure 3: Illustration of how raw positions are estimated by integrating data from
station locations, antenna bearings, and signal strength (represented by wedge length).
Detections from all stations and antennas are aggregated over fixed time intervals, pro-
ducing a single coarse raw position per interval—illustrated here for two consecutive
intervals 𝑡1 and 𝑡2. For simplicity, only the combined contributions from each station
(shown as coloured dots) to the resulting coarse raw positions (diamonds) are displayed.
Each position is computed as a signal-strength-weighted mean, with point size indicat-
ing the strength of contribution. Estimation accuracy improves with the number of
contributing stations and antennas.

Figure 4: Basic model structure showing the hidden state process {𝑆𝑡} governing the
real locations 𝑧 and the observed locations 𝑦 at time 𝑡.
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2.2.1 State process
The state process {𝑆𝑡} of a 𝑁 -state HMM for 𝑇 time steps is characterised
by its state transition probability matrix Γ(𝑡) = (𝛾(𝑡)

𝑖,𝑗), where 𝑖, 𝑗 = 1, … , 𝑁
and 𝛾(𝑡)

𝑖,𝑗 = Pr(𝑠𝑡+1 = 𝑗|𝑠𝑡 = 𝑖). The probability of transitioning to state 𝑠𝑡
from state 𝑠𝑡−1 is

𝑠𝑡 ∼ Categorical(Γ(𝑡−1)), 1 ≤ 𝑡 ≤ 𝑇 .
2.2.2 Process model
The process equation for the true locations of the animal at regular time

intervals 𝑡, 𝑧𝑡 = [𝑧𝑡,lon
𝑧𝑡,lat

], assumes that the animal’s location at time 𝑡 does
not only depend on the previous location, 𝑧𝑡−1, but also on the animal’s
previous movement in each coordinate, 𝑧𝑡−1 − 𝑧𝑡−2:

𝑧𝑡 = 𝑧𝑡−1 + 𝜆𝑛(𝑧𝑡−1 − 𝑧𝑡−2) + 𝜖𝑡, 𝜖𝑡 ∼ N(0, Ω), 1 ≤ 𝑛 ≤ 𝑁,
where the covariance matrix for the process variation, Ω, is

Ω = [𝜏2
𝜖,lon 0
0 𝜏2

𝜖,lat
] .

The state-dependent parameter 𝜆𝑛 ranges between 0 and 1 (i.e. 0 ≤ 𝜆 ≤ 1)
and controls how strongly the animal’s current movement is influenced by
its previous direction and speed. Higher values of 𝜆𝑛, approaching 1, indi-
cate strong directional persistence—suggesting that the animal continues to
move in a similar direction and at a consistent speed—typical of migratory
flights. In contrast, lower values of 𝜆𝑛 reflect more random or diffusive move-
ment patterns, where current direction and speed are less dependent on past
movement—characteristic of local movements. During stopovers, 𝜆𝑛 is ex-
pected to be close to 0, reflecting that the animal did not move or remained
within a certain local patch.

By default, movetrack estimates track-specific 𝜆𝑛 values. While it is also
possible to use a common 𝜆𝑛 across all tracks, this is not typically recom-
mended. A shared value for 𝜆𝑛 may be advantageous in specific scenarios—
such as (i) when all tracks are expected to exhibit similar movement patterns,
or (ii) when individual tracks have relatively few observations, in which case
pooling information across tracks can enhance model stability. In most ap-
plications, however, allowing individual 𝜆𝑛 values better captures the track-
specific movement patterns of each individual.

2.2.3 Observation model

The observed locations of an animal, 𝑦𝑗 = [𝑦𝑗,lon
𝑦𝑗,lat

] (i.e. the calculated coarse

raw positions), often have irregular time intervals 𝑗, with 𝐽 representing the
total number of observed locations. Therefore, the true location of the animal
is linearly interpolated to the time of the observation, with 𝑤𝑗 representing
the proportion of the regular time interval between 𝑡 − 1 and 𝑡 when the
observation 𝑦𝑗 was made:

𝑦𝑗 = 𝑤𝑗𝑧𝑡 + (1 − 𝑤𝑗)𝑧𝑡−1 + 𝜃𝑗, 𝜃𝑗 ∼ T(0, 𝜎𝑗), 1 ≤ 𝑗 ≤ 𝐽,
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where T(0, 𝜎𝑗) denotes a bivariate Student’s 𝑡-distribution with measure-

ment error 𝜎𝑗 = [𝜎𝑗,lon
𝜎𝑗,lat

]. The HMM is implemented using Hamilton Monte

Carlo in Stan (Carpenter et al. 2017).

3 Application
3.1 Workflow
The methods provided in this package are applicable to various types of
automated radio-telemetry data, including—but not limited to—the Motus
Wildlife Tracking System (Taylor et al. 2017). Below, we present a brief
walkthrough of the movetrack package for data of the latter system and
demonstrate how to inspect and visualise the results. For the latest quickstart
example, refer to the package documentation (https://g-rppl.codeberg.page/
movetrack).

Data preprocessing: Start by ‘cleaning’ and refining the raw detection
data—which consists of signal strengths recorded for each antenna at every
receiving station over time—to eliminate false positives, for instance by fol-
lowing the principles explained in Birds Canada (2024). Also address any
other data quality issues specific to your telemetry setup, such as time syn-
chronisation errors or inconsistent metadata. Identify and extract periods of
interest from the detection data—such as continuous migratory flights dur-
ing a single night (e.g., 10 hours in nocturnal migrants (Liechti et al. 2018))
or localised movement during foraging bouts (e.g., 5 hours in short-ranging
seabirds (Davoren and Montevecchi 2003)). The maximum duration of each
track is influenced by both the number and quality of detections. Animals
that are continuously recorded with high detection frequency can support
longer segments, whereas sparse or irregular detections should be divided
into shorter intervals to minimise the impact of data gaps. As a general
guideline, each track segment should be limited to a maximum duration of
24 hours. Exceptions may apply to long, uninterrupted migratory flights,
such as those in waders (Anderson et al. 2019), especially across continen-
tal networks of receiving stations (Taylor et al. 2017). This recommendation
supports computational efficiency and generally helps avoid introducing large
gaps or inconsistencies that often emerge over longer timeframes. That said,
this timespan can be extended by adjusting the dTime argument in the next
step, which defines the duration over which detections are aggregated to
estimate a position. A lager dTime value—i.e. lower temporal resolution—
permits aggregation over longer periods, provided data continuity remains
sufficient. Finally, organise the processed data into a table of distinct tracks,
each representing an individual movement bout and assigned a unique identi-
fier. By default, the Motus tagDeployID will be used. Example Motus data
is included in the package.

Modelling: Parse your preprocessed raw data to track() and adjust
additional arguments summarised in Table 1 as needed. Input arguments are
unique track IDs, timestamps, station locations, antenna bearings, and signal
strength for each detection. By default, these input variable names align
with standard Motus variable conventions. Use aRange to specify theoretical
antenna detection ranges in kilometres. This can be a single integer value or a
named list of values for different antenna types defined in the aType column.
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Table 1: Summary table of input arguments and output variables contained in the
movetrack object returned by track().

Input Output
• Track IDsa Posterior distributionsb for:
• Timestampa • longitudes and latitudes,
• Receiver locationa • distances between points in m,
• Antenna bearinga • and speed in ms-1

• Signal strengtha per Track ID and dTime.
• aRange
• dTime
• states
• i_lambda
aBy default, these variables use standard Motus variable names.
bThese can be summarised using highest density intervals or
quantiles of any desired width.

Table 2: Default antenna types and their corresponding theoretical detection ranges
used by track().

Antenna type Theoretical range
3-element Yagi ~5 km
4-element Yagi ~6 km
5-element Yagi ~8 km
6-element Yagi ~10 km
9-element Yagi ~15 km

By default, approximations for different Yagi-antennas, as summarised in
Table 2, are used (Birds Canada 2025; Mills et al. 2011). With dTime, specify
the time interval in minutes for which positions are estimated. The default
is 2 min, but this should be adjusted according to the tag’s burst interval
and the expected flight speed—longer burst intervals, e.g. 29 s, or faster
movements, e.g. 30 ms-1 due to tailwind, typically require longer intervals,
e.g. 5 min. Specify the number of states in the model using the states
argument, where each state represents a distinct movement behaviour such
as migratory flight, local movement, or stopover (default: 2). Optionally, the
argument i_lambda can be used to fix the lag-correlation parameter 𝜆𝑛 across
all tracks (see Section 2.2.2). track() returns a movetrack object containing
complete posterior distributions for positions at each time step, along with
corresponding distances and speeds between positions. Set model = FALSE
to extract the internally calculated coarse raw positions and measurement
errors for each time interval without modelling.

Inspect results: The movetrack object, i.e., the fitted model object,
can be summarised in different ways. Median results can be converted to a
data.frame using as.data.frame(), and posterior distributions for specific
output variables can be summarised using highest density intervals or quan-
tiles via summarise(). For visual representation, plot() provides graphical
summaries of individual variables, while mapTrack() creates geographic visu-
alisations of the estimated tracks.
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3.2 Limitations
The accuracy of the model is highly dependent on sufficient detection data.
Specifically, (i) adequate receiver coverage is essential to avoid large spatial
gaps, as such gaps can lead to inaccurate estimates, particularly for flight
speed. (ii) The burst intervals of the tags should be matched to the expected
airspeed of the animal. Faster-moving individuals require shorter intervals
to accurately capture their movements, whereas longer intervals may lead to
coarser and less reliable movement estimates. For migrating animals, suitable
burst intervals are likely in the range of 10 to 30 seconds, although this may
vary depending on the species and ecological context. (iii) Data should be pre-
filtered to focus on continuous tracks, rather than isolated detections spread
over extended time periods, as large temporal gaps between detections likely
distort movement patterns and reduce model accuracy.

Due to the inherent limitations of radio-telemetry data, flight altitude is
intentionally not estimated in this package. As always, results should be
interpreted with caution, considering the geographical characteristics of the
area, the migration ecology of the species and the overall ecological context
of the movement behaviour.

4 Validation study
Validation is a crucial step in assessing the reliability and applicability of
movement models, especially when working with radio-telemetry data that
lacks direct positional information. By comparing model outputs to known
or controlled conditions, validation studies help evaluate how accurately the
model reconstructs true flight tracks and accounts for observational limita-
tions such as signal noise and antenna array geometry. This process is essen-
tial to ensure that the resulting inferences are biologically meaningful, robust,
and suitable for ecological interpretation.

4.1 Procedure
On July 9 and 11, 2024, we conducted test flights using a Robin DR 400
aircraft to simulate bird movement along a predefined flight path over a total
distance of 1,554 km. The aircraft was flown at low altitudes, predominantly
below 250 m above sea level, and at minimal possible ground speed ranging
between 30–65 ms-1 (see Supplement S2), reflecting the low-altitude flight
patterns as closely as possible while being two to six times faster than typical
ground speed of flying birds (Bruderer and Boldt 2001; Bruderer, Peter, and
Korner-Nievergelt 2018; Alerstam et al. 2007). We attached five uniquely
coded NTQB2-2 radio tags (Lotek Wireless Inc.) with different burst in-
tervals tagBI—7.1, 7.3, 19.1, and 29.3 s (two tags)—to the aircraft’s non-
metallic wings and undercarriage covers using duct tape. The signals from
the tags were recorded through a regional automated radio-telemetry receiver
network positioned along the German North Sea coast (see Supplement S3).
This network forms part of the Motus Wildlife Tracking System, a global
collaborative network for tracking wildlife movements (Taylor et al. 2017; L.
Mitchell et al. 2025, https://motus.org).

Most radio-receiving stations were equipped with three or four 6-element
Yagi antennas (Vårgårda, Sweden) pointing in different directions (see Sup-
plement S3). The antennas of the onshore stations on the mainland were
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predominantely directed towards the North Sea and along the coastline, of-
ten lacking an antenna pointing inland (see Supplement S3). Radio-telemetry
data collected via Motus was then compared with GPS-accurate location data
of the aircraft obtained from FlightRadar24 (https://flightradar24.com), by
matching each Motus detection to the temporally closest GPS data point.
The datasets were closely synchronised, with a maximum time difference of
6.3 seconds between a Motus detection and its nearest corresponding GPS
fix. All input parameters (see Table 1) were systematically varied to evaluate
their influence on the location estimates. The theoretical antenna detection
range (aRange) was held constant across antenna types within each model
run but varied between runs. Specifically, we used aRange values of 10, 15,
20, and 25 km, dTime values of 0.5, 1, 2, and 3 min, and models with one
and two states.

4.2 Results and discussion
Due to the limited coverage of the radio-telemetry network, particularly in-
land, telemetry data was obtained for only a subset of the entire GPS track
(Figure 5, 6). The number of detections by Motus stations ranged from 3,062
(tagBI = 7.3 s) to 96 (tagBI = 29.3 s) per tag, highlighting the critical
role of the tag’s burst interval configuration in optimising radio-telemetry
performance. For the relatively fast-moving aircraft, burst intervals of 19.1 s
or longer were insufficient for meaningful position estimates (see Supplement
S4, S5). Consequently, the analysis focuses on data from the tag with a burst
interval of 7.3 s.

An analysis of the input arguments aRange and dTime showed a moderate
effect on positional accuracy (Figure 7). The optimal combination (aRange =
10 km, dTime = 0.5 min, states = 2) achieved a median horizontal error of
2,757 m (90% highest density interval: 255–10,382 m), reflecting substantial
variability in accuracy across scenarios (Figure 5, 6, see Supplement S6).
Given the aircraft’s ground speed of 30–65 ms-1, the optimal dTime values
were considerably shorter than those suitable for birds, whose ground speed
is approximately 10–20 ms-1 (Bruderer and Boldt 2001; Alerstam et al. 2007).
For such speeds, the default time interval of 2 min would likely be a reasonable
starting point.

Overall, 68% of true locations fell within the 90% highest posterior density
interval (HPDI) of the estimated positions for the corresponding time step,
and 85% were within the 99% HPDI. Positional accuracy varied with both,
the distance between the aircraft and radio-telemetry stations, as well as the
number of antennas receiving the signal simultaneously (Figure 8). Greater
distances and fewer receiving antennas correlated with reduced accuracy, un-
derscoring the importance of station configuration and network density for
effective tracking.

5 Conclusion
Here, we introduce movetrack, an R package designed to reconstruct ani-
mal movement tracks from automated radio-telemetry data using a HMM.
By integrating information on antenna geometry, signal strength, and spa-
tiotemporal uncertainty, movetrack overcomes key limitations of traditional
approaches that rely solely on receiver locations. The package is broadly

11

https://flightradar24.com


20 km

53.5°N

54.0°N

54.5°N

55.0°N

7.8°E 8.0°E 8.2°E 8.4°E 8.6°E 8.8°E 9.0°E

UTC

09:00

12:00

15:00

Figure 5: Estimated positions (diamonds) together with the GPS track of the test
flight (line), colour-coded by coordinated universal time (UTC). GPS locations with
detections of the corresponding tag (tagBI = 7.3 s) by radio-telemetry stations (⊗)
are represented by dots, longitudinal and latitudinal model uncertainties (90% HPDI)
are indicated by ellipses.
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Figure 6: Estimated positions (diamonds) together with the GPS track of the test
flight (line), colour-coded by coordinated universal time (UTC). GPS locations with
detections of the corresponding tag (tagBI = 7.3 s) by radio-telemetry stations (⊗)
are represented by dots, longitudinal and latitudinal model uncertainties (90% highest
posterior density interval) are indicated by ellipses.
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radio-telemetry data and the GPS locations, increased based on the aircraft’s distance
to the nearest receiver station (upper panel) and decreased with the number of antennas
simultaneously receiving the signal (tagBI = 7.3 s), represented by different colours
(lower panel).
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applicable across species and telemetry systems. Our validation study high-
lights the package’s potential to reconstruct large-scale movement patterns,
while also underscoring the challenges of achieving high spatial precision with
sparse telemetry data. Performance depends on factors such as the alignment
between tag burst intervals and animal ground speed, as well as the spatial
layout of the telemetry network—particularly receiver density and antenna
orientation. Although accuracy is constrained by data quality, movetrack
provides a robust framework for studying movements of small animals. Fu-
ture developments, such as incorporating barometric pressure into radio tags
for altitude estimation, could further expand the package’s capabilities. Po-
tential applications include investigating individual flight decisions, describ-
ing for instance migratory routes and comparing behavioural patterns across
populations, species and animal classes (L. Mitchell et al. 2025). This will
provide the basis for a more detailed study of how flying animals react and
adapt to anthropogenic changes on a large spatial and temporal scale.

6 Code availability
movetrack is licensed under the MIT License and available on Code-
berg at https://codeberg.org/g-rppl/movetrack. Contributions of
all kinds, including pull requests and bug reports, are highly en-
couraged and warmly welcomed! Data and code to reproduce the
validation study are available from the Codeberg Git repository
https://codeberg.org/migecol/motus_localisation or through the ac-
companying Dataverse at https://doi.org/10.57782/WGHWTT.
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