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Abstract
The Internet of Things (IoT) has expanded rapidly, with outdoor applications
relying on Low-Power Wide-Area Networks (LPWANs) to deliver long-range,
low-power connectivity. Among these, LoRaWAN enables energy-constrained
sensors to communicate across large areas using minimal infrastructure. However,
outdoor localization with LoRaWAN remains challenging: RSSI-based methods
suffer from fading and noise, while advanced techniques such as TDOA and AoA
require multiple synchronized gateways or specialized antennas, increasing cost
and complexity. In this work, we propose a hybrid framework that integrates
an improved empirical path-loss model with machine learning for single-gateway
localization. First, we refine the Birmingham path-loss model using cluster-
ing and distribution-aware regression, improving prediction accuracy by up to
28.6% compared to regression-only baselines. Second, we develop a data-driven
LSTM network that leverages sequential RSSI and SNR traces, guided by the
improved channel model, to predict the sector location of mobile nodes. We
further benchmark our proposed LSTM model against a CNN–LSTM baseline,
a well-established deep learning paradigm for time-series classification. Experi-
mental results highlight the superiority of our approach, achieving 72% accuracy
compared to 65% for the CNN–LSTM baseline. By avoiding multi-gateway syn-
chronization and heavy infrastructure, our approach demonstrates a practical,
low-cost solution for single-gateway localization in dense urban environments.
Experimental results in Birmingham city center highlight the robustness and fea-
sibility of this method, making it suitable for smart city deployments, industrial
monitoring, and other resource-constrained IoT applications.
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1 Introduction
With the rapid technological advances of the Internet of Things (IoT), and the expec-
tation of contributing up to $11 trillion to the global economy by 2025 [1]. One of the
core enablers of this technological wave is the ability to extract, transmit, and pro-
cess spatial and environmental data from edge devices. Such information supports the
development of advanced positioning techniques and algorithms [2, 3]. A prominent
communication framework supporting these innovations is the Low-Power Wide-Area
Network (LPWAN), which is characterized by long-range transmission capabilities at
low energy and data rate costs. These networks span a wide range of applications,
including environmental monitoring [4], healthcare, smart cities [5], and industrial
automation.

Among LPWAN technologies, LoRa (Long Range) has emerged as a key standard,
using proprietary Chirp Spread Spectrum (CSS) modulation to transmit data effi-
ciently over several kilometers with minimal power consumption [6, 7]. With supported
data rates between 0.3 kbps and 50 kbps [8], LoRa has been successfully deployed in
large-scale urban and rural settings [9–11], and is expected to become the backbone
of future city-scale IoT deployments [12, 13].

Localization in LP-WANs has the potential to contribute to a more sustainable
and eco-friendly living, firstly with their extensive coverage, they offer a robust foun-
dation for positioning and tracking systems in smart city environments [14]. Secondly,
by conserving precious battery life, making devices last longer between charges or
replacements but also through reducing costs associated with deploying and main-
taining GPS-based systems specially through ability to simultaneously use its signals
for communication and localization. While, GPS is said to be the most commonly
used method for outdoor localization [15], since they present accuracy in the range
between 1 to 10m in outdoor applications. However, their high power consumption,
expensive technology and extra power and bandwidth need to transmit their data
are considered to be drawbacks specially in the deployment of LP-WANs when cost,
power demand and bandwidth are valuable [15], encouraging the interest in finding
GPS-free solutions. GPS-free localization methods can be generally categorized into
signal-based and learning-based localization techniques [3].

The most significant signal-based techniques being, Power-based such as, Received
Signal Strength Indicator (RSSI), time-based such as Time of Arrival (ToA) and Time
Difference of Arrival (TDoA), and angle-based such as Angle of Arrival (AoA) meth-
ods [16]. Every method has its own pros and cons, making them useful in different
applications. In the realm of IoT localization, machine learning serves as a pivotal tool
in enhancing the accuracy and reliability of position predictions [17]. ML algorithms
can analyze wireless signal data to extract non-obvious patterns and correct for noise
introduced by multipath propagation, interference, and obstructions [3, 17]. Among
these, RSSI-based fingerprinting has gained traction, where signal features at known
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locations are stored in a database and matched during inference [11, 18]. However,
�ngerprinting su�ers from limitations in dynamic or outdoor settings due to envi-
ronmental changes that a�ect signal stability [19]. Integrating path-loss model into
distance metric learning helps overcome this limitation. To overcome this, hybrid mod-
els have been proposed that combine physical signal models with learning algorithms.
For instance, integrating a path-loss model into a distance-metric learning framework
helps improve robustness in outdoor settings. Additionally, temporal sequence models
such as Long Short-Term Memory (LSTM) networks have been used to exploit the
time-series nature of signal data [20, 21]. LSTM networks capture both short- and long-
term dependencies in RSSI or SNR sequences, enabling more accurate mobility-aware
localization.

In addition to LSTM, convolutional neural networks (CNN) have also played a
crucial role, especially when combined with LSTM in architectures designed for spa-
tiotemporal signal feature extraction. CNN-LSTM models have demonstrated high
localization accuracy in indoor settings using infrared sensor data [22] and BLE
beacons [23]. However, these approaches often rely on multiple gateways or labeled
datasets, which limits scalability in real-world urban deployments.

Despite these advancements, real-world studies examining LoRa propagation and
ML-based localization in outdoor, foliage-heavy or semi-urban environments remain
limited. To bridge this gap, [24] developed a vegetation-aware path-loss model for
Tunisian oases, highlighting the role of tree density and trunk size in signal atten-
uation. Similarly, [25] proposed an uplink path-loss model for the Amazon region,
showing improved accuracy over traditional models by incorporating vegetation e�ects
and node mobility.

Although various studies have examined the use of ML within localization in IoT
environments and the use of LSTM in time-series analysis, there is a lack of research
in exploring the capabilities of LSTM in time-series data for location proximity and
estimation, especially in outdoor environments.

Motivated by the simplicity and a�ordability of signal-based localization methods,
and the ability of learning-based approaches to overcome their inherent limitations,
this paper introduces a hybrid localization framework that combines machine learning
with an empirically enhanced path-loss model. Rather than estimating precise geo-
graphic coordinates, our approach predicts the sector location of a mobile LoRa node
using signal characteristics. By leveraging sequential RSSI, SNR, and timestamp data
collected from a single gateway, the system integrates a data-driven LSTM network
guided by a re�ned path-loss model to enable robust and e�cient location proximity
estimation.

This work provides the following key contributions:

1. Real-world deployment and dataset: We deployed a LoRaWAN system in Birm-
ingham city center using a single gateway and a mobile node, collecting a diverse
dataset across multiple campaigns and conditions.

2. Improved channel modeling: We re�ne the Birmingham path-loss model using
regression, k-means, and distribution-based clustering, achieving statistically sig-
ni�cant reductions in the mean absolute error compared to the Birmingham
baseline.
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3. Novel hybrid localization framework: We propose a location proximity predic-
tion method that integrates knowledge-driven path-loss models with a data-driven
LSTM, leveraging RSSI/SNR sequences and distance-aware transition matrices for
improved temporal prediction.

4. Robustness and ablations: We systematically evaluate robustness under noise injec-
tion, ablations with and without synthetic data, and comparisons against baselines
such as HMM and CNN-LSTM.

5. Practical implications: We demonstrate that meaningful accuracy gains ( 20% error
reduction) can be achieved with a single gateway, avoiding the cost and com-
plexity of multi-gateway TDOA/AoA systems while enabling scalable smart city
deployment.

The remainder of this paper is organized as follows. Section 2 reviews recent work
on signal-based and learning-based localization techniques in LPWANs. Section 3
details the data collection process, comparative performance and path-loss model eval-
uation. Section 4 describes the proposed data-driven LSTM model, including training
and validation. Section 5 presents experimental results, model comparisons,network
evaluation, cross-validation analysis and robustness analysis. Section 6 discusses prac-
tical implications, and Section 7 concludes the paper with a summary and future
directions.

2 Background Study

Since the integration of IoT with industrial and non-industrial applications, its pre-
dicted that the IoT end-nodes reaches tens of billions in this decade. Location-aware
IoT applications are at the forefront of Industry 4.0, which stresses the importance
of automation and seamless data sharing in manufacturing processes. Smart factories
use location data to optimize production lines, track inventory, and enhance worker
safety. Asset tracking, inventory management, and real-time logistics bene�t signi�-
cantly from accurate location estimation [26]. Based on the received data, decisions
and instructions are to be made.

In this section, we discuss research works, particularly related to location predic-
tion applicable in IoT and LP-WANs environment.

2.1 Localization within LP-WANs

Fingerprinting is routenely used for localization. Fingerprint is the work of collecting
data signals from the communication source being used, such as Wi-Fi, Bluetooth,
RFID, etc. Then, database can be built to link the known locations to their speci�c
signal characteristics (RSSI, ToA, etc.). For a device to be localized, it starts collecting
data from these known sources and hence creating a '�ngerprint' of their current
location, through comparing the �ngerprint to the reference data in the database;
the location can then be estimated [27]. However, the di�culty in characterizing the
complex nonlinear relationship between signal vectors accurately. Machine learning
and pattern recognition techniques are further developed to be incorporated [28]. As
a result, ML techniques in various location tracking and estimation methods has been
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the current focus of many researches. Alternatively, localization methods based on
angle and time have their own limitations such as, limited accuracy in non-line-of-sight
scenarios and the need for precise time synchronization [29].

Hybrid solutions have been investigated to overcome the limitations of traditional
localization methods. For example, in [30], the authors propose an outdoor �ngerprint-
ing scheme that combines Wi-Fi and OFDM signal values as input to an LSTM-based
network.

LPWANs have recently gained wide popularity, primarily due to their low-power
requirements and the resulting longer device lifetimes. Sensors in such networks can
reliably capture environmental data and transmit them through di�erent LPWAN
technologies. In [31], RSSI �ngerprinting was analyzed under both line-of-sight (LOS)
and non-line-of-sight (NLOS) environments, highlighting the variability of perfor-
mance across conditions. Similarly, [32] examined the Adaptive Data Rate (ADR)
feature in LoRaWAN as an optimization method to enhance throughput, energy
e�ciency, and scalability. Their results show that machine learning algorithms can
leverage RSSI values to estimate the number of obstacles a�ecting transmission.

Another notable work, LoRaLoc [33], leverages TDOA measurements generated
by a LoRa network. GPS locations serve as ground truth, while machine learning
models such as Random Forests and Neural Networks are trained on a reference map
to perform localization. The evaluation in this study was based on simulated data.

In contrast to these prior approaches, which often rely on multiple technologies,
external ground-truth data, or location history, our work investigates whether a single
LoRa gateway and sequential packet transmissions can be used to predict device
location. This approach reduces overhead and infrastructure requirements while still
enabling accurate localization.

2.2 Path loss and Propagation Models

The loss of signal power during propagation can be in
uenced by various factors,
including free space loss, di�raction, re
ection, and absorption. Due to variations in
urban structures, terrain pro�les, and climate, path loss (PL) predictions can di�er
signi�cantly across di�erent propagation models. Accurate path loss estimation is
essential for base station coverage areas and interference analysis [34].

The conventional path loss model is usually depicted by a log-distance power
law, that related the PL to the distance covered by a signal logarithmically, and the
distance's power is considered as the propagation exponent. To achieve the best �t of
the collected data points with the PL model, it's necessary to identify the propagation
exponent that minimizes the root mean square deviation of the data points from the
model.

However, the path loss model is signi�cantly in
uenced by propagation conditions
and the range of operation. Traditional PL models cannot accurately estimate a highly
variable ranging function. Therefore, we explored di�erent regression and machine
learning models to account for the variability in the ranging function. Additionally, we
considered several reference path loss models, such as the Free Space Model, Okumura-
Hata and Cost 231-Hata.
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Recently, many researches conducted real LoRa experimentation such as Oulu,
Finland [35] and Dortmund, Germany [36], where authors test di�erent published
path-loss models and check their capabilities against their collected signal mea-
surements from a LoRa test deployment and further contribute to enhance their
predictions. Given the characteristics of the city, including its geographical loca-
tion and surrounding terrain, both studies developed their own tailored propagation
models for the application of LoRaWAN in their respective areas and comparable
environments.

The work in [37] included the comparison of di�erent empirical models against
their own collected measurements in search of the most adequate model to represent
their data. The work done in this paper in �nding a path loss model representing the
data collected and its comparative performance to other models is discussed further
in section 3.5 and was published in [38] for more detailed information.

2.3 LSTM RNNs Overview

Long short-term memory (LSTM) are a type of neural network that is particularly
well-suited for processing sequential data. In an LSTM, the input to the network's
hidden layers consists of both the input features at the current timestep and the hid-
den activation from the previous timestep using a memory cell, that has selectively
retained and updated information over the time steps. It allows to process information
along a entire sequence. For this reasons, LSTMs capture long-range dependencies in
data, crucial for tasks like time-series analysis in �elds like predicting petroleum pro-
duction, �nancial market prediction and more [39]. Furthermore, a multi-step LSTM
network is highly e�cient at automatically learning features from time series and
sequence data [40].

LSTM has been successfully applied in various �elds, as noted in [39]. LSTM
models have enhanced Google's speech recognition, signi�cantly improved machine
translations on Google Translate, and re�ned responses from Amazon's Alexa. The
study by [41] utilized LSTM for weather forecasting, highlighting the limitations of tra-
ditional prediction techniques and demonstrating how LSTM can overcome these by
holding onto relevant information and discarding trivial data. The authors concluded
that LSTM exhibits substantial performance in numerous real-world applications.

In [42], the authors proposed a hybrid CNN-LSTM model for time series data pre-
diction to analyze and forecast air pollution. The paper outlines the shortcomings of
traditional prediction models based on statistical methods and showcases the poten-
tial of deep learning to enhance predictive accuracy across various domains dealing
with time series data. LSTM models are often preferred over transformer models due
to their lower power consumption and faster inference times, as discussed in [43]. How-
ever, the article does not provide an in-depth analysis of the model's performance or
a comparative performance with other prediction models.

There has been a shift in location prediction techniques as recent studies have
explored the use of machine learning to better capture user behavior patterns. In [44],
two sequence-based frameworks employing LSTM and �ngerprinting for multi-point
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Fig. 1 : Flowchart of the proposed location prediction framework

outdoor localization in wireless networks were introduced. They proposed using Bi-
LSTM to improve localization accuracy through bringing prior and future information
to achieve a lower parameters usage.

3 Methodology

In this section, we start by clarifying and formulating our problem mathematically.
Then, we outline and examine the architecture of the proposed data-driven LSTM
system as shown in Figure 1, with its three main components. Firstly, we present the
LoRa node deployment and data collection system and how We analyze the signals
obtained from the inertial sensors during the experiment to map the trajectories. Sec-
ondly, we explain in details the pre-processing, the data collected undergoes before
developing the most-suited channel model and its comparative performance to previ-
ously well-established models. Lastly, we present our data-driven model with its layers
and the concatenation with our presented model.

3.1 Problem Formulation as a Sector Estimation Task

We consider a LoRaWAN deployment consisting of a single gateway and a mobile
transmitting node. The gateway receives uplink packets transmitted by the node over
time. The objective of the proposed framework is to exploit temporal sequences of
received packets, without introducing additional communication overhead, to infer the
spatial location of the transmitting node relative to the gateway. For a given useru,
the gateway observes a sequence of received packets over time. Each received packet
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is associated with a feature vector

xu;t =
�
indexu;t ; timeu;t ; RSSu;t ; SNRu;t

� >
; (1)

where indexu;t denotes the packet index used for temporal segmentation, timeu;t is the
reception timestamp, and RSSu;t and SNRu;t represent the received signal strength
and signal-to-noise ratio, respectively. Over a temporal window of lengthT, the
observed signal sequence for useru is given by

X u = f xu; 1; xu; 2; : : : ; xu;T g: (2)

The sequence lengthT may vary due to packet loss and asynchronous packet reception.
During data collection, the transmitting node is equipped with a GPS receiver,

providing latitude and longitude measurements (Latu;t ; Lonu;t ). These coordinates are
used only during training and evaluation to derive ground-truth spatial labels and
to estimate propagation-related quantities. To incorporate propagation-aware infor-
mation, large-scale path-loss characteristics are estimated from the received signal
measurements and used as intermediate, channel-aware features. These features cap-
ture distance-dependent attenuation trends and complement the raw RSS and SNR
measurements when forming the input sequences to the temporal inference model.

Rather than estimating continuous coordinates directly, the coverage area of the
gateway is partitioned into 3 angular sectors. Each sequenceX u is assigned a ground-
truth sector label

su 2 f 1; 2; 3g; (3)

derived from GPS measurements of the transmitting node and its azimuth angle
relative to the gateway. Localization is thus reformulated as a sector estimation prob-
lem, which is well-suited to single-gateway scenarios where �ne-grained ranging is
inherently ambiguous.

Given an observed sequenceX u , the localization task is to estimate the sectorsu

in which the user is located. This is formulated as a probabilistic estimation problem,
where a parameterized modelf � (�) maps the input sequence to a posterior probability
distribution over sectors,

pu = f � (X u ); (4)

with pu = [ pu; 1; pu; 2; pu; 3]> and
P 3

k=1 pu;k = 1. The estimated sector is obtained via
a maximum a posteriori (MAP) decision,

ŝu = arg max
k2f 1;:::; 3g

pu;k : (5)

3.2 Optimization Objective

The learning objective is to estimate the model parameters� that minimize the empir-
ical risk over the training dataset. In particular, we adopt the categorical cross-entropy
loss, yielding the following optimization problem:
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�̂ = arg min
�

1
N

NX

u=1

KX

k=1

(� I [su = k] log (pu;k )) ; (6)

where I [�] denotes the indicator function, K is the number of classes (sectors), and
pu;k represents the predicted posterior probability that sequenceX u belongs to class
k. Minimizing this objective corresponds to maximum likelihood estimation under a
multinomial output distribution. This formulation encourages the temporal inference
model to assign high posterior probability to the true sector label while exploiting
temporal dependencies within the received signal sequences. During inference, sector
estimation is performed via a maximum a posteriori (MAP) decision based on the
learned posterior distribution, as de�ned in the previous subsection.

3.3 System Model and Data Generation

The system considered in this work consists of a single LoRaWAN gateway receiving
uplink transmissions from a mobile end device. Although measurements are collected
from a single user, the dataset spans a wide range of spatial locations, distances,
and angular sectors as the device moves within the gateway coverage area. Each
received packet is characterized by RSSI and SNR measurements, which are inherently
a�ected by distance-dependent path loss, shadowing, measurement noise, and packet
loss typical of LPWAN deployments.

Rather than assuming a �xed analytical channel model, the proposed framework
adopts a data-driven formulation in which channel variability and noise are handled
empirically. Temporal packet sequences capture mobility-induced signal evolution,
while robust path-loss regression and outlier handling mitigate large-scale variabil-
ity. Additional robustness to realistic impairments is evaluated through controlled
RSSI perturbations, packet-loss sensitivity analysis, and temporal ablation studies
presented in the Results section.

Data diversity is therefore achieved through spatial mobility, temporal sampling,
and sector-based partitioning, enabling the model to observe multiple channel real-
izations across time and space despite the use of a single mobile node. Details of
the experimental setup, gateway con�guration, and measurement environment fol-
low the methodology described in our prior work [38], which provides a detailed
characterization of the LoRaWAN testbed and data collection procedure.

3.4 Experimental Setting & Data Acquisition

As depicted in the top block of the 
ow diagram in Figure 1, we start our process by
setting up an LPWAN testbed at Birmingham City University (BCU), UK, utilizing
LoRa technology. We employ an o�-the-shelf LoRa node provided by The Things
Network (TTN), speci�cally "The Things Uno" (illustrated in Figure 3a). The Things
Uno node is built on the Arduino Leonardo and includes an added LoRaWAN module,
Microchip (RN2483 - class A protocol stack) [45].

We enhance the node by integrating a GPS module for ground-truth measure-
ments. The Adafruit 746 GPS module, which uses the MTK3339 GPS System on
Chip (SoC), can track up to 22 satellites across 66 channels and has a sensitivity of
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-165 dBm. The LoRa node transmits data packets to the LoRaWAN gateway using
LoRaWAN modulation operating at 868 MHz (within the ISM band in Europe) with
a receiver sensitivity up to -148 dBm.

The measurement system includes a single LoRa MultiConnect Conduit IP67 Base
Station (illustrated in Figure 3b). While the TTN node is mobile and can be eas-
ily carried around the campus vicinity, the LoRa MultiConnect Conduit is installed
indoors on campus. Table 1 presents more information on the equipment used in our
deployment.

(a) (b)

Fig. 2 : Experimental Data collected. a): Gateway and all data points. b): Showing
Sectors division Q1 in red 1181 points, Q2 in magneta 729 points and Q3 in blue 524
points.

Table 1 : Characteristics of MultiTech GW and The TTN

Characteristic Gateway Node

Module MTCDIP-LEU1-267A-868 The Things Uno
LoRa Chip - Microchip RN2483 LoRa
Operating Frequency 867.9 867.9
Modulation LoRa LoRa
SF 12 12
Coding Rate 4/5 4/5
Rx Input Sensitivity (dB) - -148
Tx Power 14 dBm -
Rx current consumption - 14.2 mA

The mobile node is encoded to transmit packets at a constant rate of a packet
every 20 sec, which is further used to calculate the packet delivery ratio for every
stop. The time spent at each stop is kept to 2 min. for equality in data collection.
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The experimentation stage included data collection from di�erent paths as shown in
Figure 2a, although the time spent at every stop was equal, still the map shows that
for some locations, the reception failed. That might be due to obstructions in the
terrain or re
ections from buildings in the surrounded area.

The data collected by the node, transmitted to the gateway is then saved on an
online console through UDP/IP protocol. The LoRa data received and stored is of
a sequential nature, that is limited by the data and coding rate chosen within the
LoRAWAN settings along with the encoded chosen settings mentioned before. The
database was further �ltered from incomplete packages and duplicates before further
processing. The �ltered received data was then used to form a database in the form
of ; index, time, latitude, longitude, RSS and SNR values.

The dataset inherently includes dynamic mobility, as the LoRa node was mobile
during all campaigns. Measurements were collected along varying paths across dif-
ferent days and environmental conditions, ensuring that the training and evaluation
data re
ect realistic temporal and spatial variability. Multipath fading was natu-
rally present due to the dense urban setting (city center with building re
ections and
obstructions). Additionally, augmentation via jitter/noise injection further emulates
fading. Although explicit LOS/NLOS labeling was not performed, the Birmingham
city-center dataset inherently includes numerous NLOS conditions due to dense urban
morphology. Thus, the LSTM was trained and tested on a realistic mixture of LOS
and NLOS links, supporting its applicability in obstructed environments.

(a) (b)

Fig. 3 : Measurement setup. a): TTN node. b): MultiConduit gateway.

3.5 Developed Path loss model and Comparative Performance

As discussed earlier, it is important to have a robust estimation of the power loss
against distance i.e path-loss for the area in concern. In our work, our data was experi-
mentally collected in Birmingham,UK, with no empirical path loss models speci�cally
designed for the area to adopt. Although, similar LoRaWAN research was conducted
in di�erent cities, still to ensure precise localization, it is essential to develop an
accurate path-loss model for the speci�c environment in advance [46].
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Indeed, well-established models like Okumura Hata and Cost 231-Hata were ini-
tially tested but were not able to represent the propagation well in Birmingham
(discussed in details in sec. 3.5). Therefore, we formulated a model for Birmingham
and similar geographical urban areas.

The initial �t model of the collected data is determined using eq. 7 as reference,
with the average PL:

PLavg = B + 10n log10(d � 10� 3); (7)

where the distanced is given in m , B de�nes the PL intercept and n being the PL
exponent.

We utilized a function based on minimizing the mean square error to for-
mulate a suitable regression model. The cost function identi�ed by J (� ) :=P

i jjRSSImodel (di ; � ) � RSSI i jj2, where i corresponds to thei th measurement, and
� 2 R2 are the parameters of the path loss model:� := ( B; n ). The optimal parameters
� ? of the model are then obtained by minimization of J , such that � ? = argmin

� 2 R2
J (� ),

following the derivative-free Nelder-Mead method [47]. To further enhance the initial
regression model, data outlier detection and elimination is considered.

In [48], the authors introduced a data outlier detection method utilizing the median
absolute deviation (MAD) as a more robust and e�ective approach for measuring the
dispersion of data points.

In statistical modeling, regression analysis is considered a collection of techniques
used to evaluate the relationships between variables. It is essential to highlight that
the path loss exponent (n) plays a signi�cant role in the design of radio signal prop-
agation. By applying linear regression analysis, (n) can be identi�ed by minimizing
the divergence between the measured values (Pm) and predicted values (P r ).

To compare the accuracy of the propagation models used in our study, we
consider the following statistical parameters � i = RSSIestimate � RSSImeasured ,

j� yj = 1
N

P N
i =1 j� yi j and � e =

q
1
N

P N
i =1 (� i � j � yj)2. Where j� yj is the mean abso-

lute error and the � e is the standard deviation of the estimated error. N is the total
number of data samples collected and �i represents the di�erence between the esti-
mated and measured samples. Table 2 highlights the results. The model accurately
estimated the RSSI values for distances up to 600m but showed deviations at greater
distances. Meanwhile, both the OH and COST-231 models yielded the least precise
estimations of the RSSI in Birmingham, with j� yj values of 13.52 and 13.34, indicating
signi�cant variations across both short and long distances.

Figure 4 shows a comparison of exponent (n) and intercepts (B ) obtained in dif-
ferent environments. Although the Oulu and Dortmund models display similar initial
PL intercept values, the proposed regression model for Birmingham has a higher PL
intercept value. The intercept re
ects the shadowing e�ect caused by power losses
when signals propagate through obstacles. This di�erence could be attributed to BCU
being surrounded by several tall and large buildings, while Oulu is situated near a
waterfront.
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