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ABSTRACT

This project aims to understand the limitations of Automated Radio Telemetry Systems
(ARTS) in the context of complex, mountainous landscapes. Environmental variables, such as
steep topography, vegetation density, and subject-specific behavior, degrade radio signal strength
and localization accuracy. Standard signal decay models frequently fail to account for signal
attenuation caused by physical obstructions and complex environmental structures, despite
advancements in telemetry technology for wildlife tracking and fine-scale study. Utilizing the
existing ARTS grid at the Rocky Mountain Biological Laboratory (RMBL) as a case study, this
study aims to identify methods for controlling and accounting for these elevation variations and
foliage densities, especially when considering flying organisms such as the Broad-tailed
Hummingbird (Selasphorus platycercus). Both traditional trilateration and a novel Bayesian
particle filter model (equipped with a Generalized Additive Model) were used to estimate point
locations given signal strength, time, and node reception, and while trilateration slightly
outperformed the new Bayesian model, there remains much to explore in the realm of radio
telemetry model development.

INTRODUCTION

Since the 1950s, methods for radio telemetry in biological research have continued to
evolve, from primitive transmitters to Automated Radio Telemetry Systems (ARTS) and drone-
based tracking (Hockersmith & Beeman, 2012; Manville et al., 2024; Wallace et al., 2021).
Radio telemetry technology has revolutionized wildlife conservation by allowing scientists to
remotely track free-ranging organisms. By capturing and outfitting animals with transmitters, it
has become possible to understand movement at scales previously unfathomable, including the
mapping of international migration routes, the identification of critical corridors, and gaining a
better understanding of how organisms navigate human-altered landscapes (Bastille-Rousseau et
al., 2018; Dzul et al., 2024; Kishkinev et al., 2016; Mitchell et al., 2025; Oliver et al., 2026).
Recent advancements, such as minuscule radio tags intended for butterflies or hummingbirds,
have further facilitated this study of movement at even finer scales (Heitzler et al., 2025; Rhodes
et al., 2025, Preprint). Despite these technological advancements, relatively little research exists
on how each of these different forms of information interact with a radio telemetry grid at both
broad and fine scales.

The technical aspects of radio telemetry often consist of radio waves (VHF/UHF)
transmitted from attached tags or collars to receivers, enabling continuous data collection over
time. These radio waves transmit high-frequency electromagnetic data over long distances by
propagating through the environment. Receiving antennas, or grid nodes, capture these waves,
converting them back into usable data for monitoring, tracking, or environmental sensing
(Amelon et al., 2009; Fuller, 1987; Manville et al., 2024). In ARTS grid systems, data is received
as the signal strength per radio tag per node, which is then used to understand an animal’s



physical location after accounting for the grid’s calibration (Wallace et al., 2021). However, due
to the nature of these waves, there exist many confounding factors impacting signal reception,
including terrain ruggedness, subject height, and vegetation type/density (Rueda-Uribe et al.,
2024).

Land topography and elevation have been shown to result in substantial effects on signal
reception, as nodes with greater or obstructed vertical distance from a radio tag often receive
weaker signals, resulting in a greater calculated distance than the actual value (Rueda-Uribe et
al., 2024; Tran et al., 2024). When a signal loses line of sight, the received signal strength (RSS)
drops abruptly, mimicking an increase in horizontal distance even if the subject is located near
the receiver (Tran et al., 2024; Whitehouse et al., 2007). If the localization algorithm assumes a
flat two-dimensional plane, this attenuation can overstate the horizontal distance between the
node and the subject, impacting the ability to accurately determine the subject’s location (Tran et
al., 2024). As most calibrated grids have a detection threshold or signal sensitivity limit, extreme
vertical distance or terrain obstruction may result in negative skew of signal strength, which may
be filtered out after accounting for a typical decay curve (Tran et al., 2024; Wallace et al., 2021;
Whitehouse et al., 2007). Steep topographic features can completely obstruct the line of sight,
preventing nodes from detecting a signal entirely even if the horizontal distance is minimal
(Rueda-Uribe et al., 2024; Tran et al., 2024). This logic also extends to aerial organisms, as the
subject’s vertical distance from a node and elevation have very similar impacts on signal strength
(Rueda-Uribe et al., 2024). While altitude provides a better practical line of sight, the vertical
distance a signal must cover from high altitudes will dilute the signal strength (Khawaja et al.,
2019). If an organism is flying high enough, the attenuated signal will eventually fall below the
grid's calibration threshold.

Vegetation type and density can also impact signal strength, weakening reception in
denser areas or areas occupied by certain foliage types (Gamble et al., 2025; Tran et al., 2024). In
structurally complex environments, vegetation reduces accuracy through shadowing and
multipath reflection (where signals bounce off foliage or ground cover), causing the receiver to
misinterpret the signal's origin and strength (Paxton et al., 2022). In a study on songbird
locations in a forested environment, RSS obstruction increased alongside tree density (Gamble et
al., 2025). Telemetry localization relies on probability models where signal degradation is
proportional to the square of the distance from the subject to the receiver, yet standard
continuous signal decay models often fail in complex habitats (Erhardt et al., 2023; Wallace et
al., 2022). Signal decay function parameters have been found to significantly differ by habitat
type, requiring habitat- or density-specific adjustments, such as localized calibration grids,
Bayesian signal decay models, or stringent signal-to-noise filtering, to improve location accuracy
(Paxton et al., 2022; Rueda-Uribe et al., 2024; Tran et al., 2024).

Beyond environmental structure, the behavioral ecology of the study system or species
may dictate the accuracy of radio signal reception. As an example, male Broad-tailed
Hummingbirds (Selasphorus platycercus) are characterized by high-speed, vertical aerial display
dives; this drastic variation in vertical space causes signals to travel along differing slant ranges
and frequently results in the bird traversing past threshold zones of receiving antennas (Camfield



et al., 2020; Clark et al., 2011; Khawaja et al., 2019; Rueda-Uribe et al., 2024). Alternatively,
female hummingbirds spend significantly more time skulking, foraging, and nesting deep within
tree canopies or dense shrubs (Camfield et al., 2020). This behavior subjects their radio tags to
severe shadowing and multipath reflection from the surrounding biomass, which may further
degrade RSS (Paxton et al., 2022; Gamble et al., 2025). Tracking small mammals also presents a
unique challenge because of their ground-dwelling nature: proximity to the ground results in
radio waves that are heavily absorbed and scattered by soil moisture, rocks, and underbrush,
potentially reducing both the effective transmission range and the reliability of the RSS data
(Wallace et al., 2022).

Despite these findings, there exists little research examining the impact of more severe
topographic differences in mountainous environments. At the Rocky Mountains Biological
Laboratory (RMBL) in Gothic, Colorado, an ARTS system is utilized to track male Broad-tailed
Hummingbirds (Selasphorus platycercus) during their breeding season from spring to late
summer. While there are many implications for this research, the grid currently exists as a series
of ~100m linearly separated nodes. This linear separation is likely obscuring collected data,
especially given that there is elevational variation in node placement and differing foliage types
and densities across the study sites, yet RSS is implicitly a linear factor. To further enhance and
clarify this research, this project serves to both understand how the relationship between signal
strength and distance from node is impacted by these factors, as well as to present an alternative
data processing methodology that takes into account both land topography and foliage density.
These findings may be useful across other study systems as well and will inform future
researchers of how best to approach analyzing RSS values in heterogeneous landscapes.

METHODOLOGY

Existing RSS-based automated telemetry studies often estimate tag/subject locations
using trilateration or radio fingerprinting (Paxton et al., 2022; Tyson et al., 2024). However,
these approaches do not incorporate probabilistic movement models or Bayesian sequential
estimation, despite the success of particle filters in RSS localization (Doucet et al., 2001; Thrun
et al., 2005). Additionally, particle filters have been shown to outperform trilateration when RSS
measurements are noisy and/or sensor geometry is poor, although these demonstrations largely
come from engineering rather than wildlife studies (Lee et al., 2025).

To obtain an accurate picture of the landscape, I established a linear 20m x 20m grid
encompassing each node/receiver location with a 100m buffer zone, akin to the fingerprinting
proposed by Tyson et al. (2024) (Figure 1). I visited each point with a test tag for two minutes at
two vertical strata: one minute at 0m and the other at 2.55m, to account for hummingbird flight
heights. To account for on-foot travel time between differing points, as well as to give the tag
time to adjust to the new location, the first and last fifteen seconds of each minute were removed
from the calibration dataset. Each point’s location was recorded, along with the RSS from each
node (and that node’s location). Landscape data were integrated using LiDAR from the general



area, including a Digital Elevation Model (DEM) and a foliage cover/density model. Each grid
point was then characterized by its distance from the receiving node as well as the foliage density
at that geographic location. Additional metrics (line-of-sight and terrain obstruction between
each calibration point and receiver) were also extracted from the DEM as needed to account for
signal attenuation impacted by the local topography (Jenness, 2004).

To characterize radio signal propagation and establish the spatial limits of the automated
radio telemetry system, I analyzed calibration data collected from known reference positions. I
calculated Euclidean distances between each calibration point and its corresponding receiving
node. To model signal attenuation, I fitted a standard log-distance path loss model to the
empirical data using linear regression of Received Signal Strength (RSS) against log(d). From
this regression, I derived the baseline signal strength at 1 meter and the environmental path loss
exponent. To determine the limits of distance estimation (where signal propagation breaks
down), I implemented segmented regression/breakpoint analysis using the segmented package in
R. This was used to fit a multi-segment linear model to the log-distance decay curve to
mathematically identify the inflection point, or breakpoint distance. I then computed the RSS
value corresponding to this breakpoint to establish a cutoff for filtering unreliable low-signal
detections prior to spatial modeling.

I then utilized a Generalized Additive Model (GAM) to predict expected signal strength
based on the log-distance to the receiving node, topography, and foliage density. Rather than
predicting a single RSS value, the GAM estimated the expected distribution of RSS, including
residual variance, to allow for measurement uncertainty to be incorporated into the localization
(Wood, 2017; Heim et al., 2018). Received data (after filtering for background noise/unusable
detections) were smoothed to reduce temporal signal jitter using a Kalman filter applied within a
state-space model, which recursively estimates the underlying signal while accounting for
measurement noise (Welch & Bishop, 2006).

After running the GAM to obtain the array of expected signal strengths at each grid point,
I applied a geographically bounded Bayesian particle filter with the ability to process
simultaneous pulse detections to determine each detected tag’s 3D coordinates (Doucet et al.,
2001; Thrun et al., 2005). In short, the tag’s location is represented by a probability cloud of
simulated particles. For each particle, the likelihood was calculated using the probability of
observing the measured RSS values at all simultaneously detecting receivers, given the GAM-
predicted RSS distribution for that particle's 3-D coordinate (X, y, z). Particles were resampled
based on likelihood weights, and a correlated random-walk movement model, scaled to the
maximum movement speed of the target species, will provide the prior probability of movement
between successive detections (Codling et al., 2008; Patterson et al., 2008). The final estimated
coordinate is the weighted posterior mean of the particle cloud rather than a simple arithmetic
mean (Doucet et al., 2001; Thrun et al., 2005).

The coordinates provided by both the bounded L-BFGS-B trilateration and the new Bayesian
model were then compared to the actual values through further grid testing (random points) to
determine the most accurate model for the RMBL area. I utilized a non-parametric Wilcoxon
signed-rank test along with a parametric paired t-test to analyze each model’s location accuracy



when compared to the actual latitude/longitude values. Furthermore, I tested the height accuracy
of the Bayesian particle filter with a one-sample t-test to determine if the vertical discrepancy
was significantly different from zero.



RESULTS

After obtaining the distance decay model and running the segmented regression analysis,
the calculated breakpoint distance of the calibration model was 92.39 meters, and the calculated
RSS cutoff was around -81.57 dBm (Figure 2).

The Generalized Additive Model (GAM) used to train the Bayesian particle filter yielded
an R-squared value of 0.56 and a residual error of 3.83. Geographically bounded L-BFGS-B
trilateration yielded a mean positional error of 58.85 m (RMSE = 75.26 m), while the Bayesian
particle filter produced a mean error of 71.67 m (RMSE = 135.63 m). The larger RMSE for the
Bayesian model likely indicates a right-skewed error distribution driven by occasional massive
spatial outliers, as visible in Figure 3. Because of these outliers, a Wilcoxon signed-rank test was
utilized to compare model performance. This test revealed a statistically significant difference in
positional accuracy between the two methodologies (V = 10045, p = 0.006); L-BFGS-B
trilateration provided consistently lower median spatial errors. A paired t-test resulted in a mean
difference of 12.82 m, though this was interestingly non-significant (t(224) = 1.95, p = 0.052,
95% CI [-0.13, 25.76]).

On average, the Bayesian particle filter exhibited a slight negative bias on its vertical
height predictions, underestimating true height by a mean of around 1.67 m. The overall mean
absolute height error was 4.29 m (RMSE = 6.94 m). A one-sample t-test confirmed that the -1.67
m underestimation was statistically significantly different from zero (t(234) = -3.79, p = 0.0002,
95% CI [-2.54, -0.80]).

DISCUSSION

While Bayesian particle filters (BPF) generally integrate movement dynamics with
spatial data, traditional trilateration proved to maintain superior accuracy with this grid system
and model integration. The high RMSE value from the BPF reveals a high volume of spatial
outliers, which likely contributed to this result. The lack of significance comparing the models
under a parametric two-sided t-test is especially interesting, as it implies that there is at least
some level of overlap between the models’ efficacies, even though the trilateration severely
overperformed. It is entirely possible that, given more time and resources, BPF could surpass
trilateration even in this system. BPF training during data analysis proved to heavily skew points
toward places with higher line-of-sight and slopes/aspects that allowed for maximum theoretical
node overlap, despite not being represented in the calibration points as such. Removing slope and
aspect slightly lowered the R-squared fit of the final model, but it is still unclear which other
factors should be included, or even how to correct for biases like slope and aspect within the
model, rather than just removing their influence. Furthermore, there exist many methods of
particle filtering, and it is possible that the method employed was flawed or otherwise not ideal
for this particular system. Investing time into properly understanding and executing a location-
based Bayesian inference system may indeed prove more useful than relying on trilateration,



although trilateration is exceedingly simpler than developing a model. Still, trilateration only
provided an accuracy of around 70m, which is also lower than expected given the 20m x 20m
setup for calibration. This may have varied with a more traditional trilateration setup, but time
and weather constraints prevented this (and the completion of the Bayesian grid itself) from
occurring.

Environmental aspects may have also led to these results. Land topography, elevation
shifts, and varying vegetation density can cause signal attenuation and multipath/“bounce”
effects, in which the signal from the transmitting tag travels differently given the local
environment (Frair et al., 2010; Gamble et al., 2025; Paxton et al., 2022; Rueda-Uribee et al.,
2024; Tran et al., 2024). While trilateration treats each localization independently (and each tag
is localized between at least three nodes), Bayesian models rely on prior locations and movement
models. If a severe multipath error occurs, or if vegetation heavily skews signal reception at
multiple automated nodes, a BPF can trap particles in the wrong topographical area (Figure 4).
While removing slope and aspect prevented the piling of these points on top of the nearest ridge
in my own model, large spatial outliers still existed within the model. My model’s high RMSE
doesn’t necessarily imply that Bayesian models are inferior to trilateration; rather, it suggests that
the model didn’t properly function when taking into account the environmental variables present,
either GAM-present or ignored/not recognized.

Furthermore, the choice between different models and algorithms dictates the types of
ecological questions that can be answered. If a study relies on identifying precise micro-habitats,
trilateration’s resistance to movement-model errors might lend itself to being the most practical
application in that context (Patterson et al., 2008). Conversely, if studying broad, continuous
behavioral shifts, the BPF's ability to smooth trajectories might still be valuable, provided that
researchers pre-filter the raw data to restrict anomalous spatial jumps before applying the
Bayesian framework, or utilize the model to account for these potential outliers, since animal
movements don’t typically follow a set mathematical formula. Additionally, BPF models have
been shown to be incredibly accurate when used as movement modeling rather than just
accepting point values; perhaps there is some utility in exploring the utilization of BFPs in
conjunction with trilateration rather than treating BPFs as an equivalent (Lavender et al., 2025).

With that being said, I propose future projects implement a hybrid approach when
working with large-scale ARTS systems like the one present at RMBL. This could be achieved
very simply, where trilateration is used to identify multipath outliers that can be removed before
the BFP is applied, or it could be used in a more integrated way, in which both trilateration
measurements and BFP predictions are combined in a separate, larger-scale model. It is also
possible that my own approach is valid, and I didn’t have enough data to properly integrate
terrain, foliage cover, and node data. The initial calibration grid was planned to include around
1,000 points; around 350 were collected, and due to weather conditions only around 250
calibration points were recorded in the final product. Perhaps a larger grid would provide the
resolution needed to adequately integrate a GAM with these environmental factors. This would
minimize potential blind spots in the BFP and would allow for a greater array of



terrain/vegetation combinations, which my grid may not have included at the scale necessary to
properly understand these varying impacts.
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APPENDIX

Figure 1: 20m x 20m calibration grid and node locations.
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Figure 2: Signal decay curve from calibration grid. Calculated breakpoint distance: 92.39
meters; calculated RSS cutoff: -81.57 dBm.
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Figure 3: Final map of all BFP-predicted, trilateration-predicted, and actual tag points in the
RMBL area.
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Figure 4: Demonstration map of BFP point piling as a result of a possible large-scale multipath
error; this was later corrected by the removal of slope and aspect entirely.
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