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ABSTRACT

This paper investigates based on Received Signal Strength Indicator using particle filtering and three radio propa-
gation models: the hybrid two-ray ground reflection model, the one-slope, and the two-slope log-distance path
loss models. To improve robustness against received signal strength indicator fluctuations, all three propagation
models are used in a Sequential Importance Resampling particle filter for recursive state estimation. Experimental
validation was conducted in an outdoor environment with ESP32-based Wi-Fi devices operating at 2.4 GHz, at
antenna heights of 0.5 m, 1.0 m, and 1.5 m, and at distances up to 250 meters. The results show that model perfor-
mance depends heavily on the distance range, antenna mounting height, and measurement conditions. Although
the two-slope log-distance path loss model provided the best fit, none of the evaluated models accurately predicted
the experimental data. Applying a particle filter consistently reduced variance and improved overall estimation
stability. Among the evaluated combinations, the two-slope model paired with the particle filter yielded the most
precise distance estimates.

Keywords: particle filtering, two-ray ground reflection model, log-distance path loss model, radio propagation

model, distance estimation.

INTRODUCTION

Nowadays, life without wireless networks
seems impossible and unrealistic. As a society,
we have grown accustomed to constant access
to wireless internet, digital services, and instant
information. Mobile devices, such as phones,
tablets, and laptops, have become an integral part
of our daily lives. In addition to mobile devices,
wireless networks are crucial for the operation of
many other systems, such as smart homes, moni-
toring systems, and Internet of Things devices.
One specific application of wireless networks
is location tracking, which plays a key role in
many fields. Its main applications include navi-
gation [1-3] and resource management [4—6]. In
the context of location tracking, one of the most
important aspects is the accuracy and reliability
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of estimating an object’s position based on radio
signal measurements.

The literature presents numerous localiza-
tion approaches that employ various radio signal
propagation models. Some of the most used mod-
els are the theoretical two-ray ground reflection
(TRGR) model [7, 8], and the empirical models:
OSLDPL [9, 10] and TSLDPL [11-13]. All the
mentioned models have their advantages and lim-
itations, and their effectiveness in estimating an
object’s location depends on the specific charac-
teristics of the propagation environment and the
available measurement data.

The two-ray ground reflection model is based
on the physical mechanisms of radio wave propa-
gation. It builds on the free-space model devel-
oped by Harald T. Friis, a Danish-American
radio engineer, by including the presence of the
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ground, making it more realistic. In the litera-
ture, it is particularly used in open environments,
where ground reflection significantly degrades
the received signal power. This model is based
on the physical properties of the measurement
system, such as antenna height, antenna gain, and
wavelength. It employs a deterministic approach,
which allows for a more accurate representation
of actual signal propagation conditions but also
requires knowledge of the antenna array geom-
etry and environmental parameters.

Unlike deterministic models, the LDPL
model is characterized by a more general
approach, grounded primarily in empirical
research and statistical analysis. In the literature,
this approach is particularly common in heavily
urbanized environments [14—16] and in enclosed
spaces. Under these conditions, classical geo-
metric analysis becomes insufficient due to the
high complexity of the surrounding topogra-
phy. As a result, deterministic modeling of each
component of the electromagnetic field becomes
computationally inefficient or even impossible
due to the lack of accurate geometric and mate-
rial data.

A natural extension and improvement of the
OSLDPL model is the two-slope log-distance
path loss model, which introduces a second path
loss exponent (PLE) to better capture signal
attenuation across changing topographies. In this
approach, the first PLE models shorter distanc-
es, while a second PLE takes over once a spe-
cific threshold is reached. This critical breakpoint
is precisely determined through Fresnel zone
analysis, allowing for more realistic simulations
in complex urban and industrial environments.
Ultimately, the two-slope model provides a more
accurate representation of physical phenomena
such as line-of-sight (LOS) cutoffs and ground-
wave effects, where signal degradation acceler-
ates sharply beyond the breakpoint.

All the models mentioned are used across a
wide variety of research and practical scenarios.
In the scientific literature, they are commonly
used to estimate distances and locate objects,
serving as a fundamental tool wherever there is a
need to convert physical distance into the signal
strength received by a receiver. Beyond theoreti-
cal research, these solutions are effective in the
smart agriculture concept [13, 17-19] for moni-
toring devices in farm fields, as well as in robot-
ics [20-22], where they support vehicle naviga-
tion in both indoor and outdoor environments. In

the context of the Internet of Things, they enable
node localization in wireless networks, which is
crucial for resource management and infrastruc-
ture optimization. Additionally, these systems
are implemented in Vehicular Ad Hoc Networks
(VANETS) [23-25] to track vehicle positions and
enable intelligent traffic management. In many
of these areas, these models are integrated with
particle filters, which allow effective accounting
for measurement uncertainty and, consequently,
a significant improvement in estimation accuracy.

Particle filters [26, 27] are a class of Bayes-
ian sequential estimation methods that approxi-
mate the probability distribution of a system’s
state using a set of random samples called par-
ticles. Many variants of particle filters have been
described in the literature, such as sequential
importance sampling (SIS), auxiliary particle
filter (APF) [28, 29], Rao-Blackwellized particle
filter (RBPF) [30, 31], or regularized particle fil-
ter (RPF) [26, 27, 32]. They differ primarily in
their sampling strategies, the methods for updat-
ing particle weights, and the resampling meth-
ods, resulting in distinct numerical and compu-
tational properties. In practice, particle filters
are widely used in positioning, navigation, and
object tracking systems [33, 34], where they
enable effective accounting for measurement
uncertainty and improve the accuracy of posi-
tion estimates. These filters also play a signifi-
cant role in satellite and inertial navigation, state
estimation for flying objects, and digital signal
processing-for example, in adaptive spam filter-
ing, network traffic anomaly detection [35, 36],
and speech recognition [37, 38].

There are many studies in the literature [39—
41] that compare radio signal propagation mod-
els and methods for estimating an object’s posi-
tion. However, it is still relatively rare to directly
compare a two-ray ground reflection model with
a log-distance path loss model, in both versions,
within the same measurement setup and using
a uniform estimation mechanism. For this rea-
son, it is important to compare those approaches
under consistent conditions, accounting for the
particle filter’s effect on the stability and accu-
racy of estimation based on received signal
strength indicator (RSSI).

This paper focuses on combining these
models with the particle filter (PF). This
approach aims to determine a more reliable
estimate of distance, and ultimately the location
of an object, based on received signal strength
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measurements. The fundamental research prob-
lem is that the relationship between RSSI and
actual distance is not strictly deterministic, as
it depends on propagation conditions, system
geometry, and environmental interference. To
address this, the proposed methodology incor-
porates both analytical models describing sig-
nal attenuation and a PF framework to mitigate
measurement uncertainty.

The remainder of this paper presents the fol-
lowing structure: Section 2 outlines the method-
ology, including a detailed description of signal
propagation, the particle filter’s operating mech-
anism, and the measurement model. Section 3
evaluates the particle filter’s effectiveness and
compares the performance of three propagation
models using experimental results. Finally, Sec-
tion 4 discusses these results, presenting con-
clusions and directions for future research.

THEORETICAL APPROACH

The research methodology was organized
into a sequence of successive stages, from the
description of signal propagation to sequential
filter estimation. First, models were defined that
relate received power to the distance between the
transmitter and receiver. These relationships were
then used in the observation model in a particle
filter, which updates the estimate based on suc-
cessive RSSI samples. This setup allows for the
separation of two levels of analysis: the determin-
istic description of signal fading and the probabi-
listic account of measurement uncertainty.

This section discusses the propagation mod-
els used in the study: the first is a hybrid approach
that uses the free-space path loss (FSPL) model
for short distances and a simplified two-ray
ground reflection model for longer distances. This
design results from the limitations of the simpli-
fied TRGR model at short distances. It allows the
description to remain consistent with the antenna
array geometry while achieving more stable per-
formance across the entire analyzed range. The
second approach considered is the one-slope
log-distance path loss model, in which signal
attenuation is described by a Path Loss Exponent
determined based on measurement data. The third
solution analyzed is the Two-Slope Log-Distance
Path Loss model, which extends the OSLDPL
approach by introducing a breakpoint that divides
the propagation path into two regions with
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different Path Loss Exponents. The combination
of these three models provides a comprehensive
basis for further comparison of the strictly physi-
cal, empirical, and hybrid approaches, which
combine the simplicity of statistical models with
the spatial characteristics of the radio channel.

Based on the propagation layer defined in
this manner, an estimation model utilizing the
sequential importance resampling (SIR) particle
filter was developed. In this approach, the sys-
tem state represents the searched distance, while
the measurement model assesses the consistency
between the predicted and observed RSSI val-
ues. Subsequent weighting and resampling steps
reduce the impact of short-term signal fluctua-
tions and approximate the a posteriori distribu-
tion of the estimated quantity. The following sub-
sections present the mathematical formulations
of the TRGR and LDPL models, respectively,
along with the method for integrating them into
the filtering procedure.

Two-ray ground reflection model

The physical basis of the hybrid approach
under analysis is the two-ray ground reflec-
tion model, which describes signal propagation
as a superposition of the direct component and
the wave reflected from the ground. This model
relates the received power to the geometry of the
measurement system, to the distance between
devices, antenna mounting heights, wavelength,
and therefore serves as a natural starting point
for further describing the dependence of RSSI
on distance. To express this mathematically, the
lengths of both propagation paths are first deter-
mined: the direct path (1) and the path reflected
from the ground (2).

dy = \/d? + (Hy — Hg)? (1)

d, = \/d? + (Hy + Hg)? )

where: d is the distance between the transmitter
and the receiver, H_is the height at which
the transmitter antenna is mounted, and
H, is the height at which the receiver
antenna is mounted.

In the TRGR model, the received power
P, (d) accounts for both direct and reflected sig-
nal paths, along with key system parameters. It is
expressed as:
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PRT(d) = PrGrGg (E)

e_jkdl

e—Jkdz |? 3)

dy dy

where: P, is transmitter power, G, is transmit-
ter antenna gain, G, is receiving antenna
gain, | is wavelength, £ is wave number
calculated from k = 2p/l, and d, and d,
are the lengths of the direct and reflected
paths, respectively.

Despite its accuracy, this model unfortunately
cannot be used to estimate distance due to its math-
ematical properties. For distances shorter than
the critical distance (4) [42], the model exhibits
significant fluctuations in received power, mak-
ing it difficult to assign a specific RSSI value to a
given distance unambiguously. For this reason, a
simplified version of this model is often used in
practice, as it is more stable and easier to apply in
real-world localization scenarios.

The critical distance (d)) is the limiting dis-
tance between the transmitter and the receiver,
which depends on the height of both antennas and
the wavelength.

- 4mHrHp )
A

Below this value, interference between the
direct and reflected waves becomes dominant, lead-
ing to significant fluctuations in the received power.

For distances greater than the critical dis-
tance, signal attenuation increases uniformly at

a rate of d*, which allows the model to be sim-
plified to a logarithmic form (5). This simplified
variant is commonly known in the literature as
the simplified two-ray ground reflection model.
It reduces computational complexity while pre-
serving key features of signal propagation, such
as the effects of antenna height and distance. As
a result, signal propagation becomes predictable
and easier to model.

HrHg
PRS(d) = PT + GT + GR + 2010g10 (7) (5)

For distances shorter than the critical dis-
tance, the two-ray ground reflection model suffers
from fluctuations that prevent reliable RSSI-to-
distance assignment. In the same range, the sim-
plified model also fails to represent the full model
accurately. These issues are shown in Figure 1.
Therefore, in many studies [42—44], researchers
have opted to use the free-space path loss model
(6) at shorter distances and the simplified TRGR
model at longer distances.

471td
Ppr(d) = Py + Gy + Gg — 201logyg (T) 6)

This results in a hybrid model (7) that com-
bines the advantages of both models, thereby
ensuring greater accuracy across a wide range of
localization scenarios. This model enables more
precise estimation of received power, as shown in
Figure 2, which is crucial for effective localization,
especially in environments with varied topogra-
phy and different signal propagation conditions.

de
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Figure 1. Dependence of received power on the distance between the transmitter and receiver for the
following models: The two-ray ground reflection, simplified two-ray ground reflection, and free-space path loss
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Figure 2. Dependence of received power on the distance between the transmitter and receiver for the
following models: Hybrid and two-ray ground reflection
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Log-distance path loss model

The second approach analyzed in this paper is
the log-distance path loss model, which provides
an empirical alternative to theoretical methods
based strictly on propagation geometry. Tradi-
tionally, path loss models are divided into two
main categories: One-slope and two-slope mod-
els [12, 45, 46].

In the one-slope model, the relationship
between received power and distance is presented
in logarithmic form. The key parameter remains
the path loss exponent (n), which allows the sig-
nal fading characteristics to be adapted to actual
measurement conditions. For this reason, this
model serves as a natural reference point for the
hybrid approach and is subsequently expressed as
Equation 8, which relates the RSSI value to the
distance from the transmitter.

Pg(d) = Pr(dy) — 10nlog;, (dio)’ 3

where: d is the reference distance, and. P, (d,)
is the received power at the reference
distance.

This equation describes signal loss using two
quantities with direct practical interpretations: the
reference power P (d,) and path loss exponent (n).
The former provides a reference point for estima-
tion, while the latter determines the rate at which
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power decreases with increasing distance. This
allows the model to be easily calibrated for a spe-
cific measurement environment. The typical rang-
es of path loss exponent values are listed in Table 1
based on data reported in the literature [9, 47].

The two-slope model, on the other hand, pro-
vides a more realistic representation of signal
attenuation by accounting for two distinct propa-
gation regions. The first region assumes wave
propagation in free space. The second region is
characterized by additional environmental fac-
tors, such as obstacles, reflections, and diffrac-
tion, that further attenuate the signal.

In propagation modeling, breakpoint defines
the specific distance at which signal propagation
characteristic change due to physical or environ-
mental factors. The Perera breakpoint,

_ 4HHg

p=—t ©)

This is an empirical modification of the clas-
sical Fresnel breakpoint that was proposed to

Table 1. The typical values of the PLE for various
propagation environments

Environment Path loss exponent
Free space 2
Urban areas 2.7-35
Shadowed urban cellular radio 3-5
In building line-of-sight 1.6-1.8
Obstructed in buildings 4-6
Obstructed in factories 2-3




Advances in Science and Technology Research Journal 2026, 20(12), 384—400

better represent radio propagation in urban and
suburban environments [48].

The two-slope log-distance path loss (see
Equation 10) model typically provides a much
better fit to experimental data than its one-slope
counterpart, as it adapts to changes in the propa-
gation environment with distance. Consequently,
this paper employs a two-slope approach based
on the foundational one-slope log-distance path
loss model to more accurately capture real-world
signal attenuation.

PRLDS(d) =

( d
Pr(do) — 10n, logy, (_)'

T d< d,,(lo)

d d
Pr(dy) — 10m, logyg (d—f)) — 10n, logyo <d—f), d>d,

Comparing three models, the Hybrid TRGR
model, the OSLDPL model, and the TSLDPL
model, is important because each has its own
advantages and limitations. The two-ray ground
reflection model is more detailed and accounts for
specific propagation mechanisms, but it may be
less practical in complex environments. In con-
trast, the one-slope log-distance path loss model
is simpler and more versatile, but it may not cap-
ture all the nuances of signal propagation under
various conditions. Finally, the two-slope log-
distance path loss model provides a more flex-
ible approach by allowing different propagation
characteristics across distance ranges, thereby
enabling better fitting of experimental data. By

comparing these models, researchers can deter-
mine which is most suitable for a given applica-
tion and environment, balancing accuracy and
computational efficiency.

Particle filter

From a location perspective, the particle filter
acts as an estimation layer that combines infor-
mation obtained from the propagation model with
actual signal measurements. Propagation mod-
els define the relationship between distance and
received power. However, a single RSSI mea-
surement is typically highly variable and should
not be interpreted deterministically. The particle
filter accounts for this uncertainty by combining
successive observations and gradually narrowing
down the range of possible object locations. It is
an extremely effective tool for state estimation in
nonlinear and non-Gaussian systems. It allows
for a more stable estimate than directly convert-
ing individual RSSI samples into distance.

This paper uses the sequential importance
resampling particle filter presented in Algo-
rithm 1. It is one of the most popular and sim-
plest variants of particle filters [26, 49-51]. It
extends the sequential importance sampling (SIS)
approach with a resampling step, thereby elimi-
nating particle weight degeneration and ensuring
a stable approximation of the posterior distribu-
tion in subsequent steps.

input

: z - One dimensional measured data array

Ng-number of experimental points,

N-number of added particles,

output: = - calculated values array
for k=1to N do

| Prepare N random particles and assign base state

end
for k=1 to N, do
fori=1to N do

end

fori=1to N do

end
Particle resampling

end

| Normalize weights: wj = wj /w;

| Calcualte N samples from (11) and corresponding weights from (12)

Calculate total weight: w, = S, wi,

Assign de-noised value zj, using weighted mean (14)

Algorithm 1. Sequential importance resampling particle filter
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The Sequential Importance Resampling particle
filter consists of three stages: propagation, weight-
ing, and resampling, and operates by recursively
updating the a posteriori distribution of the sys-
tem’s state. In practice, this distribution is replaced
by a finite set of N weighted particles, in accor-
dance with the discrete representation described by
the equation:

N
p(xp | z1g) = Z wis(x, —xf) (1)
i=1

where: x_is the estimated distance at time £, z, is
the received signal strength measurement
at time k, w," where the weight of the i-th
particle at time £.

In each step of the algorithm, the particles are
first propagated according to the motion model, and
then their weights are updated based on their agree-
ment with the new observation. The general form
of the weight update follows the weighted sampling
principle and is given by the equation:

i i

i i) ol
wi o Wk—1p(Zk | Xk)P(Xk | Xk—l) (12)

Q(X;.c | xlic—ll zk)

where: p(z |x) is the measurement likeli-
hood defined by the observation model,
which specifies the probability density
of obtaining measurement; p(x/|x’, ) is
the state transition probability density
governed by the system motion model,
describing the state evolution between
successive time steps; and q(x,/|x’,_, z,) is
the proposal distribution, which defines
the probability density of sampling state
x, based on the previous state x', , and
current observation z,.

In the first step, N particles are generated to
represent the possible initial states of the system.
To account for uncertainty, the particle filter incor-
porates process noise (s). Our particle filter uses the
highest value of the standard deviation recorded
during our measurements. The initial state distribu-
tion is commonly generated using a Gaussian dis-
tribution centered around the state predicted by the
propagation model, given by:

(Zk - PR(Xf.c))z

; 1
L) — _ 7
el xi) = Cmexp 202 |
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where: z, is the received signal strength measure-
ment at time &, x is the state hypothesis
(estimated distance) of the i-th particle
at time k, P (x,") is the received power at
distance x,’ described by the propagation
model, and s is the height’s standard devia-
tion of the measurement data.

This paper adopts two approaches, depend-
ing on the wave propagation model used. In the
hybrid two-ray ground reflection model, a theoreti-
cal value is calculated, and noise is added from a
normal distribution. In the case of both log-distance
path loss models, particles are generated based on
a normal distribution centered around the path-loss
exponent. The value of 7 is selected from 0 to 5.

Based on previous research [10, 27, 52], a
value N=1000 was adopted as a compromise
between estimation accuracy and computational
complexity. This value ensures sufficient repre-
sentation of the posterior distribution while keep-
ing computation time at an acceptable level for
real-time applications.

In the next step, each particle is assigned a
weight that reflects the degree of agreement with
the observation. The weights are updated using a
measurement model that estimates the probability
of obtaining a specific observation under a given
state hypothesis.

The final step involves resampling, which gen-
erates a new set of particles based on their weights.
For this purpose, a commonly used systematic
resampling method [53—55] was selected, which
ensures a uniform distribution of particles. Resam-
pling avoids weight degeneracy caused by favoring
stronger particles, allowing us to focus on the most
likely state hypotheses. To obtain the new estimated
values, normalize the particle weights wi = wi/w,
and then calculate the result using the equation:

N
X = ) xjw] (14)

j=1

where: x, — the estimated distance at time £, xkj -
the value of the j-th particle at time £, and
w/ — the weight of the j-th particle at time 4.

EXPERIMENT SETUP

The experiment was carried out in a controlled
environment that allowed for accurate measure-
ments of the received signal strength as a function
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of distance. All measurements were taken outdoors,
at an environmental temperature of approximately
20 °C and a relative humidity of 50-55%. Two
Wi-Fi devices based on ESP32 microcontrollers
were used, operating in the 2.4 GHz band (802.11
b/g/n), equipped with a dual-core processor clocked
at up to 160 MHz, and with interfaces enabling sta-
ble recording of measurement data to flash memo-
ry. Each device was paired with an external antenna
with a gain of 3 dBm, ensuring comparable trans-
mission and reception conditions and minimizing
the impact of hardware differences on the results.
Additionally, fixed transmission parameters (same
channel bandwidth, transmit power, and network
configuration) were used to isolate the effects of
distance and system geometry from the effects of
the radio configuration as much as possible.

One of the devices, which continuously broad-
cast a Wi-Fi network, was set to Access Point
mode and operated as a stationary reference trans-
mitter. The second device served as a measure-
ment receiver and, at regular intervals, initiated a
connection to the broadcast network, reading the
RSSI value once the connection was established.
Experiment visualization is presented in Figure 3.
After a single reading was taken, the connection
was terminated, and the procedure was repeated,
allowing a series of independent samples to be
obtained at a given distance. This operating mode
minimized the impact of short-term fluctuations
and enabled subsequent averaging and statistical
analysis of the results. Data from each cycle, along
with a timestamp and information about the mea-
surement configuration, was saved to a file stored
in the device’s flash memory. After completing a
series of measurements, the data were downloaded
to a computer and analyzed further.
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The experiment was repeated at various dis-
tances between the transmitter and receiver, start-
ing at a few meters and gradually increasing to
250 meters. Additionally, to account for ground
reflection, the experiment was conducted with
different antenna mounting heights (0.5 m, 1.0 m,
and 1.5 m), allowing an assessment of its impact
on distance estimation accuracy. In this study, the
mounting heights of the transmitter and receiver
antennas were always identical, i.e. H, = H, = H,,
where H, denotes the general antenna height.
This made it possible to compare the results with
all three propagation models, two-ray ground
reflection, one-slope log-distance path loss, and
two-slope log-distance path loss, and to evaluate
the effectiveness of the particle filter in distance
estimation based on RSSI measurements.

RESULTS

A series of measurements was conducted
outdoors to evaluate signal propagation between
two Wi-Fi network nodes over distances rang-
ing from 1 to 250 m. To perform a comparative
analysis, theoretical calculations were carried
out in parallel using both log-distance path loss
models, and the hybrid two-ray ground reflec-
tion model, accounting for varying antenna
mounting heights.

The results are presented in Figure 4. The pre-
sented data exhibit a distinct logarithmic trend,
a direct consequence of the geometric attenua-
tion of radio waves with distance. However, the
experimental curves show local fluctuations in
signal strength resulting from fading and mul-
tipath interference [56, 57].

N
—

AVAVATA |

WA

TAVAVAVAVAS

WAVAVAVAVAVAV.AY V., (\VAVE N

i
TRANSMITTER

i
RECEIVER

Figure 3. Experimental setup for measuring RSSI values at various distances and antenna mounting heights
The transmitter is set to Access Point mode, while the receiver periodically connects to the network
to record RSSI values
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The measurement errors observed are directly
related to the technical specifications of the test-
ing equipment and to dynamic changes in envi-
ronmental conditions. To quantify this uncertain-
ty, the average standard deviation of the collected
experimental data was calculated, with the results
summarized in Table 2.

In the first approach, the One-Slope Log-
Distance Path Loss model was used. The analysis
of the collected data indicates that increasing the
antenna mounting height results in a monotonic
decrease in signal attenuation. This dependency
is directly reflected in the calculated PLE values.
The values of the path loss exponent were approx-
imated using the Scilab computational pack-
age for the measurement points. For an antenna
height of 0.5 m, this parameter reaches n = 2.644,
which aligns closely with literature data typical of

Table 2. The mean standard deviations of RSSI
measured data for different antenna mounting heights

Antenna mounting height Mean standard deviation
[m] [dBm]
0.5 1.378
1.0 1.361
1.5 1.670

urbanized propagation environments. Conversely,
for the remaining higher antenna placements, the
estimated PLE values closely match reference val-
ues characteristic of open-space environments (see
Table 1). The analysis reveals that while the One-
Slope Log-Distance Path Loss model provides an
acceptable approximation of the general trend of
signal power decrease, it does not fully capture the
complexity of the actual measurement data.
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Measured data

RSSI [dBm]

d:=25.133m

—— Hybrid Two-Ray Ground Reflection
Measured data
==~ Critical distance

Measured data

C) —— Two-Slope Log-Distance Path Loss
\ --- Breakpoint distance

ny=1.145
n,=3792

d) —— One-Slope Log-Distance Path Loss
Measured data

n=1.930

T
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Figure 4. The RSSI measurement data and calculated the hybrid two-ray ground reflection model,
one-slope log-distance path loss model and two-slope log-distance path loss model for distances ranged
from 1 to 250 meters and different antenna mounting heights, equals to 0.5 m (parts a, b, ¢)
and 1 m (parts d, e, f) and 1.5 m (parts g, h, 1), respectively
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Figure 4 (parts b, e, h) shows the effects of
using the hybrid two-ray ground reflection model.
Despite its theoretical approach, this model
appears to be the better solution. This model
shows significantly higher effectiveness in repro-
ducing experimental results.

The next model under consideration is the
two-slope log-distance path loss model. This
appears to be a promising approach due to the
characteristic shape of the curves. Approximat-
ing it with two logarithmic curves should yield
good results. Table 3 presents the estimated PLE
values for various antenna mounting heights and
propagation models derived from the experi-
mental data. These values demonstrate that sig-
nal propagation characteristics vary significantly
with antenna installation height.

Utilizing the Two-Slope model with the deter-
mined exponents provides a much more accurate
fit to the measured data (see Figure 4, parts c, f, 1).
This indicates that the Two-Slope approach is bet-
ter suited for capturing the complex behavior of
real-world signal propagation, where factors such
as multipath effects and environmental obstacles
significantly influence the received signal strength.

In practice, it is difficult to determine whether
the approximated results better or worse reflect
the experimental data. What is needed is a mea-
sure that shows how well the models used rep-
resent the experimental data. Therefore, to pre-
cisely assess the quality of obtained results, the
peak signal-to-noise ratio (PSNR) [58, 59] was
introduced as an additional metric.

In general, this metric is used in image
processing to evaluate the quality of image

compression and reconstruction. The formula
originally describes it:

DZ
PSNR =10-1 — 15
S 0 - logyo < VS E) (15)
where: D? is the maximum possible signal value,
and MSE is the mean squared error. For
the experimental data under study, this
metric was defined as follows:

(Pmax - Pmin)2

PSNR =10-1 —F——F] (16

0810 < MSE (16)

where: P and P are, respectively, the maxi-

mum and minimum data values in each

dataset. In our case, the values of MSE were
calculated from the following formulae:

n
1
MSE = ;Z(yi - 9)? (17)
i=1

where: n is the number od data points, y, is the
theoretically calculated value from the
considered models and J; is the the
experimental value.

The metric constructed in this way enables
the assessment of the fit of the models used to the
experimental data. High PSNR values correspond
to a lower error threshold, indicating a better fit
of curves calculated from the model data to the
experimental data.

The results of the mean PSNR calculations
for various wave propagation models and antenna
mounting heights, for experimental data, are pre-
sented in Table 4.

Table 3. The PLE values for different antenna mounting heights and used propagation models

Antenna mounting height Path loss exponent one-slope Path loss exponent two-slope
[m] N n, n,
0.5 2.644 1.145 3.792
1.0 1.930 1.569 2.979
1.5 1.929 1.887 2.314

Table 4. The PSNR data for experimental RSSI values for different antenna mounting heights and propagation

models
Antenna mounting height Hybrid TRGR OSLDPL TSLDPL
[m] [dB] [dB] [dB]
0.5 27.190 24.006 28.612
1.0 24.988 22.509 28.410
1.5 27.102 27.251 29.402
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The results presented in Table 4 clearly
indicate that the two-slope log-distance path
loss model better reproduces the experimental
data compared to the other models. The highest
PSNR values indicate the best possible fit of the
TSLDPL model curves to the experimental data.
Unfortunately, the data on which the calculations
were based are subject to measurement error. The
standard deviation values presented in Table 2
are quite large. This error translates directly into
the calculated PLE values. Due to the stochastic
nature of signal fluctuations and the nonlinearity
of propagation mechanisms, conventional deter-
ministic methods prove insufficient. Under such
conditions, particle filtering algorithms demon-
strate high effectiveness. Figure 5 compares actual
experimental data with particle filter estimates for
two representative distances: 10 m and 100 m for
antenna mounting heights equal to 0.5 m.

Table 5 presents the values of the mean stan-
dard deviation obtained for all the propagation
models and antenna positions used.

The presented results explicitly confirm the
usefulness of particle filters for estimating RSSI
across all models under consideration. Regardless
of the wave propagation model applied, the filter
consistently matches experimental data and effec-
tively minimizes the mean standard deviation. At
the same time, maintaining high estimation accu-
racy relative to the baseline propagation models.
For comparison, PSNR values were also calcu-
lated based on data obtained from the Bayesian
filter. The results are presented in Table 6.

The data presented in Table 5 and 6 shows
that the use of a particle filter increases the PSNR
values for all propagation models, as reflected
by the mean standard deviation values shown in
Table 5. Furthermore, the highest PSNR values

RSSI [dBm]

Measured data

Estimated Hybrid TRGR model data
Estimated OSLDPL model data
Estimated TSLDPL model data

RSSI [dBm]

A""A"b"&‘ﬂmv./\

Measured data
-8 Estlmated Hybrid TRGR model data
--a- Estimated OSLDPL model data
Estimated TSLDPL model data

1 20 40
Number of sample points

60 80 100

Figure 5. The measured RSSI data and particle filter estimation results for 1000 particles at 10 m (part a)
and 100 m (part b), based on 100 experimental data points. The antenna mounting height is equal to 0.5 m

Table 5. The mean standard deviations of RSSI data after particle filter estimation at different antenna placements

Antenna mounting height Mean standard deviation of RSSI data
[m] OSLDPL [dBm] Hybrid TRGR [dBm] TSLDPL [dBm]
0.5 0.651 0.637 0.628
1.0 0.554 0.534 0.520
1.5 0.785 0.783 0.782

Table 6. The PSNR data for estimated RSSI values for different antenna mounting heights and propagation models

Antenna mounting height [m] Hybrid TRGR [dB] OSLDPL [dB] TSLDPL [dB]
0.5 28.260 24.656 30.099
1.0 25.583 24.656 30.036
15 28.333 28.842 30.128
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are observed for the TSLDPL model for both
experimental and estimated data.

The main goal of this study was to investigate
the effects of using the particle filtering method
and of the choice of propagation models on the
estimation of distance from measured RSSI val-
ues. Moreover, the obtained path loss exponents
and their corresponding PSNR values do not
directly provide information about the distance
estimation error. So, we calculate the absolute
distance estimation error (ADEE) using the fol-
lowing expression:

derr () = |dM(PR(i)) - dE(PR(i))l (18)
where: d, (P (i) corresponds to the distances cal-
culated from the models (hybrid TRGR,
OSLDPL, and TSLDPL), and d,(P (7))
corresponds to the distances obtained from
experimental data for the same RSSI values

(P(0)).

The distance estimation errors were calculat-
ed for distances equal to 15, 50, 100, 150, and 200
meters. When analyzing the obtained results, the
logarithmic relationship between the RSSI signal
and distance should be considered. A small error
in RSSI measurement at short distances trans-
lates into a relatively small error in the measured
distance. Unfortunately, for longer measured

distances, this error is much larger. Table 7 sum-
marizes calculated distance estimation error val-
ues for different models and antenna mounting
heights for experimental and estimated data.

The absolute distance estimation error values
presented in the table are characterized by a con-
siderable discrepancy. The absolute distance mea-
surement error varies from a fraction of a meter to
hundreds of meters. Comparing the d (i) values
for the models used, one can observe the advan-
tage of the TSLDPL over other models. However,
it should be noted that it is not a perfect solution.
The poorest results were obtained for the theo-
retical TWRG model, which had the highest dis-
tance estimation errors. A decrease in this error
was observed with increasing antenna mounting
height. This phenomenon results from a reduction
in the contribution of ground reflections and mul-
tipath, which in turn improves line-of-sight (LoS)
transmission conditions and reduces systematic
measurement error. This relationship is also con-
firmed by publications [60, 61], which showed
that higher antenna placement weakens the influ-
ence of reflected signals, increasing the precision
of distance estimation. Furthermore, the use of a
particle filter resulted in a slight reduction in the
d,, (i) values for most cases. As in the case of raw
data (without using a filter), the TSLDPL model
showed the smallest error.

Table 7. The absolute distances estimation error for measured and estimated RSSI values for different antenna

mounting heights and different propagation models

Antenna . Hybrid TRGR OSLDPL TSLDPL
height | ~edl distance | ADEE for ADEE for ADEE for ADEE for ADEE for ADEE for
[m] [m] experimental | particle filter | experimental | particle filter | experimental | particle filter

data [m] data [m] data [m] data [m] data [m] data [m]

15 2.7 5.4 6.9 5.9 34 438

50 59.5 68.8 15.6 10.6 0.2 5.1

0.5 100 112.0 111.6 6.4 6.0 0.9 0.7

150 188.5 180.2 40.0 34.6 15.2 12.0

200 282.5 271.4 125.0 110.3 40.2 35.0

15 3.6 3.5 5.4 5.5 1.3 1.3

50 13.8 12.9 18.1 17.2 1.4 0.6

1.0 100 25.7 20.2 32.8 28.7 213 17.9

150 11.5 10.5 28.4 28.1 1.7 0.7

200 1.0 8.2 185.9 217.8 445 59.1

15 1.8 3.6 0.3 1.5 0.4 22

50 5.0 1.8 0.7 5.2 4.2 22

1.5 100 38.5 41.5 43.0 45.8 39.0 42.2

150 37.9 26.5 30.6 4.3 33.9 12.2

200 52.4 58.2 11.9 4.2 13.2 26.9
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Observing the data presented in Figure 4
(parts ¢, f, 1), it is easy to notice a slight mis-
match of the TSLDPL model, especially for the
highest mounted antenna. For approximately
100 m, a slight signal amplification is observed.
In [48], the authors proposed a modification
of the Perera breakpoint. This modification,
known as the true breakpoint (d,), allows for
better optimization of the TSLDPL model to

experimental data. It is defined as a scaled ver-
sion of the Perera distance: d,= (xdp, where o
is a scaling factor that can be adjusted based
on actual measurement data. Calculations
were performed by varying the correction fac-
tor from 1.0 to 1.4. In each case, ADEE values
were calculated both before and after filtering.
The lowest ADEE values for the model under
consideration were obtained with a scaling

01 T
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+ Average estimated data + Average estimated data
2 ---. Breakpoint distance --- Breakpoint distance
. 304 n=1.145 ny=1.570
E% A n,=3.792 n, =3.592
S, _a0
)
%)
& 5o
—60
-70
-80
[
Q) —— TSLDPL model d) —— Scaled TSLDPL model, a=1.2
—10 « Average measured data « Average measured data
+ Average estimated data + Average estimated data
. --- Breakpoint distance --- Breakpoint distance
— -3 o ny =1.569 N ny =1.577
€ ny=2.979 ny=3212
o
B, —a0
)
%)
& _so
-60
—70 dp=32m dp=38m
-80
0
e) —— TSLDPL model f) —— Scaled TSLDPL model, a=1.2
“10 + Average measured data » Average measured data
+ Average estimated data + Average estimated data
2 ---- Breakpoint distance --- Breakpoint distance
. -3 ny =1.887 n=1.875
£ n,=2.314 n,=1.966
o
g -40 . L e v,
%) .
0 L R
& _so b
t PR
-60
~70 4 dp=72m dp=86m
-80 : - : T
0 50 100 150 200 2500 50 100 150 200 250

Distance [m]

Distance [m]

Figure 6. The experimental RSSI data and estimated data against the two-slope log-distance path loss model,
and scaled two-slope log-distance path loss model (0=1.2) for distances ranged from 1 to 250 meters
and different antenna mounting heights, equals to 0.5 m (parts a, b) and 1 m (parts c, d)
and 1.5 m (parts e, f), respectively
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Table 8. The absolute distances estimation error for
measured and estimated RSSI values for different
antenna mounting heights and scaled TSLDPL
propagation model

TSLDPL (a=1.2)
Antenna Real ADEE for ADEE for
height [m] | distance [m] | experimental | particle filter
data [m] data [m]
15 1.7 1.1
50 1.8 1.7
0.5 100 0.7 1.0
150 19.5 15.3
200 51.6 43.3
15 1.0 0.7
50 1.2 1.3
1.0 100 19.8 17.2
150 5.7 4.8
200 29.4 411
15 0.7 0.6
50 5.6 1.1
1.5 100 37.4 39.9
150 19.3 9.1
200 28.9 12.4

factor of 1.2. The calculation results presented
in Table 8 indicate that the empirical selection
of the scaling factor significantly reduced the
error. The obtained logarithmic curves fit the
experimental data much more precisely.

Unfortunately, the obtained results are not
entirely satisfactory, as introducing a scal-
ing factor reduced the error in some cases
but increased it in others. Applying a particle
filter eliminates this error, demonstrating the
filter’s effectiveness. Figure 6 compares the
two TSLDPL models used on experimental
data. Additionally, the figure shows the aver-
age values of the estimated and experimental
data. The particle filter significantly reduces
the statistical error. But the RSSI data exhibit a
different type of variation that the filter cannot
compensate for. The data do not exhibit a typi-
cal logarithmic pattern, and therefore neither
model is able to capture this variation. In the
case of wave propagation, the received signal
may be weakened or strengthened by physi-
cal processes such as diffraction, interference,
scattering or shadowing. Even in measure-
ments performed in open spaces [62].

CONCLUSIONS

Data obtained from experiments are always
affected by measurement error, resulting from the
technical limitations of the measuring equipment
and variable environmental conditions. Particle
Filters are a commonly used tool for improving
data quality. By applying this solution in our case,
we obtained data with significantly reduced inter-
ference and signal fluctuations. The most impor-
tant results from this study include the following:
e The particle filter reduces the variance of the

data, leading to more accurate predictions of

the path loss exponent.

e The scaled two-slope log-distance path loss
model provides the best fit to the experimen-
tal data, suggesting that it is more effective at
predicting signal propagation in the studied
environment.

e The use of the particle filter in combination
with the two-slope log-distance path loss
model yields the most precise distance esti-
mates, which is important for radio-based
positioning and navigation systems.

e The height at which the antennas are mounted
has a significant impact on signal quality and
distance-estimation accuracy, with higher anten-
na placement resulting in lower signal loss.

In summary, other models more precisely
tailored to the conditions under which the mea-
surements were conducted should be considered.
This could potentially allow for a more precise
consideration of the influence of terrain surface
structure and local environmental characteristics.
This would provide an answer to the question of
what happened during the measurement and why
the models used did not produce accurate results,
despite their correct application.
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