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A B S T R A C T
Wildlife in forests can be threatened by different phenomena like deforestation and changes in
land use. It introduces the need to track the diverse terrestrial species of animals to understand
their moving patterns and distributions. This allows conservationists to evaluate which species
need immediate policies to guarantee survival and how the different land uses impact the
ecosystem dynamics. The tracking can be achieved by using collars installed in the animals’
necks, namely End Nodes (ENs), which are GPS-based in most cases. However, this technology
is energy-consuming and is constrained to the outdoors, with an adequate line of sight with
the satellite network. These constraints, which are not always met in forests, motivate the
need to develop Wireless Sensor Network(WSN)-based localization solutions where different
Low Power Wide Area Network (LPWAN) protocols can be used. These protocols rely on the
measurements of the Received Signal Strength Indicator (RSSI), the Time of Flight (ToF), and
propagation models to determine the distance between the EN and a set of Anchor Nodes (ANs)
with fixed and previously known positions, and then, apply trilateration techniques to estimate
the position of the animal. However, the existing approaches might have significant errors due
to multipath and shadow fading caused by dense canopies. To address these limitations, this
paper proposes a framework to improve the localization accuracy in dense forests using a three-
step strategy. First, we provide an optimization setup to adequately select the ANs positions,
increasing the redundancy of trilateration and coverage. Then, we propose an optimized method
to determine the distance between the EN and the ANs based on bias and variance minimization
using the RSSI and ToF. Finally, the optimized redundancy and coverage setup and the optimized
distance estimation are used to improve the localization using a scoring method for ANs with
the most reliable distance estimations based on residual errors. Numerical studies show that our
framework outperforms the state-of-the-art strategies regarding trilateration capacity, distance
accuracy, and localization errors.

1. Introduction
Productive human activities for extractive industries and constructions have caused high deforestation rates and

changes in land use in dense forest ecosystems, particularly in tropical environments like the Amazonian or Darién
jungles [1]. Different initiatives have assessed the threatened wildlife species that habit these areas, like the International
Union for Conservation of Nature (IUCN), finding that a significant number of native species are now classified as
threatened due to habitat fragmentation [2]. The Amazonian jungle has experienced high and unprecedented land use
changes, leading to critical ecosystem variations for countless species [3]. Given this phenomenon, active research and
technological advances have arisen to monitor wildlife’s position and spatial distribution to measure how environmental
alterations impact their survival and behavior [4]. With the collected data, the environmental authorities can identify
habitats and common corridors used by endemic species and find policies to mitigate adverse effects caused by land
use changes.

The traditional technologies to track the position of animals are primarily based on the Global Positioning System
(GPS) [5] that has shown to be effective in open environments but has limited performance for dense forest canopies.
The energy consumption demanded by the GPS receivers may lead to rapid battery depletion [6], which can be
impractical for long-term monitoring since battery replacements demand recapturing the animals, leading to extra
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stress [7]. Furthermore, the correct operation of GPS-based hardware requires an adequate line of sight to the satellites.
This condition is rarely met in dense canopies with broad areas covered by trees that obstruct signal propagation.
These drawbacks can make Wireless Sensor Networks (WSNs) and Low Power Wide Networks (LPWANs) feasible
solutions for implementation in the considered scenarios [8]. These technologies have been designed to achieve low
energy consumption, which strongly increases the operational lifetime of tracking devices [9, 10]. WSNs and LPWANs
are not sky-dependent like GPS, so these localization strategies may exhibit lower errors in dense forests [11]. They
work by collecting the Received Signal Strength Indicator (RSSI) or the Time of Flight (ToF) information from an End
Node (EN) (usually a collar attached to the animal) at a set of base stations, namely Anchor Nodes (ANs), placed in
fixed and known positions. The RSSI and ToF can be used to estimate the position of tagged animals. Nevertheless,
these short-term channel metrics are sensitive to the environment and are subject to shadowing, multipath propagation,
and delay spread [12]. This may potentially lead to significant errors in distance estimation as signals can be absorbed,
redirected, reflected [13], or delayed by vegetative cover [14].
1.1. Related Works

Active research has been conducted to improve the localization accuracy in WSNs and LPWANs. For instance,
Islam et al. [15] presented a LoRa-based localization system that uses RSSI to calculate EN-to-EN and EN-to-AN
distances. They propose using particle filtering for noisy RSSI and machine learning models such as support vector
machines and random forests to estimate distances. They perform the localization by trilateration, and the testing over
an area of 3.1 km2 has shown its efficacy in short-to-medium range distances of 20–170m, attaining an error about
40m. However, relying on a single gateway reduces scalability and makes this system vulnerable due to multipath
and shadowing effects in denser environments. The iterative search over a large area adds latency and increases
computational costs in this system.

Mohar et al. [16] considered RSSI as the primary distance metric for node localization to optimize the performance
of a 100×100m WSN. They designed the Jaya algorithm, which operates by minimizing the average localization error
through iterative refinement of position estimation of the EN from the information received at the ANs. The results
show a reduction in localization error of about 64-80%, with a significant reduction in computation time compared to
other optimization algorithms like Particle Swarm Optimization (PSO). However, the proposed design depends on the
quality of the RSSI signal and the consistent deployment of the ANs. Their presented results showed that the errors
are more significant as the distance increases, so this approach has limitations in large-scale or sparse networks since
the variability in RSSI is greater under those conditions.

Wu et al. [17] used RSSI as the distance metric, enhancing the localization estimation accuracy using a multipiece
log-linear path loss model. The considered area was divided into sub-regions, for each of which the path loss parameters
were calibrated. Thus, the algorithm self-adapted to the vegetation and terrain that cause signal attenuation. It was
shown the the maximum error was ≈ 3.7m in a bamboo forest with a validation small area of 0.0012 km2. Although
this strategy is effective, its deployment demands large measurement campaigns to fit the corresponding models for sub-
regions, which can be unsuitable for large areas like those found in forests. Furthermore, the changes in the environment
could affect the fitted models since it relies uniquely on the RSSI variations.

Li et al. [18] employed the RSSI and ToF to deliver estimated positions of the ENs, proposing a Weighted Cascade
Compensation Estimator (WCCE), which can integrate multiple data sources from the channel dynamics. The design
achieved low localization errors about 0.5m when tested in favorable conditions of Signal-to-Noise (SNR) in a small
area of 100×100m2. Although the method claims to be effective, it depends on high-quality data, limiting its application
to environments with low-noise channels since RSSI and ToF are highly prone to variability in forests [14].

Kaur et al. [19] measured the RSSI for distance estimation in an area of 15×15m2 and they proposed a modification
over the Teaching–Learning-Based Optimization (TLBO) and using virtual ANs to augment the RSSI measurements.
However, the scalability of this approach in large areas with dynamic changes in the SNR of the measurements remains
untested. Similarly, Chen et al. [20] combined RSSI and ToF to create a hybrid metric, namely RSSI-RANGE, for
fingerprinting in indoor scenarios. This metric achieved high precision using PSO, Random Forests (RFs), Gaussian
and Median Filters, and Kriging interpolation, finding up to 58-63% improvements under experimental conditions.
Although this strategy addresses multipath and noise channel issues, it requires a fingerprint database, limiting its
scalability to forest-like environments where the collection of measurement campaigns can be time and resource-
constrained.

Lyu et al. [21] utilized Radio Frequency Identification (RFID) and RSSI measurements for monorail localization
in rugged orchard environments. They deployed a testbed combining an STM32 hardware platform with RFID and
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Long-Range (LoRa) protocols to enable accurate positioning, reducing errors to 1.27% on flat rails and 21.18% on
sloped rails. However, this strategy requires installing RFID readers in multiple locations, which may be unfeasible
for forests where animals can move in large areas. Finally, Liu [22] scored reliable ANs based on the distance error
distributions. This information was used to create multiple search regions. The method relied on the distance error
distributions and actual positions that are unknown a priori. Determining these distributions in a dense environment,
like a forest, may be unsuitable without a large-scale measurement campaign. Furthermore, if there are high standard
variations in the distance error distributions, obtaining the actual distance may be challenging.
1.2. Contribution of this Paper

The summary of the state-of-the-art strategies for WSN-based localization is presented in Table 1 from which the
following can be noticed. First, although some existing approaches consider RSSI variations caused by environmental
characteristics, the scenario with high standard variations has not been conducted for complex conditions like those
presented in forests. Second, the dense-vegetation dynamics are rarely addressed by the current works. Third, most
approaches do not address the selection of the position of ANs to improve EN localization. Fourth, it is common
for a database of environmental measurements to be required, which is difficult in forests considering the accessibility
issues. Finally, it can be noticed that the current approaches were validated in small areas, but the forests are commonly
large areas covered by dense vegetation. To address these limitations, this paper proposes a framework for enhanced
localization accuracy in dense forests for terrestrial animals using WSNs based on the ITU-R P.833 [14]. Our approach
is composed of three main stages. First, we propose an optimization problem to determine the AN’s positions, aiming
to maximize coverage and trilateration redundancy and penalize extra overlap between the AN’s coverages. We use
Genetic Algorithms (GAs) to find optimized solutions depending on the number of available ANs and the area to be
covered. Second, we propose an optimized distance estimator based on the channel metrics measured by each AN,
namely RSSI and ToF, which are weighted to minimize the bias and variance of the estimator. Third, we propose
a residual error-based (REB) metric to score the best ANs to perform the localization, which takes advantage of
trilateration’s redundancy. Our main contributions can be summarized as follows:

1. We propose a unique optimization problem that helps WSN designers and practitioners choose optimized AN
positions to improve localization accuracy. We conduct a mathematical analysis to test the superiority of our
approach.

2. We propose a new distance estimator that has been mathematically shown to be optimal regarding bias and
variance. We show that our estimator outperforms the average-based distance estimators.

3. We design a REB-based localization strategy that uses the estimated distance and coordinates to calculate the
residuals of the predicted positions. Then, we use this metric to score the best estimations to average the final
coordinates.

4. Via numerical studies, we test our framework under very tough conditions up to 16 dB of RSSI standard
deviation, up to 13 µs of delay spread with a standard deviation up to 6 dB [14], and a large area up to 100 km2.
To the best of our knowledge, no previous approaches have been considered for these adverse channel conditions.

The rest of this paper is organized as follows. Section 2 describes the system model we considered for the dense-
vegetation environment to account for the variations of RSSI and ToF caused by shadowing, multipath fading, and
delay spread and sets our design goal. Section 3 describes in depth the framework for localization of the EN. Section
4 shows the evaluation of the proposed framework under different conditions and network configurations. Finally, we
present the conclusion remarks in Section 5. For ease of reference, Table A-1 presents the acronyms, and Table A-2
summarizes the key notations used in this paper.

2. System Model and Design Goal
The system model of our localization setup is depicted in Figure 1(a). First, a terrestrial animal located in a forest-

like environment wears an EN, located in the point 𝑝𝑒 = (𝑥𝑒, 𝑦𝑒), sends 𝑛 upload packets to 𝑚 different ANs in the
set 𝑃 whose positions are denoted as 𝑝𝑖 = (𝑥𝑖, 𝑦𝑖) ∀𝑖 ∈ {1, ..., 𝑚} and 𝑖 ∈ 𝑃 , deployed strategically to maximize the
coverage and redundancy, as we will study in Section 3.1. Then, all the ANs covering 𝑝𝑒 receive the 𝑛 samples of the
ToF and the RSSI from the EN. Subsequently, each AN resends these metrics to the Network Server (NS), including
its position 𝑝𝑖. The NS performs the following tasks:
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Table 1
Comparison of diverse WSN-based localization designs

Ref. Multi-
scattering

Vegetation
considered

Metric Technique AN placement
optimization

Database
required

Validation
area

Max
error

[15] ✓ × RSSI PSO × ✓ 3.1 km2 ≈ 40m
[16] × × Not

considered
JAYA × × 0.01 km2 TBD

[17] ✓ Partially RSSI Loglinear
models

× ✓ 0.0012 km2 3.7m

[18] ✓ × RSSI WCCE ✓ ✓ 0.01 km2 0.5m
[19] × × RSSI TLBO ✓ ✓ 0.0002 km2 TBD
[20] ✓ × RSSI-ToF Fingerprinting × ✓ 60m2 0.82m
[21] ✓ × Not

considered
RFID tagging × × 12m 0.5m

[22] × × Not
considered

PSO × ✓ 0.01 km2 6m

This
work

✓ ✓ RSSI-ToF Optimization ✓ × 100 km2 < 5%
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Figure 1: (a) System Model. An EN within a forest-like environment sends 𝑛 upload packets to a set of ANs where some
propagation metrics are registered. (b) Trilateration process. The distances from three ANs in positions 𝑝𝑖, 𝑝𝑖′ and 𝑝𝑖′′ to
𝑝𝑒 are used to determine the localization estimation 𝑝̂𝑒.

1. Estimate the distance 𝑑𝑖 between 𝑝𝑒 and 𝑝𝑖 as we will study in Section 3.2, using the 𝑛 samples of the ToF and
the RSSI.

2. Using all the 𝑝𝑖, determine the combinations of possible distances among the EN and the ANs covering 𝑝𝑒. Then,
use these distances to obtain (𝑚

3

) estimated positions 𝑝̂𝑒 using trilateration, as depicted in Figure 1(b).
3. Finally, use REB estimation to score the combinations of ANs that deliver the most reliable distance estimations

to tackle the inaccurate positioning when the ANs can introduce outliers, as we will study in Section 3.3.
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To estimate the distances 𝑑𝑖, we use a path loss model and the ToF. The following subsections show how we
modeled each considered metric.
2.1. RSSI-based Path Loss Model

The RSSI measurements received in any AN𝑖, denoted by RSSI𝑖, can be modeled as
RSSI𝑖 = 𝐴 − 𝑃𝐿(𝑑𝑖) + 𝜖𝑖, (1)

where 𝐴 = 𝑃TX − 𝐿TX + 𝐺TX − 𝐿RX + 𝐺RX is a known constant representing the link budget, which includes the
transmit power (𝑃TX), transmitter and receiver antenna gains (𝐺TX and𝐺RX), and transmitter and receiver losses (𝐿TXand𝐿RX). The term𝑃𝐿(𝑑𝑖) represents the total path loss at a distance 𝑑𝑖, and 𝜖𝑖 is the measurement noise, assumed to be
independent and identically distributed (i.i.d.) zero-mean Gaussian noise with variance 𝜎2RSSI𝑖 , i.e., 𝜖𝑖 ∼  (0, 𝜎2RSSI𝑖 ).The total path loss𝑃𝐿(𝑑𝑖) includes both the Free Space Path Loss (FSPL) denoted by𝑃𝐿FS(𝑑𝑖) [12], and the attenuation
due to vegetation 𝑃𝐿veg(𝑑𝑖) [23], given by

𝑃𝐿(𝑑𝑖) = 𝑃𝐿FS(𝑑𝑖) + 𝑃𝐿veg(𝑑𝑖). (2)
We use the FSPL rather than the lognormal path loss model because we are considering the attenuation caused by

the vegetation separately. In that way, the FSPL is calculated as

𝑃𝐿FS(𝑑𝑖) = 20 log10(𝑑𝑖) + 20 log10(𝑓 ) + 32.45, (3)
with 𝑑𝑖 in km and the frequency 𝑓 in MHz. In addition, we model the vegetation attenuation 𝑃𝐿veg(𝑑𝑖) using the
ITU-R P.833-9 [23] that recommends that the losses caused by trunks, branches, and leaves are given by

𝑃𝐿veg(𝑑𝑖) = 𝐴max
(

1 − exp
(

−
𝛾𝑑𝑖
𝐴max

))

, (4)

where 𝐴max is the maximum attenuation dB and 𝛾 is the specific attenuation coefficient in dB∕m.
2.2. Time of Flight Model

Since the transmitted signal from the EN propagates throughout the forest-like environment, it experiences the
effects of scattering, reflections, and diffractions caused by the multiple trees. Thus, the arrival times at each AN
depend on the distance 𝑑𝑖 and the delay spread caused by the above-mentioned multipath propagation effects. In that
way, the ToF of the arrival wave in the AN𝑖, denoted by 𝑇𝑖, can be modeled by

𝑇𝑖 =
𝑑𝑖
𝑐
+ Δ𝑇𝑖, (5)

where 𝑑𝑖
𝑐 is the propagation time over distance 𝑑𝑖 (with 𝑐 being the speed of light), and Δ𝑇𝑖 ∼  (0, 𝜏2rms) is the excess

delay that is zero-mean normally distributed with variance 𝜏2rms caused by multipath effects, where 𝜏rms is the average
Root Mean Square delay spread that has been studied for different environments in [24]. The delay spread also depends
on the distance [25] as

𝜏rms = 𝑇1𝑑
𝜂𝑢, (6)

where 𝑇1 is the mean value of 𝜏rms at 1 km (1000 ns for forest-like environments ), 𝑑 is the distance, 𝜂 is the loss
exponent (1 for forest-like environments), and 𝑢 is a zero-mean lognormal variate with standard deviation up to
6 dB for the studied scenario [25]. Considering this challenging environment, where the multipath effects make the
measurements of RSSI and ToF inaccurate, our design goal is to find a framework that helps determine the EN position
accurately, as we will describe in Section 3.
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3. Proposed Localization Scheme
Our proposed localization scheme is based on the following steps. First, we optimize the positions 𝑝𝑖 of each AN,

maximizing coverage and number of possible trilaterations at each 𝑝𝑒 in a particular area and penalizing the excess of
coverage overlapping by the ANs. If this penalization is not considered, the optimization algorithm can find solutions
such that all the ANs are placed in the center to maximize the number of trilaterations and coverage (Section 3.1).
The penalization was also considered to avoid concentric coverage areas, which do not help perform the trilaterations.
Second, our framework determines the distance 𝑑𝑖 between 𝑝𝑒 and any AN localized at 𝑝𝑖 using an enhanced distance
estimator (Section 3.2) based on the RSSI and ToF at the AN side. Third, we use the REB method to take advantage
of the multiple trilaterations in the optimization placement problem to find the estimated location 𝑝̂𝑒 (Section 3.3).
3.1. Optimized Anchor Node Placement Strategy

We are interested in finding the optimized positions 𝑝𝑖 of 𝑚 ANs within a determined area 𝑆. To improve the
subsequent localization strategies in Sections 3.2 and 3.3, it is crucial to deal with: i) the coverage maximization of
𝑆, ii) the maximization of the number of trilaterations that can be performed for each point 𝑝𝑒 since it will provide
redundant localization information that empowers the REB method we will propose, and iii) the penalization of extra
overlap of coverage areas to avoid that the optimization scheme favors the localization of the ANs in concentric points
that may not be useful to determine trilaterations. To find the best tradeoff among these conditions, we propose to
tackle the following optimization problem::

max
𝑃

Φ(𝑃 ) = 𝛼 ⋅ TrilaterationScore(𝑃 ) + 𝛽 ⋅ CoverageArea(𝑃 ) − 𝜆 ⋅ OverlapPenalty(𝑃 )

S.t. 𝑝𝑖 ∈ 𝑆 ⊆ ℝ2, ∀ 𝑖 = 1, 2,… , 𝑚
𝛼 + 𝛽 + 𝛾 = 1, 𝛼, 𝛽, 𝛾 ≥ 0,

(7)

where Φ(𝑃 ) is the objective function to find the optimal localization of the ANs, TrilaterationScore(𝑃 ) measures the
trilateration capacity of the ANs located in the positions 𝑝𝑖 ∈ 𝑆, CoverageArea(𝑃 ) represents the number of points in
𝑆 that can be used for trilateration, OverlapPenalty(𝑃 ) captures the penalization for extra overlap among the regions
covered by different ANs, and 𝛼, 𝛽, and 𝜆 are the weights for the considered metrics, which can be set according to the
application characteristics. In the following subsections, we will model these terms and functions. To ease the analysis,
we have discretized 𝑆 in a grid 𝑆discrete of 𝑙 × 𝑙 points, where 𝑙 is the number of points in each axis. We will solve
the optimization problem using GAs since they can explore multiple solutions concurrently and find the optimized
solutions faster.
3.1.1. Trilateration Score

To consider that a particular AN covers a certain point, we define the coverage indicator as

𝐼𝑖(𝑝) =

{

1, if RSSI𝑖 ≥ sensitivity,
0, if RSSI𝑖 < sensitivity,

(8)

where 𝐼𝑖(𝑝) is the function to indicate if a point 𝑝 is covered by the AN𝑖, meaning that the RSSI𝑖 level is over the
minimum sensitivity of the corresponding AN, using the link budget in Equation (1). We define the number of ANs
covering 𝑝 by

𝑆(𝑝) = {𝑖 ∈ 𝑃 | 𝐼𝑖(𝑝) = 1}, (9)
where 𝑆(𝑝) is a set that contains the ANs that cover 𝑝. We can also define the function of the number of trilaterations
as

𝑇 (𝑝) =

{

0, if |𝑆(𝑝)| < 3,
(

|𝑆(𝑝)|
3

)

if |𝑆(𝑝)| ≥ 3,
(10)
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where 𝑇 (𝑝) is the number of combinations of trilateration for the point 𝑝, and |𝑆(𝑝)| represents the number of elements
of 𝑆(𝑝), that is, the number of ANs covering 𝑝. Finally, we define the TrilaterationScore(𝑝) by

TrilaterationScore(𝑝) =

∑

𝑝∈𝑆discrete 𝑇 (𝑝)
(𝑚
3

)

× 𝑙 × 𝑙
(11)

That is, from Equation (11), we count all the possible trilaterations in each point of𝑆discrete and normalize the result
over the maximum number of trilaterations, which can be obtained by finding (𝑚

3

) combinations of the ANs times the
grid size 𝑙 × 𝑙.
3.1.2. Coverage Area Score

To maximize the coverage over the area 𝑆, we evaluate all the discretized points to determine whether they are
covered by at least three ANs, guaranteeing the ability of the system to perform trilaterations. The function to assess
this condition can be defined as

CoverageArea(𝑃 ) =

∑

𝑝∈𝑆discrete 𝛿(|𝑆(𝑝)| ≥ 3)

𝑙2
,

𝛿(Ω) =

{

1, if Ω is true,
0, if Ω is false,

(12)

where 𝛿(Ω) is a function that evaluates if the condition Ω is true or false. In this case, Ω evaluates if the assessed point
𝑝 is covered by more than three ANs. To obtain a score in the interval [0, 1], we divide the points covered for more
than three ANs by the total number of points in the discrete area (𝑙 × 𝑙).
3.1.3. Overlap Penalty Score

If we only consider the scores of trilateration and coverage, the optimization can favor the ANs’ positions
excessively close among them and probably near the center of 𝑆. This distribution causes the optimized ANs’
localizations not to help perform the trilaterations. Because of that, we introduce a score to penalize the excess of
overlap among the coverage of the ANs’ positions. The coverage area set 𝐶𝑖 of the AN𝑖 is defined by

𝐶𝑖 = {𝑝 ∈ 𝑆|𝐼𝑖(𝑝) = 1}. (13)
That is, for each point 𝑝, we define the coverage area using the coverage indicator in Equation (8) such that we have

an 𝑙 × 𝑙 matrix per each AN that stores boolean values indicating if the AN𝑖 covers the point. Using all the coverage
sets, we define the fractional overlap by

𝐹𝑖,𝑗 =
|𝐶𝑖 ∩ 𝐶𝑗|

min(|Ci|, |Cj|)
, (14)

where 𝐹𝑖𝑗 is a proportion of overlapping between the coverage of the AN𝑖 and the coverage of the AN𝑗 ∀𝑖, 𝑗 ∈ {1, ..., 𝑚}
which is scaled by the smaller coverage area of the ANs being compared resulting in a score in the interval [0,1]. We
define a function to penalize the excess of overlap by

𝜓𝑖,𝑗 =

{

𝐹𝑖,𝑗 , if 𝐹𝑖,𝑗 > 𝐹threshold,
0, if 𝐹𝑖,𝑗 ≤ 𝐹threshold,

(15)

where 𝜓𝑖,𝑗 represents a penalty when the hyperparameter 𝐹threshold is surpassed by the anchor nodes AN𝑖 and AN𝑗 .Finally, we define the OverlapPenalty(𝑃 ) as
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OverlapPenalty(𝑃 ) =

∑𝑚−1
𝑖=1

∑𝑚
𝑗=𝑖+1 𝜓𝑖,𝑗

(𝑚
2

) . (16)

From Equation (16), we sum all the penalties 𝜓𝑖,𝑗 between each pair of ANs 𝑖 and 𝑗 and scale the total summation
with all the combinations of 𝑚 ANs taken 2.
3.2. Proposed Estimator for the Distance between the EN and the AN

Once we have optimized the ANs’ positions, we must determine the distance from 𝑝𝑒 to all the ANs that cover
it. Thus, a novel scheme to estimate the distance 𝑑𝑖 from 𝑝𝑒 to 𝑝𝑖 is proposed in this section, based on the RSSI and
ToF reported in the corresponding AN𝑖. Subsequently, we perform a theoretical analysis to show that our estimator
is unbiased and its variance is less than the state-of-the-art estimators based on central tendency statistics using the 𝑛
RSSI upload packets.
3.2.1. Combined-ToF-RSSI Distance Estimator

As previously mentioned, we utilize the RSSI and the ToF to estimate the distance 𝑑𝑖. If the value of 𝑛 → ∞, the
use of the mean of the RSSI samples measured at the AN𝑖, denoted by RSSI𝑖, may be enough to obtain 𝑑𝑖 from the
path loss model in Equation (1). Using the mean guarantees that the estimator is unbiased with variance 𝜎2RSSI𝑖∕𝑛 ≈ 0.
However, since the terrestrial animal wears the EN, it might not be easily recharged. For this reason, the EN should
operate as long as possible without battery replacement. Due to these energy constraints, the number of upload packets
𝑛 should be small, reducing the transmissions required to perform the localization. Thus, we propose an enhanced
distance estimator, showing that it exhibits an imperceptible bias and lower variance of 𝑑𝑖 than using the sample
mean of RSSI measurements alone. We consider two estimators as follows. First, we use the sample mean of RSSI
measurements RSSI𝑖. Second, we use the ToF, which can be employed to determine a ToF-estimated distance 𝑑𝑖𝑡 (the
subindex 𝑡 denotes that the distance was estimated using the ToF). Then, we can use 𝑑𝑖𝑡 to determine an estimated
RSSI, represented by R̂SSI𝑖𝑡, using the path loss model in Equation (1). In that way, we can mix both RSSI estimations
as a weighted sum as

R̂SSI𝑖 = 𝑎RSSI𝑖 + 𝑏R̂SSI𝑖𝑡, (17)
where 𝑎 and 𝑏 are the weights (𝑎 + 𝑏 = 1), which will be treated later in this section. Regarding RSSI𝑖, it can be
determined by

RSSI𝑖 = 1
𝑛

𝑛
∑

𝑗=1
RSSI𝑖𝑗 , (18)

where RSSI𝑖𝑗 is the 𝑗th measurement of the 𝑖th AN. On the other hand, we use the ToF measured at the AN𝑖 to estimate
𝑑𝑖𝑡 by using the speed of light 𝑐. However, we need to guarantee that R̂SSI𝑖𝑡 is unbiased, so it is required to adjust the
ToF measured by the AN𝑖, denoted by 𝑇̂𝑖, by subtracting the mean delay spread 𝜏rms as

𝑇̂𝑖 =
1
𝑛

𝑛
∑

𝑗=1
𝑇𝑖𝑗 − 𝜏rms, (19)

where 𝑇𝑖𝑗 is the 𝑗th measurement of the AN𝑖. This adjusted time is used to estimate 𝑑𝑖𝑡 = 𝑐 ⋅ 𝑇̂𝑖. Subsequently, we use
the estimated distance in the path loss model of Equation (1) to obtain R̂SSI𝑖𝑡. It can be shown that the expected value
of 𝑑𝑖𝑡 is 𝔼[𝑑𝑖𝑡] = 𝑐 ⋅

(

𝔼[𝑇̂𝑖]
)

= 𝑐 ⋅ (𝑑𝑖∕𝑐 +𝔼[Δ𝑇𝑖] − 𝜏rms) = 𝑑𝑖 + 𝑐 ⋅ (𝜏rms − 𝜏rms) = 𝑑𝑖, making it an unbiased estimator
of 𝑑𝑖. Since Var[𝑇𝑖𝑗] = 𝜏2rms, the variance of 𝑑𝑖𝑡 can be expressed as
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Var[𝑑𝑖𝑡] = 𝑐2 ⋅ Var[𝑇̂𝑖] = 𝑐2 ⋅
(Var[𝑇𝑖𝑗]

𝑛

)

=
𝑐2 ⋅ 𝜏2rms

𝑛
(20)

Our goal is to minimize the variance Var[R̂SSI𝑖] while ensuring the estimator remains unbiased. By guaranteeing
these conditions, we may significantly improve the traditional distance estimators based on path loss models. Thus, we
must find the optimal values for 𝑎 and 𝑏 that make our RSSI estimator in Equation (17) optimal. To achieve this, we
propose the following optimization problem that minimizes the variance:

min
𝑎,𝑏

𝑎2 Var[RSSI𝑖] + 𝑏2 Var[R̂SSI𝑖𝑡]

S.t. 𝑎 + 𝑏 = 1
(21)

We use the Lagrangian to obtain the optimal values for 𝑎 and 𝑏 as

(𝑎, 𝑏, 𝜆) = 𝑎2 Var[RSSI𝑖] + 𝑏2 Var[R̂SSI𝑖𝑡] − 𝜆(𝑎 + 𝑏 − 1), (22)
where 𝜆measures the increase in the objective function when there is a marginal relaxation in the constraint 𝑎+ 𝑏 = 1.
Taking partial derivatives 𝜕∕𝜕𝑎 = 𝜕∕𝜕𝑏 = 𝜕∕𝜕𝜆 = 0 and solving for 𝑎 and 𝑏, it is possible to show that

𝑎 =
Var[R̂SSI𝑖𝑡]

Var[RSSI𝑖] + Var[R̂SSI𝑖𝑡]
, 𝑏 =

Var[RSSI𝑖]

Var[RSSI𝑖] + Var[R̂SSI𝑖𝑡]
. (23)

At this point, we have an RSSI estimation with a lower variance than the mean of the measurements RSSI𝑖𝑗 ∀𝑗 ∈
{1, ..., 𝑛}, traditionally used to obtain the distance estimation from a path loss model. In our case, since the combination
of Equations (1)-(4) produce an expression that is not possible to solve analytically, we can use a numerical method
like Newton Raphson to obtain the estimation 𝑑𝑖.
3.2.2. Bias Analysis of the Distance Estimator

As part of the performance analysis of the proposed distance estimator in Equation (17), we analyze the bias of
R̂SSI𝑖 in Equation (17). From this equation, we analyze the terms for RSSI𝑖 and R̂SSI𝑖𝑡 separately. In the first case, it
can be noticed that 𝔼[RSSI𝑖] = 𝜇RSSI𝑖 , that is, when 𝑛 is large enough, the sample mean of the RSSI values received
at AN𝑖 converges to the population mean 𝜇RSSI𝑖 . In the second case, the bias of R̂SSI𝑖𝑡 can be obtained by calculating
the second-order Taylor expansion around 𝑑𝑖 as

𝑏R̂SSI𝑖𝑡 = 𝔼[R̂SSI𝑖𝑡] − 𝜇RSSI𝑖 = 𝔼[𝐴 − 𝑃𝐿(𝑑𝑖) − 𝑃𝐿′(𝑑𝑖)(𝑑𝑖 − 𝑑𝑖) −
1
2
𝑃𝐿′′(𝑑𝑖)(𝑑𝑖𝑡 − 𝑑𝑖)2] − 𝜇RSSI𝑖 , (24)

where 𝑏R̂SSI𝑖𝑡 is the bias of R̂SSI𝑖𝑡, 𝑃𝐿′(𝑑𝑖) is the first derivative of 𝑃𝐿(𝑑𝑖), 𝑃𝐿′′(𝑑𝑖) is the second derivative of 𝑃𝐿(𝑑𝑖),
and 𝜇RSSI𝑖 is the population mean of RSSI𝑖. Notice that since 𝑑𝑖𝑡 is unbiased, 𝔼[(𝑑𝑖𝑡 − 𝑑𝑖)] = 0. Furthermore, since
𝔼[𝐴 − 𝑃𝐿(𝑑𝑖)] is indeed the mean 𝜇𝑅𝑆𝑆𝐼𝑖 , these terms are also cancelled out. Thus, 𝑏R̂SSI𝑖𝑡 is

𝑏R̂SSI𝑖𝑡 = −1
2
𝑃𝐿′′(𝑑𝑖)𝔼

[

(𝑑𝑖𝑡 − 𝑑𝑖)2
]

= −1
2
𝑃𝐿′′(𝑑𝑖) Var[𝑑𝑖𝑡]. (25)

The total bias 𝑏𝑅𝑆𝑆𝐼 𝑖 is the expected value of the weighted sum in Equation (17) such that

𝑏R̂SSI𝑖 = 𝑎𝔼[RSSI𝑖] + 𝑏𝔼[R̂SSI𝑖𝑡] − 𝜇RSSI𝑖 = 𝑎𝜇RSSI𝑖 + 𝑏𝜇RSSI𝑖 + 𝑏 ⋅ 𝑏R̂SSI𝑖𝑡 − 𝜇RSSI𝑖 = 𝑏 ⋅ 𝑏R̂SSI𝑖𝑡 . (26)
From Equation (25), it can be noticed that the bias depends on the second derivative of the path loss and the

variance Var[𝑑𝑖𝑡]. Remarkably, the ToF variance in forest-like scenarios is small [25], the term 𝑏 ⋅ 𝑏R̂SSI𝑖𝑡 ≈ 0, so the
bias 𝑏R̂SSI𝑖 ≈ 0, that is, our proposed estimator is approximately unbiased.
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3.2.3. Variance Analysis of the Distance Estimator
We want to show that the variance of the estimator in Equation (17) is less or equal than the mean RSSI𝑖,

guaranteeing more concentrated distance measurements. Thus, we can calculate the variance of R̂SSI𝑖 as

Var[R̂SSI𝑖] = 𝑎2 Var[RSSI𝑖] + 𝑏2 Var[R̂SSI𝑖𝑡]. (27)
We use the weights in Equation (23) to obtain the estimator variance as:

Var[R̂SSI𝑖] = Var[RSSI𝑖] ⋅
Var[R̂SSI𝑖𝑡]

Var[RSSI𝑖] + Var[R̂SSI𝑖𝑡]
⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟

𝛾

. (28)

Since 0 < 𝛾 ≤ 1, we have shown that Var[R̂SSI𝑖] ≤ Var[RSSI𝑖].
3.3. REB Localization Strategy

The last step of our localization framework is to accurately estimate the actual EN position 𝑝𝑒 = (𝑥𝑒, 𝑦𝑒) within
a forest-like environment. Once each AN𝑖 delivers the distance 𝑑𝑖, we use (𝑚

3

) combinations to estimate a set of
coordinates 𝑝̂(𝑖)𝑒 = (𝑥̂(𝑖)𝑒 , 𝑦̂

(𝑖)
𝑒 ). To this end, 𝑝̂(𝑖)𝑒 can be inferred using the previously-known coordinates of three ANs

{𝑝𝑖, 𝑝𝑖′ , 𝑝𝑖′′} solving the trilateration equations by

(𝑥̂(𝑖)𝑒 − 𝑥𝑖)2 + (𝑦̂(𝑖)𝑒 − 𝑦𝑖)2 = 𝑑2𝑖 , (𝑥̂(𝑖)𝑒 − 𝑥𝑖′ )2 + (𝑦̂(𝑖)𝑒 − 𝑦𝑖′ )2 = 𝑑2𝑖′ , (𝑥̂(𝑖)𝑒 + 𝑥𝑖′′ )2 − (𝑦̂(𝑖)𝑒 − 𝑦𝑖′′ )2 = 𝑑2𝑖′′ , (29)
where (𝑥𝑖, 𝑦𝑖), (𝑥𝑖′ , 𝑦𝑖′ ), and (𝑥𝑖′′ , 𝑦𝑖′′ ) are the coordinates for the ANs located in 𝑝𝑖, 𝑝𝑖′ and 𝑝𝑖′′ . As we commented
previously, the localization errors can be inaccurate due to shadowing and multipath effects present in dense forests.
To improve these errors, we introduce a REB scoring method to select the most reliable estimated positions as follows.
For each estimated position 𝑝̂(𝑖)𝑒 , we compute the residual error 𝑟𝑖𝑗 using all the ANs that cover the corresponding point.
The residual error for the AN𝑗 and the 𝑖th position is calculated as

𝑟𝑖𝑗 = 𝑑𝑗 −
√

(𝑥𝑗 − 𝑥̂
(𝑖)
𝑒 )2 + (𝑦𝑗 − 𝑦̂

(𝑖)
𝑒 )2, (30)

where 𝑑𝑗 is the estimated distance from the EN to the AN𝑗 and the square root in the second term represents the
Euclidean norm of the estimation (𝑥̂(𝑖)𝑒 , 𝑦̂

(𝑖)
𝑒 ) and the position of the AN𝑗 in (𝑥𝑗 , 𝑦𝑗). The residual error 𝑟𝑖𝑗 in Equation

(30) measures the difference between the observed distance 𝑑𝑗 and the distance obtained with the estimation of the
position 𝑝̂(𝑖)𝑒 . To evaluate the overall consistency of the estimated position 𝑝̂(𝑖)𝑒 , we accumulate all the square residual
errors by

𝑅𝑖 =
∑

𝑗∈𝐶
𝑟2𝑖𝑗 , (31)

where𝑅𝑖 is the accumulated residual error for the estimated position 𝑝̂(𝑖)𝑒 , and𝐶 is the set of ANs covering the EN. Low
values of 𝑅𝑖 indicate better goodness of fit between the estimated position and the observed distance, which suggests
that 𝑝̂(𝑖)𝑒 is likely to be near the true position 𝑝𝑒. Using𝑅𝑖, we can rank all the estimated positions and discard those that
offer poor performance. Let us define 𝐾 ∈ (0, 1] as the proportion of the positions set to obtain the final localization
and 𝑚′ =

⌈

𝐾 ⋅
(𝑚
3

)

⌉

as the number of selected positions. We define the estimated position as

𝑝̂𝑒 =
1
𝑚′

𝑚′
∑

𝑖=1
𝑝̂(𝑖)𝑒 . (32)
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4. Numerical Results
This section evaluates the proposed strategies to improve the localization of wildlife in dense forests. First, we

describe the simulation scenarios for each case. Then, we evaluate the optimization for the AN’s placement and
compare its performance versus other relevant strategies in the literature. Subsequently, we evaluate the proposed
distance estimator for diverse standard deviations to check its behavior in adverse scenarios and contrast the results with
ToF-based and RSSI-based distance estimation strategies. Finally, we test the REB redundant localization framework
with different numbers of ANs.
4.1. Database Generation

We used the system model in Section 2 to generate a comprehensive database that reflects the complexity of the
propagation metrics in forests, namely RSSI and ToF. We considered the settings in Table 2. First, it is essential to state
that our simulation area was inspired by the characteristics of tropical, flat, and wet forests with dense vegetation like
the National Park Los Katíos in the Chocó/Darien jungle (Colombia), located in the coordinates 7°48’0" N, 77°9’0" W,
which is cataloged as a UNESCO World Heritage Site. This national park has different endemic terrestrial species like
the chocoan spider monkey (Ateles Hybidus), the Central American tapir (Tapirus Bairdii), and the jaguar (Panthera
Onca) that are species threatened by deforestation [26]. In this context, it is crucial to continuously monitor the wildlife’s
position to identify critical areas for survival and assess the ecosystem’s health, among others [27]. Under the previous
conditions, we considered an area of 100 km2 and divided it into 100.000 discrete points. Regarding the ANs, we
considered 10, 15, 20, and 25 receivers to evaluate our approach to redundancy of trilateration. Regarding the link
budget parameters (like powers and losses, among others), we considered typical values for Low Power Wide Area
Networks like LoRaWAN [28, 29], a protocol designed for energy efficiency. For instance, the receiver sensitivity was
set to −136 dBm, a typical value for LoRaWAN gateways with a Spreading Factor of 12, guaranteeing the maximum
coverage [23]. For the standard deviation of the received signal 𝜎RSSI, we evaluated different values from 5 to 16 dB
to check our approach under very challenging conditions [13, 30, 31]. We used the frequency 𝑓 = 900MHz since it is
the approved Industrial, Scientific, and Medical (ISM) band for America [32]. To accurately model the vegetation
attenuation, we used the specification ITU-R P.833, using parameters derived from the empirical measurements
performed in the Mulhouse forest in France, which are similar to the characteristics of the forest Los Katíos regarding
distance, frequency, and vegetation density [14]. Once we ran the optimization for the localization of the ANs, we used
these positions to calculate the Euclidean distance from each AN and each point in the grid, simulating the movement
of the terrestrial animal in 10.000 possible points, following a uniformly distributed random position, since the animal
can be located in any point of the grid. For each point and each AN, we simulated 𝑛 = 50 subsequent measurements
of the RSSI and ToF, which are needed for the distance and localization estimations. It was performed by using the
models in Equations (2) - (4) iterating for different standard deviations and distances.
4.2. Evaluation of the Anchor Nodes Placement Optimization

We evaluated the redundancy in the coverage of the ANs using a different number of them, varying it in our
numerical studies with values of 10, 15, 20, and 25. To solve the optimization problem in (7), we used a GA through
the differential_evolution class of the library scipy.optimize of Python. According to the structure of this
algorithm, we started with ten candidates for the first generation, which represent the positions of the ANs in the
grid. Each configuration was evaluated by balancing the objectives previously described in Section 3.1 as follows: i)
maximize trilateration combinations, ii) enhance area coverage, and iii) minimize the overlap between the zones of
coverage. We set 𝛼 = 𝛽 = 𝜆 = 1∕3 to represent the same importance for each requirement, guaranteeing optimized
trilateration combinations in the area without favoring the placement of the ANs in the center since these positions
may not be useful for solving the trilateration equations. We used 100 generations to find the global optimized value
progressively. To empower the diversity exploration, we introduced high mutation and recombination rates with values
of 0.7 that allowed the GA to avoid local optima.

To show the superior performance of our optimization scheme, we compared the obtained results with other
common AN placement strategies, such as equispaced [33] and randomly [34] located AN positioning. In the first
strategy, the ANs are placed following an organized grid of points. In the second strategy, the ANs are located without
following a specific criterion, and the placement is arbitrary. An example of the three strategies for 25 anchor nodes
is depicted in Figure 2, where it can be noticed that our strategy finds AN positions where the coverage, trilateration
ability, and overlap are adequately balanced. The performance of our strategy is depicted in Figure 3, which shows a
heatmap of each scheme considering the proportion of the total area covered by a particular number of ANs. From this
First Author et al.: Preprint submitted to Elsevier Page 11 of 18
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Table 2
Database generation parameters. The transmitter and receiver are equivalent to the EN and the ANs, respectively.

Parameter Symbol Value Unit
Area 𝑆 100 km2

Number of grid points 𝑙2 10.000 N/A
Transmit power 𝑃TX 0 dBm
Transmitter losses 𝐿TX 1 dB
Transmitter antenna gain 𝐺TX 3 dBi
Receiver losses 𝐿RX 1 dB
Receiver antenna gain 𝐺RX 3 dBi
Receiver sensitivity sensitivity -136 dBm
Standard deviation of path loss 𝜎RSSI 5, 10, and 16 dB
Frequency 𝑓 900 MHz
Number of ANs 𝑚 10, 15, 20, and 25 N/A
Maximum vegetation attenuation 𝐴max 26.5 dB
Specific attenuation coefficient 𝛾 0.17 m−1

Distance loss exponent 𝜂 1 N/A
Number of measurements per node 𝑛 50 N/A
Mean value of delay spread 𝑇1 1000 ns
Standard deviation of delay spread 𝑢 6 dB

Table 3
Distribution for the areas covered by 25 anchor nodes according to quartiles Q1 (0-3 ANs), Q2 (4-7 ANs), Q3 (8-11 ANs),
and Q4 (12-15 ANs)

Strategy Q1 Q2 Q3 Q4
Random 3.5% 33.93% 59.19% 3.38%

Equispaced 0% 57.16% 42.8% 0.04%
Optimized 0.1% 26.2% 64.7% 9%

figure, the following can be noticed. First, in Figure 3(a) where 10 ANs are considered, the percentage of the area that is
not covered by at least three ANs is 31.1%, 40%, and 15% for random, equispaced, and optimized approaches, meaning
that our scheme outperformed the other strategies in coverage and trilateration abilities. Furthermore, notice that our
scheme also outperformed the other strategies when the area covered by more than six ANs is analyzed for the same
case (ten ANs), delivering 22.8%, 3.9%, and 25.9% for random, equispaced, and optimized strategies. This enhanced
performance indicates that we can deliver more estimated positions and improve localization accuracy. Second, we
can analyze the scenario where there are more ANs to cover the area, e.g., 25 ANs, as depicted in Figure 3(d). To
conduct the performance analysis, we divided the number of ANs covering a percentage of the area in quartiles, i.e.,
quartile 1 (Q1) for 0 to 3 ANs, quartile 2 (Q2) for 4 to 7 ANs, quartile 3 (Q3) for 8 to 11 ANs, and quartile 4 (Q4)
for 11 to 15 ANs. The summary of this analysis is depicted in Table 3. Note that even with a high number of ANs,
the random strategy still has areas in the first quartile of 3.75%, which means that the ability of trilateration is limited
in the corresponding zones. In contrast, the equispaced and optimized strategies are close to zero. On the other hand,
the last quartile (Q4) shows that our optimized strategy covers 9% of the area, while random and equispaced strategies
cover 3.38% and 0.04%, respectively. This means that our scheme has a superior performance in terms of redundancy
in trilateration.
4.3. Evaluation of the Optimized Distance Estimation

We assessed the framework’s performance proposed in Section 3.2, comparing its accuracy with other state-of-
the-art methods such as the ToF, mean, median, moving-average, and Wiener-based estimators. In all the cases, the
aim is to estimate the RSSI using the 𝑛 upload packets and obtain the distance from the path loss model in Equation
(2), using a numerical approach. We chose Newton Raphson, a classical numerical method that is computationally
efficient and highly accurate. The ToF-based estimator uses the average of the ToF measurements to get the distance
directly using the speed of light by 𝑑 = 𝑐 ⋅ ToF [35]. The mean-based estimator calculates the sample average of
the RSSI [36]. This unbiased estimator is a simple and cost-effective solution broadly used for different applications,
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Figure 2: Strategies for placement for 25 ANs using (a) our optimization approach, (b) the equispaced strategy, and (c)
random placement.
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Figure 3: Percentage of covered areas for different ANs when there are a total of deployed ANs of (a) 10, (b) 15, (c) 20,
and (d) 25.

like in Transmission Power Control for LPWAN deployments [13]. Since the mean-based estimator is sensitive to
outliers likely occurring in the considered environment, we also evaluated the median-based approach [37], which
is more resilient to this phenomenon. We also used the moving-average(MA)-based estimator that filters the RSSI
values to smooth short-term variations and emphasize the longer-term behavior, helping diminish the noise caused by
shadowing and multipath phenomena [38]. Finally, we applied the Wiener filter, which has been extensively used for
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Table 4
Performance results of the MAPEs obtained by various estimators. The quartiles, median, and mean are given in percentage.

Std. Dev (dB) Estimator Q1 Median Q3 Mean MAPE Std. Dev.
5 Proposed 1.71 3.74 6.69 4.65 3.81

ToF-based 2.82 6.6 12.07 9.5 10.84
Mean-based 2.66 5.37 9.52 6.56 5.07
Wiener-based 2.61 5.7 9.84 6.74 5.03

MA-based 2.59 5.41 9.58 6.65 5.22
Median-based 3.09 6.38 10.72 7.44 5.43

10 Proposed 2.54 5.55 9.56 6.83 5.63
ToF-based 3.39 6.8 12.28 9.61 11.22
Mean-based 5.42 10.95 18.8 13.25 10.28
Wiener-based 5.61 11.19 18.18 12.98 9.61

MA-based 5.03 11.33 19.14 13.52 10.86
Median-based 6.1 12.61 20.93 14.43 10.56

16 Proposed 2.48 5.61 9.85 7.28 6.45
ToF-based 2.8 6.43 11.92 9.0 9.33
Mean-based 8.27 16.71 28.47 20.69 16.98
Wiener-based 8.13 17.39 28.17 20.08 15.84

MA-based 9.01 17.77 29.71 21.36 17.04
Median-based 10.14 18.71 31.23 22.05 16.26

RSSI estimation since it optimally estimates this variable by minimizing the mean square error between the predicted
and measured values, incorporating the noise statistics [39].

The results of the application of different distance-estimation methods are depicted in Figure 4 and Table 4 where
we analyzed the Mean Average Percentage Error (MAPE) for different values of 𝜎RSSI. The MAPE is calculated by

MAPE = 100
𝑛

⋅
𝑛
∑

𝑖=1

|𝑑𝑖 − 𝑑𝑖|
𝑑𝑖

. (33)

The results can be interpreted as follows. First, at low 𝜎RSSI = 5 dB, our distance estimator achieved the lowest
MAPE median, mean, and standard deviation, with values of 3.74%, 4.65%, and 3.81% respectively, validating the
lower bias and variance of our framework. In contrast, the ToF-based, mean-based, MA-based, and Wiener-based
estimators exhibited similar performance of about 5 to 6% MAPE, indicating less accuracy under low noise conditions.
Contrasting these results with those obtained at harsh noise conditions, i.e., 𝜎RSSI =16 dB, it can be observed a similar
performance where our approach outperforms the baseline strategies analyzed. Thus, our strategy preserves its low
MAPE in the median, mean, and standard deviation of 5.61%, 7.28%, and 6.45%, respectively, compared with the other
baselines, which were about 16% to 22%, exhibiting a considerable error for localization. The ToF-based estimator
preserved a similar performance for different noise conditions but did not outperform our optimized distance estimator
for the considered scenarios.
4.4. Evaluation of the REB Localization Strategy

Via numerical studies, we evaluated the approach previously described in Section 3.3 and contrasted the results
versus central tendency proposals [40] since the estimated positions 𝑝̂(𝑖)𝑒 of the EN converge to the mean according to
the law of large numbers [41]. It is essential to remark that due to the effects of shadowing, multipath fading, and delay
spread, some ANs combinations for trilateration can deliver inaccurate positions even when we proposed an enhanced
distance estimator in Section 3.2. Thus, using all the combinations of ANs to average the estimated positions may be
influenced by outliers. In that way, using range-based localization estimators that are less sensitive to outliers has been
broadly implemented [42]. To perform the comparison, we delivered two strategies under the following scenarios:

1. Obtain the distance from the EN and each AN that covers the EN using our estimator and the strategy that
performs the best according to the results in Section 4.3, that is, the ToF-based estimator, iterating the actual
position of the EN for each point in the grid of 10.000 points of the validation area.
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Figure 4: Boxplots of the obtained MAPEs for the proposed estimator versus other estimators in the literature.

2. Find all the 𝑝̂(𝑖)𝑒 using trilateration techniques according to Equation (29).
3. Find the median values for the estimated coordinates 𝑥̂𝑒 and 𝑦̂𝑒.
4. Use the method proposed in Section 3.3 to score the quality of the set of 𝑝̂(𝑖)𝑒 , and select the best ones with
𝐾 = 0.15.

5. Contrast the obtained results.
We present the results in Table 5 and Figure 5, from the following can be noticed. Specifically, Table 5 presents

the MAPE and the standard deviation of methods, which were evaluated for different numbers of ANs (𝑚 ∈
{10, 15, 20, 25}) and values of 𝜎RSSI (5, 10, and 15 dB). Overall, the REB method outperforms the median-based
localization method in terms of accuracy and precision (lower standard deviation of errors) in the tested case uses, as
we will detail. For instance, when 𝑚 = 10 and 𝜎RSSI =5 dB, the REB and median-based methods delivered MAPEs
of 3.75% and 5.91% with standard deviations of 5.76% and 10.96%, indicating that our approach achieves better
performance under scenarios with few ANs and low channel variability. As this variability increases in scenarios with
greater effects of shadowing and multipath, i.e., 𝜎RSSI = 16 dB, the performance of both methods degrades, which is
expected due to the uncertainty in the RSSI measurements at each AN. However, it can be noticed that our approach is
more resilient regarding this variability. For example, in the scenario where 𝑛 = 10 and 𝜎RSSI = 16 dB only degraded
its MAPE to 5.53% and standard deviation of 7.15%, while the median-based strategy increased the MAPE up to
9.66% and a significant standard deviation of 15.87%. These results confirm that our REB method is more robust in
handling higher channel variability. On the other hand, the evaluated scenarios also highlighted the performance of
both methods when the number of ANs increased. Thus, when 𝑚 is increased from 10 to 25 with 𝜎RSSI =5 dB, the
REB method decreased its MAPE and standard deviation from 3.75% and 5.76% to 2.57% and 3.76%, respectively.
The same analysis can be performed for the median-based localization method. This improvement can be attributed to
the extra data given by more ANs, which improved the spatial information.

5. Conclusions
In this paper, we presented a localization framework based on WSNs for dense forests, where the GPS-based

localization tasks may not be performed due to limitations in energy consumption and direct communications with the
satellites. We presented a three-step strategy as follows. First, we proposed an optimization framework to select the best
First Author et al.: Preprint submitted to Elsevier Page 15 of 18
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Table 5
MAPE and standard deviation of MAPE of the REB localization strategy and the median-based strategy for different
number of ANs and different values of 𝜎RSSI

.

m 𝜎RSSI (dB) REB MAPE (%) REB Std.Dev (%) Median MAPE (%) Median Std.Dev.(%)
10 5 3.75 5.76 5.91 10.96

10 5.49 7.53 10.70 20.43
16 5.53 7.15 9.66 15.87

15 5 3.88 5.22 4.75 6.65
10 4.72 7.45 6.87 11.23
16 5.28 8.35 7.63 14.44

20 5 2.85 4.90 3.43 5.70
10 3.01 3.71 5.38 6.54
16 4.37 5.91 6.11 9.01

25 5 2.57 3.45 3.46 4.34
10 3.49 5.42 5.00 7.60
16 4.89 6.31 6.54 8.83
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Figure 5: Trilateration boxplots for different standard deviations and number of ANs. We compare our approach to the
median-based localization strategy.

positions for a set of ANs, maximizing the coverage and trilateration redundancy and penalizing the extra overlap of
the coverage of ANs. This is to tackle the cases where an AN is contained within another AN coverage, being unuseful
for trilateration purposes. To solve this optimization problem, we used GAs to evaluate many different solutions in
parallel where it can converge more rapidly to the globally optimized positions of the ANs. We compared the results
with state-of-the-art techniques like equispaced-based and randomly deployed ANs localization techniques. Second,
we proposed a hybrid RSSI-ToF-based estimator to determine the distance between the EN and the AN, showing
imperceptible bias and lower variance than the mean-based estimators. We compared the performance of our approach
with different strategies based on central tendency, like the mean, median, moving average, and the Wiener filter, finding
that our method outperformed all the considered strategies. Finally, we proposed a score-based method to leverage the
quality in the trilateration estimations of (𝑚3

) AN combinations based on the residual errors between the estimated
distance in the last step and the distance after trilateration. We compared the results with other estimation methods
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Table A-1
List of acronyms

Acronym Meaning Acronym Meaning
AN Anchor Node GA Genetic Algorithm
EN End Node GPS Global Positioning System
FSPL Free Space Path Loss IUCN International Union for Conservation of Na-

ture
ISM Industrial, Scientific, and Medical ITU-R International Telecommunication Union -

Radiocommunication Sector
KDE Kernel Density Estimation LPWAN Low Power Wide Area Network
MAPE Mean Average Percentage Error MA Moving Average
NS Network Server P.833 ITU-R Recommendation P.833
PSO Particle Swarm Optimization REB Residual Error-Based
RF Random Forest RFID Radio Frequency Identification
REB Residual Error-Based RSSI Received Signal Strength Indicator
SNR Signal-to-Noise Ratio ToF Time of Flight
TLBO Teaching–Learning-Based Optimization WCCE Weighted Cascade Compensation Estimator
WSN Wireless Sensor Network - -

less sensitive to outliers, like the median-based strategies, finding that our REB method significantly outperformed
this baseline method. In general, we conclude that our framework provides a reliable solution for wildlife localization
in dense forests, from the election of the ANs localization to the accurate positioning of animals. In future work, we
plan to deploy a testbed with our localization framework and perform the energy consumption analysis based on this
deployment.

A. Acronyms and Symbols
To ease the readability of this manuscript, we present the acronyms used in this paper in Table A-1, and the list of

key notations in Table A-2.
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Table A-2
Mathematical symbols

Symbol Meaning Symbol Meaning
𝐴 Link budget constant 𝐴max Maximum vegetation attenu-

ation
𝑎, 𝑏 Optimal weights for RSSI es-

timator
𝛼, 𝛽, 𝜆 Weights in optimization prob-

lem
𝑏R̂SSI𝑖𝑡 Bias of estimated RSSI from

ToF
𝑐 Speed of light

𝐶𝑖 Coverage area of AN𝑖 𝑑𝑖 Distance between EN and
AN𝑖

𝛿(Ω) Indicator function for condi-
tion Ω

Δ𝑇𝑖 Excess delay due to multipath

𝜖𝑖 Measurement noise in RSSI 𝜂 Distance loss exponent
𝑓 Frequency of operation 𝐹𝑖,𝑗 Fractional overlap between

AN𝑖 and AN𝑗
𝐺RX Receiver antenna gain 𝐺TX Transmitter antenna gain
𝛾 Specific attenuation coeffi-

cient
𝑑𝑖 Estimated distance between

EN and AN𝑖
𝑑𝑖𝑡 Estimated distance from ToF 𝑝̂𝑒 Estimated position of EN
𝑝̂(𝑖)𝑒 Estimated position from 𝑖th

trilateration
𝑇̂𝑖 Adjusted Time of Flight at

AN𝑖
𝐼𝑖(𝑝) Coverage indicator function 𝐾 Proportion of positions used

in localization
𝐿RX Receiver losses 𝐿TX Transmitter losses
𝑙 Number of points per axis in

discretized grid
𝑚 Number of Anchor Nodes

𝑛 Number of measurements per
node

𝑃 Set of Anchor Node positions

𝑝𝑒 Position of the End Node 𝑝𝑖 Position of Anchor Node 𝑖
𝑃𝐿(𝑑𝑖) Total path loss at distance 𝑑𝑖 𝑃𝐿′(𝑑𝑖) First derivative of path loss

function
𝑃𝐿′′(𝑑𝑖) Second derivative of path loss

function
𝑃𝐿FS(𝑑𝑖) Free space path loss at 𝑑𝑖

𝑃𝐿veg(𝑑𝑖) Vegetation attenuation at 𝑑𝑖 𝑝𝑖, 𝑝𝑖′ , 𝑝𝑖′′ Positions of ANs used in tri-
lateration

Φ(𝑃 ) Objective function for AN
placement

𝜓𝑖,𝑗 Overlap penalty between AN𝑖
and AN𝑗

𝑄 Quartile 𝑅𝑖 Accumulated residual error for
position 𝑝̂(𝑖)𝑒

𝑟𝑖𝑗 Residual error between 𝑝̂(𝑖)𝑒
and AN𝑗

𝜎RSSI𝑖 Standard deviation of RSSI
noise at AN𝑖

𝑆 Area under consideration 𝑆(𝑝) Set of ANs covering point 𝑝
RSSI𝑖 Received Signal Strength In-

dicator at AN𝑖

sensitivity Receiver sensitivity threshold

𝜏rms Root mean square delay
spread

𝑇𝑖 Time of Flight to AN𝑖

𝑇1 Mean 𝜏rms at 1 km 𝑇 (𝑝) Number of trilaterations at
point 𝑝

𝑢 Zero-mean lognormal variate Var[⋅] Variance operator
R̂SSI𝑖 Weighted RSSI estimator at

AN𝑖

R̂SSI𝑖𝑡 Estimated RSSI from ToF at
AN𝑖

RSSI𝑖 Mean RSSI value at AN𝑖 𝔼[⋅] Expected value operator
CoverageArea(𝑃 ) Coverage area function in op-

timization
OverlapPenalty(𝑃 ) Overlap penalty function in

optimization
TrilaterationScore(𝑃 ) Trilateration score function
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