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Abstract
Background  The increasing importance of wildlife movement data in ecology and conservation has fueled the 
development of Automated Radiotelemetry Systems (ARTS) using very-high-frequency (VHF) transmitters. To make 
optimal use of this data, highly precise analysis methods are needed to detect even small-scale movement changes 
and thus provide high data quality. While various approaches have successfully minimized position errors in ARTS, 
they mostly rely on a single mean error estimate.

Methods  We present two contributions. First, an antenna geometry-based position finding method (antenna beams) 
for small scale movements that reduces position errors (PE) and increases the number of position estimates. Second, a 
model for per-position error estimation, predicting error as a function of signal and position characteristics, applicable 
for data without ground-truth information and across various position finding methods. Using ground-truth data from 
VHF transmitters recorded simultaneously with the ARTS trackIT and GPS, we validated and compared yield, position 
errors and predictive performance of our approach with the common angulation and multilateration methods.

Results  Our antenna beam-based method provided a substantial alternative to angulation for directional set-ups, 
achieving comparable mean PEs (41 m vs. 44 m) and especially higher number of localizations (up to 99% vs. 30 
to 66%). The per-position error estimation model demonstrated a strong predictive performance (mean absolute 
deviation from true error down to 21 m) utilizing parameters such as the number of participating stations and 
antennas, maximum signal strength, normalized summed up signal strengths and positioning within the study area.

Conclusions  Our results indicate that (i) the antenna beam-based position-finding method outperforms common 
methods in both accuracy and yield, (ii) the novel introduced per-position error estimation model reliably reflects 
measured PE from ground-truth data, and (iii) the resulting setup provides a robust foundation for high-resolution 
wildlife movement analyses.
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​Background
The recognition of movement patterns of wild animals is 
becoming an increasingly important component in bet-
ter understanding population dynamics and as a basis for 
decision-making in nature conservation and landscape 
management [1]. This high demand for movement data 
in wildlife conservation led to the development of a vari-
ety of automated telemetry systems [2–5] and ecologists 
face an unprecedented wealth of data, also termed the 
‘golden age of animal tracking’ [1]. Ensuring data quality 
and position accuracy across emerging systems is chal-
lenging due to differences in hardware, software, and 
data formats. Thus, in parallel with developing telemetry 
system hardware, the analytical methods for movement 
data must also be optimized to enable the validation, pre-
cision, handling, and processing of large amounts of data.

The two most common technologies for recording 
wildlife movement data are (i) the Global Positioning Sys-
tem (GPS) and (ii) very high-frequency (VHF) telemetry 
[6]. Widely used GPS systems use receivers that mea-
sure the time of arrival of incoming satellite signals (so 
called time-based GPS). Satellites make GPS immediately 
operational across large areas of the world, providing 
reliable positioning with highly synchronized clocks [5]. 
However, GPS receivers rely on heavy hardware compo-
nents for data collection and storage (transmitter weights 
usually start at 6 g, recent developments using low range 
communication start at 1.5 g [7]). They often interfere 
with the rule of transmitters not exceeding five percent 
of the animal’s body weight to avoid impact on natural 
behavior, prohibiting their use for about 60% of verte-
brates [8]. Therefore, Automated Radiotelemetry Systems 
(ARTS) using 2.4 GHz or VHF technology with light-
weight transmitters of less than 0.1 g have extended the 
scope of radiotelemetry systems to many small animals, 
like songbirds, bats, or insects [2–4, 9–11]. ARTS rely on 
a network of passive ground stations with receivers dis-
tributed throughout the study area, allowing us to contin-
uously track multiple animals at once and providing high 
flexibility for different-sized areas. Stations are either 
equipped with a single omnidirectional antenna, which 
uniformly receives signals from all directions within a 
360-degree radius, or multiple directional antennas, each 
primarily receiving signals from their respective orienta-
tion. The most comprehensive ARTS, the Motus Wild-
life Tracking System, operates a collaborative network of 
more than 300 receiving stations on three continents [2] 
and documents large-scale movements such as bird and 
bat migration (Motus; https://motus.org). At the regional 
and landscape level, ARTS operate with fewer receiving 
stations, aiming to monitor small-scale movements of 
animals, which requires a more accurate positioning than 
the global Motus system [12], with design and structure 
(e.g. which and how many stations to use) tailored to the 

study question. Once users overcome the hurdles of indi-
vidual configuration (e.g., factors impairing radio signal 
transmission such as dense vegetation cover and moist 
climate [4]), such ARTS can provide a large amount of 
movement data.

Once the raw radio detection data has been col-
lected, there still remains the critical goal of producing 
high-resolution movement patterns. One major reason 
why ARTS are less accurate than time-based GPS is 
that positions are mainly calculated based on physical 
correlation of sender-receiver distance and received 
signal strength (RSS) which is prone to imprecision. 
Such imprecision can arise from several sources, e.g., 
the underlying hardware and spatial distribution of 
the autonomous receiving stations, signal strength of 
used transmitters, topography and vertical landscape 
elements of the study area, the behavior of the ani-
mal itself (ground-dwelling, flying, underground), and 
man-made signal noise from nearby electronic sources 
[1, 4, 13]. Common position finding methods involve 
(i) (tri)angulation using directional stations (e.g. [3, 9]) 
(ii) (multi)lateration using directional or omnidirec-
tional stations (e.g. [14, 15]), (iii) RSS fingerprinting 
and grid search methods using directional or omni-
directional stations [14, 16, 17], or (iv) time of arrival 
(similar to GPS) using omnidirectional stations [18, 
19]. Depending on the setup and method used, the 
mean position error derived from ARTS studies there-
fore covers a wide spectrum, ranging from around 5 m 
(lateration by [15], time of arrival by [18]), 15 m (angu-
lation by [9]), 30 m (RSS fingerprinting by [16]), 43 m 
(lateration by [16]), 50 m (multilateration by [20]), or 
105 m (trilateration by [21]), over 300 m (RSS finger-
printing by [14]) or 500 m (angulation by [14]) up to 
1 to 15 km for large-scale ARTS ([2], antenna beams 
by [22], see Supplement 2.4 for an overview). Some 
methods, especially angulation, additionally have 
high requirements for signal detection, leading to 
data loss when these requirements are not met [14]. 
Filters aiming at reducing mean position errors addi-
tionally exclude positions prone to high errors, e.g., 
with low signal strengths, further limiting usable data 
[20]. Additionally, methods testing positioning usually 
result in only one mean position error for the whole 
system, but the individual per-position error can vary 
greatly, especially increasing as the distance between a 
transmitter and the receiving station increases [14, 16]. 
Unlike GPS, ARTS are thus not a ‘one-fits-all’ solution, 
but every set-up has to be customized to the study 
requirements needed regarding the quality and quan-
tity of position estimates, ideally modeling the posi-
tion error based on calibration data [23]. Therefore, 
conclusions about wildlife movements might be biased 
if users do not sufficiently test their given set-up or 

https://motus.org
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simply assume that their data are error-free, especially, 
if the position error exceeds the studied movement 
patterns [23].

The aim of our study is therefore to improve position 
estimation, reduce position errors, and offer per-posi-
tion error estimations of ARTS data, thereby generat-
ing high-precision movement data with a temporal 
resolution of seconds and a spatial resolution on the 
scale of tens of meters. Using ground-truth data from 
VHF-transmitters that were simultaneously recorded 
with a GPS device and an ARTS, we optimize and 
compare estimated positions and their position errors 
between the two common position finding meth-
ods angulation and multilateration with an approach 
described in [12]. This approach (hereafter referred to 
as antenna beams) estimates positions along the lobe 
of the receiving antenna and averages multiple posi-
tions based on receiving signal strength and is tested 
for directional and omnidirectional stations. In a final 
step, we model position error as a function of differ-
ent signal and position characteristics such as number 
of participating stations and antennas as well as maxi-
mum signal strength, normalized summed up signal 
strengths and positioning within the study site, to pre-
dict errors for position estimates without ground-truth 
data, i.e., data from the animal studied. These pre-
dicted per-position errors can then be used for further 
data analysis, such as home ranges or habitat use. We 
recorded and analyzed data using the trackIT ARTS 
by [13], but the accompanying code and formulae of 
our work ensure that the workflow can be adapted to 
telemetry data recorded with other ARTS.

Material and methods
Study area
The study was part of a project that investigated the 
use of maize fields by songbirds and was carried out 
in two agricultural areas 70 km east of Berlin in the 
Märkisch Oderland district in Brandenburg, Germany 
(Fig. 1, left) in late summer and autumn 2023. Both 
sites were dominated by agricultural land (maize, har-
vested grain, soy) and also contained woody structures 
such as tree lines, hedges and shrubs, as well as ditches 
or lakes with accompanying reed vegetation. Site 
maisC was located in the Oderbruch with only minor 
elevation differences, while the site maisD was located 
in Lubusz land, a region with moderate elevation dif-
ferences with up to 15 m difference in altitude (Fig. 1, 
Supplement 1.2).

Automated radiotelemetry
At both sites, we set up a network of automatic radio-
telemetry stations (Fig. 1). For maisC we used a com-
bined set-up of ten directional stations (each with four 
directional antennas) and ten omnidirectional stations 
(each with one omnidirectional antenna), with the area 
enclosed by the stations totaling 20 ha, and for maisD we 
used a set-up of eight directional stations, covering a core 
area of 16 ha. Figure 2 left shows the hardware compo-
nents used for the directional stations.

The stations are operated with trackIT OS version 
2023.05.3 (trackIT Systems, Cölbe, Germany), which 
is available under an open source license1. The stations 
were configured to detect VHF-signals in the range 
of 150.000 to 150.300 MHz from 8 to 40 ms to match 

1 trackIT OS version 2023.05.3, available online: ​h​t​t​​​​p​s​:​​/​​/​g​i​t​​​h​u​b​​​.​c​​​o​m​​/​​t​r​​a​​c​​k​I​T​
-​​S​​y​s​​t​​e​m​s​/​t​s​O​S​-​v​h​f​/​r​e​l​e​a​s​e​s​/​t​a​g​/​t​R​a​c​k​I​T​-​O​S​-​2​0​2​3​.​0​5​.​3​​​​​​

Fig. 1  Study area (black point, left) with sites maisC (middle) and maisD (right) in Märkisch Oderland (Brandenburg, Germany) including the station set-
up. Elevation is given in isolines in 1 m-steps. Copyright map data: OpenStreetMap contributors

 

https://github.com/trackIT-Systems/tsOS-vhf/releases/tag/tRackIT-OS-2023.05.3
https://github.com/trackIT-Systems/tsOS-vhf/releases/tag/tRackIT-OS-2023.05.3
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Raw data filtering
To discard false positive detections, for example, due 
to noise from nearby power lines, we applied several 
filters to the recorded VHF-signals prior to position 
estimation. First, we used known transmitter specifica-
tions like a narrow frequency band of 4 kHz around the 
center frequency of each transmitter and a signal dura-
tion of 8 to 24 ms, to filter the majority of false positive 
detections exceeding these specifications. Second, we 
applied a filter based on transmitter-specific time inter-
vals texpected between consecutive signals (here: 1 s), 
called Lastmatch-Nextmatch. The Nextmatch filter iden-
tified (likely) false positives by (i) calculating the devia-
tion (deltanext) between the expected interval texpected 
and the actual interval tmatched between a signal s2 at 
time t0 and its neighboring subsequent signal s3 and 
(ii) calculating the deviation (changenext) between 
deltanext from s2 and deltanext from s3 (based on its 
interval to the subsequent signal s4) (Fig. 4). To be clas-
sified as a neighboring signal (s3), the signal must be 
within a given window ((t0 + texpected) − 0.5 ∗ texpected,  
(t0 + texpected) + 0.5 ∗ texpected), if several sig-
nals meet these requirements, the signal closest to 
t0 + texpected was chosen. We implemented these 
steps analogously for the preceding (Lastmatch) sig-
nal. Finally changesig  was calculated as the deviation 
of deltalast and deltanext, and minimum absolute val-
ues (Interval Delta = min(abs(deltanext, deltalast),  
Interval Change = min(abs(changelast, changenext , 
changesig)) were used for simple threshold-based filter-
ing. In the context of this work, we used a threshold value 
of Interval Change < 0.1 s. With that, all signals with-
out at least one corresponding successor or predecessor 
are filtered out and practically all false detections are 
discarded. This filter additionally offers the advantage of 
adapting to the given circumstances, e.g., slightly chang-
ing transmitter-specific time intervals due to tempera-
ture, humidity, and low batteries.

the specifications of the used VHF-transmitters. The 
detected signals were forwarded to a server system in real 
time and collected locally for later analyses.

Figure 2 right shows the components of the trackIT 
ARTS. Each station is connected to a server system run-
ning EcoHub, a metadata database that holds informa-
tion on the locations of the stations, the orientation of 
their antennas, the used transmitters, tagged individu-
als, and ground-truth data, for example from test tracks. 
Whenever detection data are forwarded to the server, the 
respective transmitter and individual is identified using 
the signal information (timestamp, frequency, duration, 
signal strength per antenna) and written in an InfluxDB 
time series database. Detection data (raw and processed) 
can be viewed in real time using a set of dashboards avail-
able in the Grafana visualization tool. More information 
on hardware and software can be found in [3] and [13].

Ground-truth data
To validate the estimated positions and derive a posi-
tion error (distance between the estimated and true 
positions), we used ground-truth data from test tracks. 
For these tracks, we walked with varying pace carrying 
active VHF-transmitters from Plecotus Solutions GmbH, 
Müllheim, Germany (60 bpm, 600 µW emitting power, 
20 ms signal duration, 150.014–150.298 MHz frequency) 
fixed on a rod at different heights (0.5, 1, 1.5, 2 m above 
ground). The antennas of the transmitters pointed down-
ward with approximately 45◦ to mimic a sitting bird. We 
simultaneously recorded the tracks with a GPS device, 
optimally recording one location per second (smart-
phone and app GPS Logger [24]), and then matched the 
GPS locations to the 2-second intervals used for position 
estimation.

For each site, we selected four tracks for which we 
could ensure that all stations were running, resulting in 
approximately 13,500 GPS fixes per site (Fig. 3).

Fig. 2  Left: Commodity off-the-shelf hardware components of a directional VHF station. Right: The system architecture and components of the trackIT 
ARTS
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Position finding methods
To estimate positions based on automatically recorded 
VHF-signals, we first aggregated detected signals in 
2-second intervals to account for variation in signal 
strength that was due to different orientation of the 
transmitter’s antenna (see Introduction). For posi-
tion finding, we used different approaches based on (i) 
antenna beams (directional antenna beams, direct ab and 

omnidirectional antenna beams, omni ab), (ii) angula-
tion using bearing and distance estimations (directional 
angulation, direct an), and (iii) lateration using distance 
estimations (omnidirectional multilateration, omni ml). 
By comparing the estimated position with the respective 
true position from our ground-truth data, we calculated 
a position error (PE). This PE was then used for optimiz-
ing and comparing the different position finding methods 

Fig. 4  Example of Lastmatch-Nextmatch calculations for signals s1, s2 and s3. texpected = expected transmitter specific time interval, tmatched = matched 
signal time interval. Lightgrey points are signals (most likely false detections) that were not considered as neighboring signals because they were either 
positioned outside the respective time window, or another signal was closer to texpected

 

Fig. 3  Test tracks used as ground-truth data to validate position accuracy for maisC and maisD. For properties of test tracks see Supplement 1.2. Due to 
issues with continuous recording, there are gaps in D1. Copyright map data: OpenStreetMap contributors
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(Sect. 2.6.1). Moreover, by using ground-truth data we 
can predict PEs (pPE) based on different characteristics 
and transfer these predictions to estimated positions 
derived from transmitters without ground-truth data 
(e.g., a target species, Sect. 2.6.2). In this study we limit 
directional antenna configurations to four 90◦ anten-
nas. While other configurations seem useful in certain 
study designs this requires careful considerations when 
adapting the respective formulae, i.e. taking into account 
the antenna back lobe. For antenna beams with varying 
antenna configurations (more or less than four antennas 
and larger and smaller angles than 90◦), see the R pack-
age movetrack developed by [22].

Bearing estimation
Gottwald et al. [3] described a method of bearing estima-
tion based on perpendicularly oriented directional anten-
nas, which we adopted as follows: For a detected signal, 
we selected the antenna amain with strongest reception 
pmain and its neighboring second-strongest antenna sig-
nal psecond. The difference in gain (∆g) of the antenna 
pair is computed and normalized using the maximum 
gain difference (∆m) which depends on the antenna 
model and used transmitter: 

	
∆g = pmain − psecond

∆m
� (1)

The bearing offset (∆ω) to the main antenna is computed 
as follows: 

	 ∆ω = (90 − 90 ∗ ∆g) / 2� (2)

The absolute bearing ω is further calculated by adding 
∆ω to the direction of the main antenna, i.e., subtracting 
∆ω in the case that asecond is left instead of right of the 
main antenna: 

	
ω =

{
ωmain + ∆ω, if amain < asecond,
ωmain − ∆ω, if amain > asecond.

� (3)

Distance estimation
For distance estimation, we fitted an exponentially decay-
ing curve of the form dist = a ∗ bpower  to the actual dis-
tances calculated from a GPS-recorded calibration track 
(see Supplement 1.4 for an example). In the case of direc-
tional stations, we used the maximum signal strength of 
all four antennas, whereas for omnidirectional stations 
(only one antenna), we directly used the received signal 
strength.

(i) Antenna beams position finding
Baldwin et al. [12] describe a geometric method for esti-
mating coarse locations based on the expected antenna 
detection range of directional 9-element yagi antennas 
of the Motus system. This approach successfully esti-
mates positions for large scale movements (with a conse-
quently large position error, e.g. [22]), and is now tested 
for small scale movements: For each detection, a loca-
tion estimate was generated along the main lobe of the 
receiving antenna for directional antennas, assuming a 
distance equal to half the detection range r. In the case of 
detection by multiple antennas within a given time inter-
val, the resulting antenna locations were averaged using 
the weights of a normalized signal strength (Fig. 5, left). 
For omnidirectional antennas, the detection range was 
omitted, and we estimated positions by averaging station 
locations weighted by normalized signal strengths. In our 
study, the time interval for averaging locations was set to 
2 seconds. Note that, due to the method itself, estimated 
positions could only fall within a defined area, namely a 
polygon covering all receiving stations (omnidirectional) 
plus a buffer of 0.5 ∗ r (directional; see Supplement 1.8).

Fig. 5  Exemplified position finding methods used in this study. Note that antenna beams were also used for omnidirectional stations. Sample calcula-
tions can be found in Supplements 1.3 to 1.7

 



Page 7 of 15Rieger et al. Movement Ecology           (2026) 14:55 

(ii) Angulation position finding
Based on distance and bearing estimations, angulations 
using data from multiple stations were computed. Per 
station, we created an intersection line in the bearing 
direction and long as twice the least estimated distance 
and intersected all dual combinations of the resulting 
lines (Fig. 5, center). In case of several intersections, we 
averaged the resulting multiple angulation locations 
using inverse distance weighting. Restricting the length 
of the intersection line to twice the distance estimate pre-
vented the estimation of unrealistic positions, i.e., inter-
section of lines far from the study area.

(iii) Multilateration position finding
Multilateration is a common method for finding a posi-
tion in space based on the distance to known points. It is 
used, for example, in the GPS method, where the differ-
ences in transit time between signals from different satel-
lites are used to determine position instead of distances. 
In this work, the distance estimates ds described in 2.5.2 
were used to calculate positions for signals received with 
omnidirectional stations. For use with directional sta-
tions, one needs to use the strongest signal strength to 
estimate the distance (not included in this work). The 
position was estimated by first computing an initial esti-
mate l0 using the inverse distance weighted station posi-
tions ls (Fig. 5, right). 

	
w =

∑
s∈S

1
ds

� (4)

	
ws = 1

ds ∗ w
� (5)

	
l0 =

∑
s∈S

ws ∗ ls� (6)

Second, we optimized the position by minimizing the 
summed error f(l) of the difference in position-station 
distance and distance estimation: 

	 dist(l, m) =
√

(lx − mx)2 + (ly − my)2� (7)

	
f(l) =

∑
s∈S

(dist(l − ls) − ds)2
� (8)

Station cover
Since position finding is highly influenced by where the 
transmitter is located and how many antennas could 
simultaneously receive a signal, we used a proxy for how 
good each position in a given study area is covered by 
nearby stations. We used a simple approach to calculate 

station cover by summing up detection probability poly-
gons around each station. This approach assumed a linear 
decrease in detection probability with increasing dis-
tance to the station (−0.15 per 100 m distance), resulting 
in a probability of 1 within a 100 m buffer, a probability 
of 0.85 within a 100 m to 200 m buffer, and so forth (see 
Supplement 1.9). We summed up overlaying probability 
polygons of nearby stations, resulting in a density raster 
with a high station cover in the core area and a decreas-
ing station cover towards the edges of the study site.

Analysis
To optimize position errors (PEs), compare methods, 
and predict PEs for new data (pPEs), we ran generalized 
linear mixed models assuming a lognormal distribution 
(link = log) of the response variable PE, using the glm-
mTMB package v1.1.9 [25] in R v4.4.0 [26] and helper 
functions provided in [27]. Posterior predictions for pPE 
were done via bootstrapping by directly simulating 4000 
values from the model parameters to derive i) condi-
tional posterior predictions for specific predictor com-
binations and ii) observation-level posterior predictions 
for raw position estimates of test tracks Ctest and Dtest 
[27]. Per predictor combination or raw position estimate, 
we extracted the mean as well as the 50% and 95% confi-
dence interval (CI) of the 4000 simulations.

Optimization and comparison of methods
For optimization and comparison, we ran two models: 

	 m1 : PE ∼ r + (1|tagID)� (9)

	 m2 : PE ∼ meth + (1|tagID)� (10)

The first model (m1) was used to find the detection 
range r (ordered categorical, only for directional antenna 
beams) resulting in the lowest PE, which was then used 
for the second model (m2) to compare methods (meth, 
categorical, four in maisC, two in maisD), and to deter-
mine the method that resulted in the smallest overall 
PE. Both models also included transmitter ID (tagID, 
categorical) as a random intercept to account for varia-
tion between different transmitters, e.g. due to differ-
ent heights or actual orientations of the transmitter’s 
antenna. To guarantee a balanced comparison in the 
second model, we used a common subset of our data 
reduced to timestamp and tagID combinations, where all 
methods were able to estimate a position.

Position error prediction
To predict the PE (pPE) and apply it to new data (e.g., 
without ground-truth data), we used ground-truth data 
from test tracks C1–C3 and D1–D3 to fit a model with 
high predictive power. Predictors were the number of 
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participating stations (Sc, numeric) and antennas (Ac, 
numeric, only for directional antenna beams), the maxi-
mum received signal strength (maxSig, numeric), the 
summed up weight (numeric, only for antenna beams), 
and station cover (numeric). Furthermore, we used 
transmitter ID (tagID, categorical) as random intercept 
to account for variation between different transmitters. 
Values were extracted per estimated position and numer-
ical parameters were scaled (mean = 0, SD = 1) prior to 
modeling. Since not all parameters were accessible for 
all methods, we ran model m3.1 for directional antenna 
beams, m3.2 for directional angulation and omnidirec-
tional multilateration, and m3.3 for omnidirectional 
antenna beams: 

	

m3.1 : PE ∼ Sc ∗ Ac ∗ cover

+ maxSig ∗ weight + (1|tagID)� (11)

	

m3.2 : PE ∼ Sc ∗ cover

+ maxSig + (1|tagID)� (12)

	

m3.3 : PE ∼ Sc ∗ cover

+ maxSig ∗ weight + (1|tagID)� (13)

The models included highly correlated parameters (Sc, 
Ac, cover, maxSig, weight), as well as some interactions 
since we were not interested in their causation, but in an 
optimal prediction of PE. We validated the predictive 
performance of the models by observation-level poste-
rior predictions, i.e., predicting PEs for the two excluded 
tracks Ctest and Dtest via bootstrapping and compar-
ing it to the real PEs calculating the mean absolute error 
(MAE). For a real life example of estimated positions and 
pPEs of two tagged birds, compared to positions derived 
from handheld telemetry see Supplement 2.5. Note that 
Ac was only included for directional antenna beams 
since Ac can be directly calculated based on Sc for the 
other methods (Ac = Sc for omnidirectional antenna 
beams and multilateration, Ac = 2 ∗ Sc for directional 
angulation). For directional antenna beams, Ac can vary 
between Sc and 4 ∗ Sc.

Results
Method optimization
For a site-specific optimization, we separately imple-
mented the optimization process for maisC (four meth-
ods, directional and omnidirectional stations) and maisD 
(two methods, only directional stations).

Detection range
Concerning the detection range of directional antenna 
beams, the mean predicted position error (pPE) ranged 
between 63.8 and 77.2 m for maisC with the smallest pPE 

for a detection range of 800 m, while for maisD it ranged 
between 95.1 and 101.5 m with the smallest pPE for 
900 m (Fig. 6 left). The difference in mean pPE between 
the detection ranges was greater and clearer in maisC 
than in maisD (Fig. 6 left). We continued with a detection 
range of 800 m (maisC) and 900 m (maisD) for method 
comparisons.

Position finding methods
When comparing methods, directional antenna beams 
had the lowest mean pPE (38 m) in maisC, while for 
maisD angulation of directional antennas (55 m) per-
formed better than directional antenna beams (Fig. 6 
center). Again, the difference in mean pPE between the 
methods was greater and clearer in maisC than in maisD. 
Note that we only included positions with estimates for 
all methods, which is why positions with a low station 
cover and therefore usually high PE were excluded more 
frequently, resulting in a comparable lower mean pPE 
for directional antenna beams when comparing methods 
than when comparing detection ranges (Fig. 6). Positions 
that were estimated by all methods were usually posi-
tioned inside the station set-up namely the core area (see 
also Supplement 2.1 for further details per test track).

Concerning the yield (i.e., the proportion of positions 
that could be estimated), positions estimated by direc-
tional angulation were usually also estimated by other 
methods, whereas other methods resulted in way more 
additional positions (Fig. 6, right, Supplement 2.1). In 
total, approximately 50 (maisC) and 30% (maisD) of the 
recorded ground-truth positions could be estimated 
using directional angulation, while directional antenna 
beams resulted in more than 90% of the recorded posi-
tions (Fig. 6, bottom right). For omnidirectional stations, 
antenna beams resulted in position estimates for almost 
90% and for multilateration in almost 80% of the recorded 
positions. Note that, due to the calculation itself, the esti-
mated positions using omnidirectional antenna beams all 
fall within the core area (i.e. estimates of positions out-
side the core area nevertheless fall within the core area), 
resulting in high station covers only (Fig. 6, top right, 
Supplement 2.1).

Position error prediction
Predictive performance
Concerning the predictive performance of the models, 
i.e., the mean absolute error (MAE) between PE and 
pPE, the model for directional antenna beams made bet-
ter or similar predictions (small MAEs: 21 m in maisC 
and 33 m in maisD) than for directional angulation (22 
and 44 m), followed by omnidirectional antenna beams 
(38 m) and mutlitaleration (53 m, Table 1 case ‘all meth.’). 
On average, models for directional antenna beams and 
omnidirectional mutlilateration made more conservative 
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predictions with pPEs being larger than real PEs, whereas 
pPEs from directional angulation and omnidirectional 
antenna beams were more optimistic and smaller than 
real PEs (see Table 1 case ‘all meth.’). Note that pPE 
showed less variation compared to PE, with only a few 
predictions below 20 m or above 200 m (Fig. 7).

Predicted PE dependencies
PEs of directional antenna beams (for other methods 
and figures for conditional posterior predictions, see 
Supplement 2.3) varied with the covariates with deviat-
ing patterns between the two sites (Fig. 8). For simplicity, 
here we mainly refer to Ac and Sc but note that Ac, Sc, 
maxSig, cover, and weight were usually positively corre-
lated, and therefore one has to look at the pattern in its 
entirety (see Supplement 2.2 for correlation plots and 
Supplement 2.3 for observation-level posterior predic-
tion plots based on these predictors).

In maisC, the highest mean pPEs (150 to 180 m) and 
uncertainty occurred for combinations where Ac = Sc 
(i.e., each station received the signal with only one 
antenna; left end of each line in Fig. 8, top left). For the 
same Ac, pPE improved (= decreased) with decreasing 
Sc (e.g., a position estimate is more accurate if two sta-
tions each receive with three antennas than if three sta-
tions each receive with two antennas), and for the same 
Sc, pPE improved with increasing Ac, often approaching 
a pPE of 25 m or less. Concerning the predictive precision 

(that is the difference between raw PE and pPE) with 
respect to covariates, average differences were close to 
zero, but pPE was underestimated when more than 22 
antennas were used for position estimation (Fig. 8, bot-
tom left). Additionally, single estimates became more 
precise (= smaller CIs)) with increasing Ac, while there 
were no obvious differences between different Sc.

In maisD, the highest mean pPEs (150 to 270 m) and 
uncertainty occurred for positions recorded by few sta-
tions with few antennas (Ac-Sc combinations 1–1, 2–1, 
3–1, 2–2, 3–2, 3–3, Fig. 8, top right). For the same Ac, 
pPE did not or only marginally improve with decreasing 
Sc and for the same Sc, pPE first improved with increas-
ing Ac but then remained constant at approximately 
50 m. Concerning the predictive precision with respect 
to covariates, pPE was overestimated for small Ac (PE 
< pPE) and underestimated for larger Ac (PE > pPE), 
(Fig. 8, bottom right). In contrast to maisC, the variance 
between single estimates remained more or less constant 
across different Ac and Sc.

Excluding position estimates with Ac-Sc combinations 
with high pPEs (see above) from the test tracks Ctest and 
Dtest resulted in a reduction of possible point estimates 
(6 and 2% for directional antenna beams, 21% for omni-
directional antenna beams, 14% for omnidirectional mul-
tilateration) but also in better PEs and pPEs as well as a 
slightly better predictive performance compared to the 
full dataset (Table 1, case ‘full’ vs. ‘filtered’).
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Discussion
We found substantial differences between the three posi-
tion finding methods antenna beams, angulation and 
multilateration in terms of position errors, number of 
estimated positions and predictive performance. Direc-
tional stations generally produced smaller errors than 
omnidirectional ones, and directional antenna beams 
yielded substantially more estimates than angulation 
while having comparable position errors. Table 2 sum-
marizes each method’s advantages and disadvantages, 
helping future studies to find the best method for the 
respective underlying study design. Per-position errors 
varied widely - ranging from several meters to hun-
dreds of meters - depending on factors such as station 
and antenna number, station cover, signal strength, and 
weights. Errors were especially high outside the station 
set-up, underscoring the importance of predicting per-
position errors rather than relying on a single average.

Method optimization
Detection range
Concerning the best detection range to be used for direc-
tional antenna beam position estimates, the results for 
maisC were more pronounced, with 800 m clearly devi-
ating from other ranges, while there was a large overlap 
between ranges for maisD with 900 m resulting in the 
smallest pPE (Fig. 6, left).

Part of the differences between the two sites might be 
due to the set-up and test tracks used, since they were 
not identical, but we expect that these results were 
mainly linked to the respective topography (Fig. 1). All 
position finding methods used in this study assumed the 
same detection probability and received signal strength 
regardless of whether the transmitter is positioned at 
the same distance from the receiving station in northern, 
eastern, southern, or western direction. Signal detec-
tion is highly dependent on signal transmission, which 
can vary due to the position of the transmitter antenna, 
whether the signal is weakened by surrounding veg-
etation, the level of humidity, or how fast the transmit-
ter is moving [1, 4, 13], but this variation usually occurs 
randomly in any direction. Topography affects signal 
detection based on slope direction, with downhill-facing 
antennas typically achieving greater detection ranges 
than uphill-facing ones. Elevation differences between 
stations further increase variability in signal detection. 
Therefore, position errors in undulating landscapes vary 
highly within one assumed detection range, while errors 
between ranges remain more consistent. Our position 
finding method antenna beams did not account for such 
‘static’ differences in signal detection due to topography, 
resulting in less accurate position estimates at undulat-
ing sites. Thus, more research is needed, for example, 
by using different detection ranges per station (and/Ta
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or antenna) or applying received signal strength (RSS) 
fingerprinting, a machine learning approach matching 
received signals from unknown positions to signal fin-
gerprints from known ground-truth positions. The latter 
has at least been shown to work well for omnidirectional 
and directional set-ups: [16] achieved a median position 
error of 30 m for positions between 0 and 75 m from the 
nearest station in a fairly dense omnidirectional set-up 
(100 m spacing between stations) and [14] achieved a 
median position error of 230 m for positions between 0 
and approximately 1000 m from the nearest station in a 
more sparse directional set-up (500 m spacing).

Position finding method
The four tested methods differed in their position error 
and yield, i.e., the proportion of positions that could be 
estimated. In terms of yield, antenna beams proved to 
be better than angulation for directional stations with 
comparable pPEs, while for omnidirectional stations, 
multilateration resulted in smaller pPEs and a compara-
ble yield than antenna beams (Fig. 6, center, right). The 
reduced yield in the angulation method arose from vari-
ous prerequisites that must be met: to calculate bearings, 
at least two stations need to detect the signal, each with 
two neighboring antennas, and the resulting lines need 
to intersect (see Sect. 2.5.3). Consequently, a substantial 
number of positions could not be estimated, resulting 
in reduced temporal resolution. Position estimation was 
particularly limited when transmitters were located out-
side the core area, leading to a total loss of 34 to 61% of 
positions (Table 1, Supplement 2.1). Antenna beams, on 
the other hand, could even estimate positions from single 
detections - though with high error - (only 1 to 5% loss) 
while multilateration required at least two stations (12% 
loss). Antenna beams and multilateration thereby cov-
ered a larger area than angulation, offering a more com-
prehensive view of movement patterns (Supplement 2.1).

Regarding the differences between station types, there 
was a clear trade-off between smaller PEs (directional 
stations) and a more affordable and simpler station set-
up (omnidirectional stations). With a good signal basis 
(Sc ≥ 3 receiving with 2*Sc directional or Sc omni-
directional antennas), the two directional methods 
could achieve mean pPEs between 15 and 50 m, while 
the omnidirectional system in maisC had mean errors 
between 50 and 150 m for multilateration and around 
100 m for antenna beams (see Fig. 8 and Supplement 2.3). 
Compared to previous studies using directional and/or 
omnidirectional set-ups, our results ranged in the mid-
field of measured errors (mean spacing between stations 
155 to 175 m): In omnidirectional set-ups using multi-
lateration [15] obtained mean PEs of 7 m (spacing 12 m), 
[16] median PEs of 43 m (spacing 100 m), [17] mean PEs 
of 63 m (spacing 100 m), and [20] mean PEs of 180 m (62 
to 141 m after applying several filters, spacing 215 m). In 
directional set-ups using angulation, [3] obtained mean 
PEs of 25 m (spacing 200 m), [9] measured median PEs 
of 72 m for moving butterflys (spacing 250 m), and [14] 
got mean PEs of 550 m (spacing 500 m). See also Supple-
ment 2.4 for an overview table of PEs from different stud-
ies and study designs, including results from our study. 
However, direct comparison between different set-ups 
is always difficult since errors depend on various factors 
such as emitting power of transmitters, where in rela-
tion to the stations the ground-truth data was recorded, 
spacing between stations, which and how many positions 
could be estimated, height above ground of antennas and 
transmitters, surrounding vegetation, and topography [1, 
4, 9, 13].

Omnidirectional antennas usually have a smaller 
detection range than directional antennas. If a signal is 
detected by fewer stations compared to directional sta-
tions, the resulting position estimations will thus be less 
precise. One way to compensate for these deficiencies 

Table 2  Overview of tested methods, including pros and cons for different aspects to help selecting the best method and set-up. For 
a visualization of the covered area, see Supplement 1.8

directional (flat, undulating) omnidirectional (flat)
antenna beams angulation antenna beams multilateration

position error good (PE ∼50 m (flat), ∼ 60 m (undulating)) good, (PE ∼50 m) bad (PE >100 m) ok, (PE ∼100 m)

predictive 
performance

good, better in flat areas, conservative esti-
mation (pPE > PE)

ok, better in flat areas, optimis-
tic estimation (pPE < PE)

ok, optimistic estimation 
(pPE < PE)

good, conservative 
estimation (pPE 
> PE)

covered area good (core area plus buffer of 0.5*r) on paper great, in praxis 
mainly restricted to core area

bad, restricted to core area good, (core area plus 
buffer of maximal 
distance estimation)

yield great, without filter all signals can be used bad, at least two stations with 
two neighbouring antennas 
needed (plus intersecting 
bearing lines)

great, without filter all 
signals can be used

good, at least two 
stations needed

costs more expensive cheaper

set-up elaborate set-up and maintainance simple set-up and less maintainance
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and improve position estimations is by decreasing the 
minimum distance between stations, as shown by [20]. 
However, this would come along with either a decrease 
in covered area when using the same number of stations, 
or the need for more stations to cover the same area, and 
therefore an increase in costs. An alternative would be 
to increase either the antenna height or the transmitting 
power of the radio transmitter.

Position error prediction
Predictive performance
Models used to predict position errors (pPE) performed 
well, with mean absolute errors (MAE) between real PE 
and pPE for test tracks Ctest and Dtest ranging between 
21 (directional antenna beams) and 69 m (omnidirec-
tional multilateration, Table 1). Since predictions were 
mean estimates for given combinations of covariates, 
they usually overestimated extremely low PEs and under-
estimated high PEs. However, these extreme values 
occurred only rarely, which is why predictions can, on the 
whole, provide a reliable result.

Predicted PE dependencies
Positions estimated with one method varied extremely 
in their position errors, and this was strongly linked to 
covariates related to how good a signal was detected 
(e.g., number of receiving stations and antennas, signal 
strength, station cover, …). Using this information to 
predict a position error for each position can therefore 
be a powerful tool to improve results based on teleme-
try data. It is important to note that the set of covariates 
used in this study is not exhaustive and can be adapted 
in future research. Investigators may choose to add new 
covariates that are relevant to their specific study systems 
or exclude those that are unavailable or not informative. 
Furthermore, excluding positions based on thresholds of 
these covariates effectively minimized PEs (i.e., exclud-
ing positions with low Sc (and Ac), Table 1). For omni-
direcitonal and directional antenna beams, we especially 
recommend excluding positions based on one antenna 
and station only, since these estimates were (i) extraor-
dinarily high (especially in maisD), and (ii) showed a high 
uncertainty when comparing real PEs and pPEs (Fig. 8, 
Supplement 2.3). However, such thresholds came along 
with a reduction in yield, thus one has to face a trade-off 
between many positions and small PEs and may still be of 
interest depending on the target research question.

Paxton et al. [20] demonstrated that increasing the 
number of stations used for position estimation can 
degrade accuracy, causing estimates to shift toward the 
center of the study area, with the effect being most pro-
nounced at the periphery. Similarly, our position esti-
mates based on antenna beams showed a centralizing 
bias, and position errors were underestimated when 

many antennas received a signal (Fig. 8). Thus, accuracy 
and spatial resolution may be improved by implementing 
additional filtering techniques, such as excluding stations 
with weak signal strength, as proposed by [20]. However, 
a key advantage of our approach is that, despite potential 
inaccuracies in position estimates, the predicted posi-
tion error reliably reflects the associated uncertainty and 
can thus be used as a proxy of the trustworthiness of the 
estimate.

Transferability and recommendations
The optimal detection range, predictive performance of 
the per-position error model, and the influence of indi-
vidual predictors on position error varied between the 
two study sites. This demonstrates that the error model is 
not directly transferable to other settings without adap-
tation. While it may be possible to develop a general-
ized error model under highly standardized conditions 
(e.g., identical ARTS hard- and software, station spacing, 
antenna configuration, and comparable environmental 
conditions), the effectiveness of such a model remains 
untested and warrants further investigation.

Therefore, we strongly recommend collecting site-
specific ground-truth data to calibrate the error model 
for each new study. At the minimum, this should include 
one extensive calibration walk to train the model and one 
shorter validation walk to assess its performance. These 
walks should cover both the central area of the study site 
and its periphery (extending to at least the stations plus 
half the expected detection range). To capture the site’s 
heterogeneity, the spatial resolution of the track should 
be adapted to the landscape: finer sampling may be nec-
essary in areas with complex or varied habitats, while 
more uniform landscapes may require less dense tracks. 
Additionally, conducting these walks with multiple tags 
simultaneously can further improve the robustness of the 
calibration. This data can then be used to find the best 
position finding method, estimate positions and predict 
position errors with the error model. Mapping these 
results on a spatial scale (see Supplement 2.1) helps to 
investigate, whether changes to the stations set-up are 
needed, e.g., a closer spacing of stations or the addition of 
stations in blind spots.

Conclusion
Our study showed that the methods tested for position 
finding in ARTS differed in their position error, num-
ber of yielded positions, and predictive performance. 
Antenna beams used for directional stations proved to 
be a strong alternative to the commonly used angula-
tion, especially in terms of yield and temporal resolu-
tion. Furthermore, position errors and performance 
varied between the two tested study sites and were highly 
influenced by signal and position characteristics. When 
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conducting radiotelemetry studies, it is therefore cru-
cial to record ground-truth data in the field to capture 
this individual PE pattern of your study site and check 
whether (i) the resulting mean PE meets the required 
position accuracy of your question of interest, (ii) the 
predicted PEs adequately reflect measured PEs (small 
MAE, difference close to 0), and (iii) the yielded number 
of estimated positions is sufficient. The resulting esti-
mated positions and predicted per-position errors pro-
vide a sound basis for further high-resolution analyses of 
wildlife movements.
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