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ABSTRACT

Internet of Things (IoT) technologies and applications have surged across various environ-
ments; urban and remote environments have amplified the need for energy-efficient and
accurate localisation techniques. Low-Power Wide-Area Networks (LPWANS) operate in-
dependently for extended periods, making understanding the communication channel be-
tween end nodes and gateways crucial for network range, performance, and profitability.
This research addresses the challenge of node localisation in LoRaWAN-based [oT networks
by proposing a data-driven, GPS-independent framework utilising Long Short-Term Mem-
ory (LSTM) neural networks, constrained to single-gateway, sector-level classification across

three angular sectors.

The study begins with the design, deployment, and analysis of a real-world LoRaWAN
network across a defined urban area in Birmingham, UK. Through extensive field experi-
mentation, empirical path-loss models were derived to characterise the radio environment,
capturing spatial signal attenuation under diverse conditions. The Birmingham-specific re-
gression model yielded a path-loss exponent of n = 2.52 and intercept B = 130.85 dB,
outperforming classical models (Okumura-Hata and COST-231) with a mean absolute error
of 9.93 dB. These models formed the basis for generating synthetic Received Signal Strength
(RSS) values, augmenting the original dataset and addressing the imbalance in sector-wise
data distribution. Statistical validation confirmed KDE divergence values below 1.71 x 10~*
between real and synthetic distributions, ensuring the fidelity of synthesised samples for

training.
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Subsequently, a deep learning localisation model was developed using LSTM networks,
trained solely on time-series RSS (Received Signal Strength) and SNR (Signal-to-Noise Ra-
tio) values of sequentially received packets. The proposed LSTM framework achieved an
overall classification accuracy of 72.1% (single split) and 68.8% =+ 2.2% across five-fold cross-
validation, with balanced accuracies of 0.72-0.80 per sector. The architecture outperformed
a CNN-LSTM hybrid (65% accuracy) and static baseline models; including SVM (30.9%),
kNN (27.0%), Logistic Regression (30.0%), and HMM (46.1%). Statistical validation via
McNemar’s test confirmed the significance of improvement over the CNN-LSTM baseline
(x* = 9.26, p = 0.0023). Noise-injection experiments demonstrated accuracy stability at ap-
proximately 58% under Gaussian RSSI perturbations of up to 5 dB, confirming resilience

to real-world signal fluctuations.

This study presents a unified methodology for coarse-grained, single-gateway locali-
sation using only sequential RSSI and SNR measurements, without relying on dense infras-
tructure or GPS hardware, providing an extensible foundation for next-generation IoT and

smart-city deployments.
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Chapter 1

Introduction

With the exponential growth of Internet of Things (IoT) devices connectivity on the road of
digitalising everyday life and the expectation of the market growth for manufacturing IoTs
from the value of $326.1 billion in 2021 and to reach $1742.8 billion by 2030 (Okokpujie and
Tartibu, 2024), existing communication technologies are faced with new challenges to fulfill
the life quality promised. Those challenges include assured connectivity with low-power

demand to increase the devices’ lifetime, long range, low data rate and cost-effectiveness.

Low-powered wireless area networks (LP-WANSs), often associated with [oT and Wire-
less Sensor Networks (WSNs), are designed to operate efficiently with limited energy re-
sources. Technologies such as Sigfox (UnaBiz, 2021) and Long Range (LoRa) (Alliance,
2015) offering optimised device cost, higher coverage when compared to LTE and low-power
utilisation, has facilitated the maturation of Smart Cities. These networks encompass a wide
range of applications, from environmental monitoring (Nor, Zaman, and Mubdi, 2017) and
healthcare to smart cities (Mdhaffar et al., 2017) and industrial automation. With their
abilities to communicate at lower power levels and lower transmission rates less than 150
kb/s over a radius that can reach up to several kilometers (Popli, Jha, and Jain, 2018),

making them an attractive solution for event-based IoT applications.

This thesis addresses the challenge of infrastructure-independent, data-driven locali-

sation using signal-based features and machine learning, particularly in LoRaWAN networks.
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1.1 Research Motivation and Question

Accurate location estimation is a critical challenge in Low-Power Wide-Area Networks (LP-
WANSs), particularly for IoT applications such as environmental monitoring, asset tracking,
and smart agriculture. This ease and accessibility of using electronics has created a large
demand for electronic gadgets, making the Internet of Things (IoT) a large area of interest.
The economic benefits of IoT in additive and advanced manufacturing, on the other hand,
outweigh the hurdles. Improved efficiencies, lower prices, and higher quality contribute to

increasing competitiveness (Okokpujie and Tartibu, 2024).

Traditional localisation methods, including Global Navigation Satellite Systems (GNSS),
are often power-intensive and unreliable in obstructed environments such as urban canyons
and dense forests. LoRaWAN, a leading LPWAN technology, offers long-range, energy-
efficient communication, but its inherent limitations —such as signal attenuation, multipath

fading, and network constraints— pose challenges for precise localisation.

It is important to note that the term “localisation” in this thesis refers specifically to
sector-level classification; the prediction of the angular quadrant in which a LoRaWAN node
resides relative to a single gateway, rather than the estimation of precise Cartesian coordi-
nates. This distinction is deliberate: given the constraints of a single-gateway deployment
and the inherent variability of LoRaWAN signal propagation, coordinate-level positioning is
neither feasible nor the objective of this work. Instead, coarse-grained, region-level inference
from sequential signal features is pursued as a practical and energy-efficient alternative to

GPS-dependent or infrastructure-intensive positioning systems.

Recent advancements in machine learning have demonstrated significant potential
in improving location accuracy by leveraging signal-based features such as Received Sig-

nal Strength Indicator (RSSI), Time Difference of Arrival (TDoA), and other propagation
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characteristics. However, existing models often suffer from data sparsity, environmental
variability, and limited generalisation when applied across different terrains and deployment

scenarios.

Despite significant advancements in LoRaWAN localisation, several gaps remain un-
addressed. Firstly, most studies are confined to simulated environments. Real-world data-
driven localisation models are scarce, resulting in insufficient validation of their practical
performance. Secondly, while LSTM-based approaches show promise, hybrid models com-
bining other neural architectures (like CNN) and adaptive path loss estimation remain un-
derexplored. Finally, few models explicitly account for noise in real-world LoRaWAN signals,

despite its significant impact on localisation accuracy.

This research aims to develop a robust and scalable machine learning data-based
localisation framework for LoRaWAN networks using real-world experimental data. The re-
search also focuses on maintaining low-power consumption through exploring the limitations
of utilising a single gateway for locating the node. By leveraging supervised and unsuper-
vised learning techniques, the study seeks to improve localisation accuracy while addressing
key challenges such as environmental dynamics, hardware variability, and computational
efficiency. The outcomes of this research will enhance the feasibility of LoRaWAN-based

localisation for large-scale IoT deployments in outdoor environments.

This research formulates the core problem as: Can temporal signal features (e.g.,
RSSI, SNR) from LoRaWAN devices be used to accurately infer spatial zones

using machine learning, without relying on GPS or external anchors?

To address this question, it is divided into the following sub-questions:

1. What are the key limitations of existing LoRaWAN-based localisation techniques in

outdoor environments, and how do environmental factors impact localisation accuracy?
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2. How can machine learning models be optimized to improve localisation accuracy in

LoRaWAN networks while maintaining computational efficiency?

3. What are the most relevant signal features (e.g., RSSI, TDoA, SNR) that contribute

to accurate location estimation using LoRaWAN?

4. How can experimental data collection and preprocessing be designed to enhance the

robustness and generalisability of machine learning-based localisation models?

5. Can a hybrid machine learning approach (e.g., combining supervised learning with
probabilistic models) improve the performance of LoRaWAN localisation compared to

traditional empirical models?

6. What are the trade-offs between localisation accuracy, power consumption, and scala-

bility in real-world LoRaWAN deployments?

1.2 Aim and Objectives

The main aim of this work is to develop a data-driven, GPS-independent localisation frame-

work for LoRaWAN devices using LSTM-based learning models.

1. Experimentally characterise signal propagation in a real-world LoRaWAN deployment.

2. Develop empirical and analytical path loss models to describe the propagation envi-

ronment.
3. Synthesize realistic RSS data to augment underrepresented regions in the dataset.
4. Design and implement LSTM models for classification-based localisation.

5. Evaluate the system’s performance under varying environmental and spatial conditions.
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1.3 Scope and Delimitation

This study focuses on urban and campus-scale outdoor environments where LoRaWAN cov-
erage is available. Localisation is limited to 120 angle sector-based classification, representing
coarse-grained location prediction rather than exact coordinates. The proposed methodology
uses only RSSI, SNR, and derived features, deliberately excluding GPS and other external

references to maintain generalisability and low power consumption.

1.4 Methodology

1.4.1 Research Design and Methodological Approach

This thesis adopts an experimental, data-driven research approach, combining real-
world empirical data collection, physical signal modelling, and supervised machine learning
within a unified investigative framework. Rather than relying on simulation or theoretical
derivation alone, the research is grounded in measurements collected from a live LoRaWAN
deployment in Birmingham City Centre, ensuring that all modelling assumptions and learn-
ing outcomes are validated against real propagation conditions. This positions the work
within the applied engineering research tradition, where scientific rigour is demonstrated
through experimental reproducibility, statistical validation, and quantitative performance
evaluation rather than purely through mathematical proof. The methodology integrates
three complementary research activities that are deliberately sequenced but mutually de-
pendent: (1) experimental data collection, in which a real-world LoRaWAN testbed is
designed, deployed, and used to gather empirical RSSI and SNR measurements across a
defined urban environment; (2) empirical propagation modelling, in which the collected

data is used to derive and validate a Birmingham-specific path-loss model that characterises
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the physical signal environment; and (3) supervised sequential learning, in which the val-
idated propagation model and collected measurements are integrated into an LSTM-based
classification framework for GPS-free sector-level localisation. Each activity informs and
enables the next, forming a coherent research pipeline that progresses from physical obser-
vation through mathematical modelling to data-driven inference. The specific steps within
this pipeline are detailed below. The complete workflow is summarized in Figure 1.1. The
numbered steps below elaborate each phase of this workflow in sequence, from the initial
literature review through to the final integration and evaluation of the proposed localisation

framework, mapping directly onto the chapters that follow.

1. Literature Review of LP-WAN localisation Techniques: through conducting an in-
depth survey of existing localisation methods within LP-WANs, focusing on technolo-
gies such as LoRaWAN and identify commonly used methodologies, their limitations,
and opportunities for enhancement. Establish a baseline understanding of the strengths

and weaknesses in current approaches.

2. Selection of Suitable Technologies and Techniques: Extract and justify a suitable com-
bination of technology, methodology, and technique based on findings from the litera-
ture review. Focus on technologies with the most promise for GPS-free localisation in

outdoor LP-WAN environments.

3. Framework Proposal and Conceptualization: Further investigate the selected approach
and propose a novel conceptual framework for outdoor localisation using LP-WANs.
Most importantly, define how the framework integrates empirical modeling with ma-

chine learning for enhanced accuracy.

4. Preliminary Simulation Using MATLAB: Perform initial simulations to validate the
feasibility of LoRaWAN-based localisation models using MATLAB. This aims to assess

the basic performance metrics and behaviors under simulated environments.
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5. Review of Machine Learning Techniques for localisation: Explore state-of-the-art ma-
chine learning algorithms, particularly those used for spatial and temporal prediction
tasks. Emphasize sequence-based models like LSTM due to their ability to model time

series data effectively.

6. Empirical LoRaWAN Network Deployment: Design and deploy a real-world LoRaWAN
network to collect signal data. Use the deployment to test model hypotheses and gather

training and validation data for the machine learning model.

7. Development and Simulation of an LSTM Model: Build an LSTM-based architecture
tailored for location prediction using collected time series data. Experiment with var-

ious hyperparameters and network depths to optimize model performance.

8. Path Loss Model Calibration and Comparison: Derive an empirical path loss model
from the experimental data. Evaluate the model against existing standard path loss

models to validate accuracy and applicability.

9. Final Implementation of the LSTM-Based localisation System: Integrate the empirical
model and LSTM network into a unified GPS-free localisation solution. Evaluate
system performance in terms of localisation accuracy, robustness, and scalability in

the outdoor LoRa environment.

This structured methodology ensures a logical progression from theoretical founda-
tion to experimental validation. Critically, the relationship between path-loss modelling and
machine learning in this framework is not merely sequential but fundamentally interdepen-
dent. The empirically derived path-loss model serves two critical roles in supporting the
learning pipeline: first, it provides physically grounded synthetic RSS values used to aug-
ment underrepresented spatial regions in the training dataset, ensuring that the LSTM is

exposed to signal patterns consistent with real propagation behaviour rather than arbitrary
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noise; second, model-derived distance estimates and near/far-field regression parameters are
incorporated directly as input features to the LSTM, enriching the temporal signal repre-
sentation beyond raw RSSI and SNR values. In this way, the physical characterisation of
the channel directly informs both the quality of training data and the discriminative power
of the learned features — linking empirical modelling and machine learning under a unified

framework for practical LoRaWAN localisation.

1.5 Contributions

e Deploying a simple operative single-gateway LoRa network within Birmingham while
providing an unprecedented coverage map showing the estimated RSS for covered dis-

tances.

e Development of a well-established and published path loss model for Birmingham City-

Centre, combining near-field and far-field regimes.

e A statistically validated RSS data synthesis technique to address spatial data imbal-

alce.

e Proposing, testing and validating a data-driven LSTM framework for quadrant clas-
sification utilising a single gateway. LSTM was selected over static classifiers due to
the inherently sequential nature of LoRaWAN packet reception, where signal strength
and noise ratio vary temporally as environmental conditions change, making tempo-
ral dependency modelling essential. Furthermore, LSTM’s gating mechanism allows it
to retain relevant long-term signal patterns while discarding transient noise, which is

particularly valuable in a single-gateway scenario.

e A comprehensive validation framework for single-gateway LoRaWAN localisation The

framework was comprehensively assessed using classification accuracy, balanced ac-
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curacy per sector, macro Fl-score, precision and recall, and statistical significance
testing, going beyond the accuracy-only reporting typical of existing LoRaWAN local-
isation studies. The framework additionally incorporates spatial consistency analysis
through angular error metrics, robustness assessment via controlled Gaussian noise
injection across varying RSSI perturbation levels, and computational efficiency char-
acterisation to confirm suitability for resource-constrained gateway deployment. This
validation methodology is itself a transferable contribution, providing a rigorous and

reproducible benchmarking approach for future single-gateway localisation research.

1.6 Thesis Outline

The documentation of the thesis is organised as follows: Chapter 1 introduces the research
motivation, objectives, and contributions. Chapter 2 extensively reviews the state-of-art
localisation techniques and methodologies used within LP-WANs, discussing their advantages

and limitations. Moreover, it reviews the related machine learning techniques for localisation

within LPWANs and LoRaWANSs in particular.

Chapter 3 introduces the theoretical foundations and methodological framework un-
derpinning this research. It explores key concepts in LoRaWAN communication, empirical
and machine learning-based path loss modeling, and presents the rationale for adopting Long

Short-Term Memory (LSTM) networks for time-series-based localisation.

Chapter 4 starts by simulating LoRaWAN to test its theoretical boundaries and build-
up the need for experimental deployment. The experimental work is further discussed thor-

oughly, highlighting the various experiments and data collection process.

Chapter 5 discusses the processing of the data collected after experimentation, the

10
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outlier detection and elimination process, the initial regression and its comparative perfor-
mance to various empirical path loss model to finally formulate a well-established path loss

model for LoRaWAN propagation within Birmingham.

Chapter 6 presents the development and evaluation of the proposed data-driven Long
Short-Term Memory (LSTM) localisation framework, which integrates the previously derived
path loss features with sequential signal data to enable single-gateway, sector-level position

estimation.

Chapter 7 concludes the developed methodologies in the work, highlights the advan-

tages and their limitations and outlines the future work.

11
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Literature Review

2.1 Introduction

Before reviewing localisation techniques, it is useful to briefly orient the reader to the key
signal characteristics of LoRaWAN that underpin the methods discussed throughout this
chapter. LoRaWAN (Long Range Wide Area Network) is a low-power wide-area network
protocol that employs Chirp Spread Spectrum (CSS) modulation, operating in sub-GHz
ISM bands (868 MHz in Europe) to achieve communication ranges of up to 15 km in urban
environments. Two signal-level parameters are of particular relevance to localisation: the
Received Signal Strength Indicator (RSSI), which quantifies the power level of a received
packet in dBm and serves as a proxy for transmitter-receiver distance, and the Signal-to-
Noise Ratio (SNR), which captures the ratio of signal power to background noise and reflects
link quality under varying propagation conditions. Both parameters are passively available
at the gateway without additional hardware, making them the primary features exploited
by the localisation approaches reviewed in this chapter. A fuller technical treatment of Lo-
RaWAN fundamentals, modulation parameters, and propagation characteristics is provided

in Chapter 3.

The rapid expansion of the Internet of Things (IoT) has fueled the deployment of
Low-Power Wide-Area Networks (LPWANSs), with LoRaWAN emerging as one of the most

prominent protocols due to its long communication range, low power consumption, and

12
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scalability in dense environments. However, it was not originally designed with localisation
in mind, and thus, several challenges arise when using it for geolocation purposes. These
include high signal variability, limited bandwidth, and the absence of dedicated localisation

infrastructure.

Traditional positioning systems such as the Global Positioning System (GPS) provide
high accuracy but are often energy-intensive, cost-prohibitive for large-scale deployments,
and unreliable in obstructed or indoor environments. Consequently, researchers have in-
creasingly explored alternative, infrastructure-independent localisation methods tailored to

Low Power Wide Area Networks (LPWANSs), particularly LoRaWAN.

This chapter critically reviews the body of literature that forms the foundation of
this research. It begins with a review of LoRaWAN and existing IoT localisation techniques,
highlighting the unique characteristics and limitations of LoRa-based positioning. Following
this, the chapter delves into empirical and experimental approaches to path loss modeling
within IoT networks — an essential component for understanding signal behavior in real-
world deployments. Next, the review explores how machine learning has been leveraged both
for enhancing path loss models and for performing localisation directly from signal features.
Given the increasing complexity of [oT environments and the availability of large-scale signal
data, learning-based approaches — particularly those involving time-series models — offer

a compelling alternative to traditional techniques.

Finally, the chapter presents a synthesis of the reviewed studies and identifies key gaps
in the literature, particularly in the integration of signal modeling, data augmentation, and
deep learning-based classification for GPS-independent localisation. These gaps establish
the rationale and direction for the methodology and experimental design adopted in this

thesis.

13
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2.2 LoRaWAN and IoT localisation Techniques

Accurate localisation is a fundamental requirement in Internet of Things (IoT) networks,
enabling a wide spectrum of applications including asset tracking, smart agriculture, indus-
trial automation, and logistics. While technologies such as GPS offer high precision, their
cost, energy consumption, and limited indoor performance make them impractical for many
[oT scenarios. Consequently, research has increasingly focused on alternative localisation

techniques that leverage the communication infrastructure itself — especially within Low

Power Wide Area Networks (LPWANS) like LoRaWAN.

LoRaWAN-based localisation techniques are gaining increasing attention due to the
inherent low-power and long-range capabilities of LoRaWAN networks. The primary chal-
lenge lies in achieving accurate localisation without relying on GPS. localisation in LPWANSs
is generally achieved using received signal strength indicator (RSSI), time difference of ar-
rival (TDoA), angle of arrival (AoA), fingerprinting, or hybrid techniques. Each method
has its advantages and limitations in terms of accuracy, power efficiency, and deployment
complexity. LoRaWAN-based localisation techniques leverage a mix of these approaches to
compensate for LoRa’s limited bandwidth and susceptibility to interference. This section ex-
plores the current landscape of LoRaWAN-based IoT localisation techniques and categorizes

them into core methodological classes.

Outdoor localisation is a critical requirement for many IoT applications, particularly
in smart cities, environmental monitoring, and asset tracking. In (Magsi et al., 2023), au-
thors conducted an experimental evaluation of trilateration-based outdoor localisation using
LoRaWAN. Trilateration is a classical localisation technique that estimates the position of a
device based on distance measurements from multiple known reference points. The research
found that while trilateration is feasible, it suffers from accuracy degradation due to signal

interference and environmental factors.

14



Literature Review

2.2.1 Coarse vs Fine-Grained localisation Techniques

localisation techniques for LoRaWAN can be broadly classified into coarse-grained and fine-
grained approaches. Coarse-Grained Methods such as centroid localisation or zone-based
RSSI classification provide approximate location estimates sufficient for region-level tracking.
They are computationally lightweight and energy-efficient but limited in resolution (Coluc-
cia and Fascista, 2019). While Fine-Grained Techniques like multilateration using TDoA,
fingerprinting with RSSI or Channel State Information (CSI), and machine learning-based
regression models deliver higher precision. However, they require dense infrastructure or in-
tensive pre-processing, which may not always be feasible in real-world LPWAN deployments.
Authors in (Pospisil, Fujdiak, and Mikhaylov, 2020) examined TDoA-based localisation us-
ing LoRaWAN as an effective technique. The work found that while TDoA provides better
accuracy than RSSI, it requires synchronized gateways and higher network density to be
effective. Moreover, work in (Y. Li et al., 2021) proposed a public LoRaWAN-based vehicle
localisation system, highlighting the feasibility of tracking moving objects over LPWANSs

with adaptive positioning algorithms.

2.2.2 GPS-Free Localisation Approaches

Given the power and cost constraints of GPS modules, GPS-free localisation is a growing
research focus for LPWAN-based IoT systems. These approaches include RSSI-Based Fin-
gerprinting, that uses pre-collected signal strength patterns to map an unknown signal to
a location. While simple, it suffers from low generalisability due to environmental changes.
Another approach uses ML algorithms trained on RSSI or CSI data. It has shown promising
results in adapting to non-linear signal environments and improving robustness without GPS
(Ren et al., 2022). The work in (Moradbeikie et al., 2021) reviewed GNSS-free localisation
methods for LoRaWAN, exploring RSSI fingerprinting, TDoA, and hybrid methods. The
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study found that a combination of RSSI-based fingerprinting and Al-enhanced models offers

improved accuracy.

A hybrid strategy combining multiple weak signals and learning-based correction mod-
els—offers the most practical pathway forward for GPS-free, low-power localisation in Lo-

RaWAN systems.

2.3 Path Loss Modeling within IoT Networks: Empirical

and Experimental Approaches

Path loss modeling plays a foundational role in the design and analysis of wireless commu-
nication systems, particularly in LPWANs. Within the Internet of Things (IoT) ecosystem,
accurate path loss models are essential for network planning, link budget estimation, and
more critically, for node localisation without GPS. Path loss refers to the reduction in power
density of an electromagnetic wave as it propagates through space. It is influenced by mul-
tiple factors, including distance, frequency, environmental conditions, and obstacles such as
buildings or vegetation. Conventional free-space path loss models assume ideal line-of-sight
(LOS) conditions, while more advanced models account for multipath fading, shadowing, and
environmental clutter. Two main approaches have dominated recent literature: empirical
models, derived from theoretical equations fine-tuned to field conditions, and experimental

models, validated through direct field measurements.

2.3.1 Empirical Path Loss Models

Empirical models are commonly adapted from classical radio propagation theories, calibrated

using statistical regression on collected signal data. One of the most widely applied models
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in IoT networks is the Log-Distance Path Loss Model, given by:

PL4 = PLg, + 10nlog,y(d/dy) + X, (2.1)

where, PLg, is the path loss at a reference distance dy, n is the path loss exponent
and X, is the Guassian random variable accounting for shadowing. Empirical models like
Okumura-Hata, COST-231, and ITU-R have traditionally been used in cellular contexts,
but their applicability to low-power IoT technologies like LoRaWAN is limited due to their
low-frequency operation, varying antenna heights, and deployment in diverse urban/rural

environments.

Recent work in (Moradbeikie et al., 2023), conducted an empirical RSSI-based lo-
calisation study in harsh harbor environments using LoRaWAN and proposed environment-
aware enhancements to conventional PL models. In (Svertoka et al., 2024), researchers intro-
duced a kNN-enhanced LoRaWAN localisation model based on real-time RSSI measurements
and distance estimation in Industry 5.0 contexts. These studies underline the shift toward

hybrid approaches that blend empirical measurements with algorithmic enhancements.

2.3.2 Experimental Path loss Modeling

While empirical models offer generalisability, experimental modeling grounded in field mea-
surements has gained popularity for its realism and accuracy. These models directly derive
propagation behavior from signal strength measurements collected across varying distances,

terrains, and environments.

Early exploration of LoRa propagation was studied in many countries. In 2018, re-
searchers in Germany, specifically Dortmund, tested different published path-loss models to
study their capabilities against real signal measurements from a LoRa test deployment. They

extended their work to include real-world measurements in a semi-urban area to validate the
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models. The research concluded that incorporating real-world elevation data enhances path
loss estimations, making network planning more reliable (Linka et al., 2018). In (Petajajarvi
et al., 2015), the authors explored the coverage capabilities of LoRa through real-world ex-
periments conducted in Oulu, Finland. The study evaluated LoRa’s communication range
in different environments — on land (using a car-mounted node) and on water (using a boat-
mounted node). Their findings showed that LoRa could achieve a communication range of
over 15 km on land and close to 30 km on water using a node operating in the 868 MHz ISM
band with 14 dBm transmit power and the maximum spreading factor. Moreover, a channel
attenuation model was derived from the measurement data, which can be used to estimate
path loss in environments similar to Oulu. In mining environments, (Bhavanam and Ragam,
2025) proposed a LoRa Sense framework, applying experimental modeling to optimize link
reliability in open-cast mining operations. Their data-driven approach demonstrated that
real-world terrain and topographical factors can cause substantial deviation from classical
path loss trends. Such studies emphasize the importance of continuous benchmarking, espe-

cially in dynamic or densely populated deployments.

2.3.3 Comparative and Hybrid Approaches

Some studies advocate for hybrid models that blend theoretical predictions with experimental
tuning. The work in (El Chall, Lahoud, and El Helou, 2019) compared various standard
propagation models (Okumura-Hata, COST-231, etc.) with measured LoRaWAN data across
urban and rural areas in Lebanon. They concluded that no single theoretical model suffices

across all scenarios, advocating for local calibration using experimental data.

In summary, path loss modeling remains a critical component in the optimization
and localisation of IoT networks, particularly in LPWAN environments like LoRaWAN. Em-

pirical models, such as the log-distance or Okumura-Hata models, offer the advantage of
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simplicity and generalisability. When fine-tuned with regression techniques, they provide a
practical starting point for estimating signal attenuation across various terrains. On the other
hand, experimental models, derived from real-world field measurements, provide realism and
environmental specificity. These models are especially valuable in complex or non-uniform
environments, such as urban centers or industrial zones, where theoretical assumptions often
fall short. Finally, hybrid and machine learning-enhanced approaches combine the strengths
of both domains—Ileveraging theoretical structure while dynamically adapting to field data.
These techniques can significantly improve localisation accuracy, link reliability, and de-
ployment efficiency. By understanding and integrating these complementary approaches,
researchers and practitioners can design robust and scalable IoT systems that are both

adaptive and context-aware.

2.4 Machine Learning Approaches in PathLoss Modeling

Recent research trends emphasize machine learning techniques, such as artificial neural net-
works (ANNs), support vector regression (SVR), and Gaussian processes, to develop accurate
and adaptive path loss models. These models enable better propagation prediction, mitigat-

ing environmental interference and improving the reliability of localisation solutions.

Recent work in (Isabona et al., 2022) utilised Multilayer Perceptron Neural Network
(MLP-NN) as a way to adapt to the non-linearities and spatial variations in urban set-
tings, their proposed MLP-NN outperformed traditional statistical and empirical models
in predicting signal path loss and propagation characteristics in urban microcellular radio
environments. The model requires a large amount of training data to achieve optimal per-
formance, making data collection and preprocessing crucial. Computational complexity and

processing power demands may limit its applicability in real-time or resource-constrained
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LPWAN applications.

Furthermore, work in (Hadji and Nedil, 2025), developed a Deep Neural Network
(DNN)-based path loss prediction model for 28 GHz mmWave propagation in underground
mine environments using Massive MIMO measurement data. Then compared the model’s
accuracy with traditional empirical models such as log-distance and multi-slope path loss
models, proposed a multi-stage generalisation framework to extend the 28 GHz model to
other frequencies (26 GHz and 38 GHz) with minimal extra measurements. They further
generated synthetic data to reduce the need for extensive site measurements while retaining

model accuracy.

Researchers in (Haripriya, Suresh, et al., 2025) and (Lu et al., 2025) suggest the use of
ANNSs in pathloss modeling. While, (Lu et al., 2025) used real-world V2I measurement data
covering different urban traffic environments and (Haripriya, Suresh, et al., 2025) compared
ANN performance with four other ML models within WSN in urban environments. Both
work highlighted the superiority of ANN compared to conventional empirical models. ANN

showed strong adaptability to fluctuating environmental and channel conditions.

Both works in (Lopez-Ramirez and Aragon-Zavala, 2025) and (Sunori et al., 2024),
proposed the use of Guassian Process Regression (GPR) in wireless channel modeling. The
former focuses on indoor mmWave communications, proposing ML-based propagation models
that incorporate environmental features such as wall materials and furniture density. Their
experiments show GPR achieving the lowest RMSE and highest R? among tested models,
reducing path loss prediction errors by up to 45% compared to empirical baselines. The
latter applies ML to 5G SNR estimation in both sub-6 GHz and mmWave bands, targeting
improved link adaptation for adaptive modulation and coding. Using real-world deployment
data, they find GPR consistently delivers the highest SNR prediction accuracy (RMSE <

1.5dB) and enables throughput gains of up to 12%. Together, these works highlighted GPR’s
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strong generalisation capabilities and superior accuracy in both indoor and outdoor wireless

environments, highlighting its suitability for precise network planning and optimization.

Moreover, Random Forest regression (RFT) was used to predict path loss and op-
timize frequency band selection in wireless networks in (Revathi et al., 2025). The model
incorporated environmental, frequency, and antenna parameters. The Random Forest model
reduced prediction error compared to empirical models by over 30%, enabling better link

adaptation and throughput improvements.

The work in (Perihanoglu and Karaman, 2024) proposed a GeoAl-driven method that
integrates geospatial information with machine learning models to enhance path loss pre-
diction in cellular networks. The authors employ algorithms including k-Nearest Neighbors
(kNN) to leverage both geographic proximity and environmental similarity when estimat-
ing signal attenuation. Using real-world cellular measurement data from diverse urban and
suburban settings, the study evaluates the performance of kNN against traditional empirical
models and other ML approaches. Results show that incorporating geospatial features signif-
icantly improves prediction accuracy, with kNN achieving notable reductions in RMSE and
MAE, particularly in heterogeneous terrain where signal propagation is strongly influenced

by environmental factors.

In summary, the recent research in path loss modeling shows that different machine
learning techniques offer unique trade-offs in accuracy, adaptability, and computational
demands. SVR consistently delivers high accuracy and robustness with small-to-medium
datasets, especially when nonlinear kernels are used, though it requires careful hyperparam-
eter tuning. ANNSs excel at modeling complex nonlinear relationships in dynamic urban and
vehicular environments, achieving top precision when sufficient training data and iterations
are provided, but they are prone to overfitting and demand higher computational resources.

GPR stands out for providing probabilistic predictions and superior generalisation across
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varied conditions, although its scalability is limited with large datasets. RFR offers inter-
pretability and resilience to noisy data, with strong results in frequency band optimization,
but can struggle with highly complex multipath scenarios. kNN is simple and effective in
localised or geospatially contextual predictions, particularly in structured indoor or urban
layouts, though its performance drops in high-dimensional feature spaces. These studies in-
dicate that model choice should be guided by the data size, environmental variability, feature
availability, and the balance between accuracy and interpretability required in the wireless
deployment context. Table 2.1 compares the different machine learning techniques used in

recent work to improve the efficiency of pathloss modeling.

Table 2.1 references: [1] (Olukanni and Funsho, 2025) , [2] (Odesanya et al., 2023) , [3]
(Lu et al., 2025), [4] (Haripriya, Suresh, et al., 2025), [5] (Sunori et al., 2024), [6] (Lopez-
Ramirez and Aragon-Zavala, 2025) |7] (Revathi et al., 2025) [8] (Perihanoglu and Karaman,
2024)

2.5 Machine learning within IoT Localisation

Machine learning (ML) has become an increasingly central methodology in IoT localisation
systems, particularly in scenarios where traditional localisation techniques such as GPS are
infeasible due to cost, energy, or coverage constraints. In LPWANs like LoRaWAN, ML
models compensate for the limitations of low data resolution, irregular signal quality, and
sparse infrastructure by learning complex mappings from signal features (e.g., RSSI, SNR) to
location-related classes or coordinates. This section reviews key techniques and architectures

that underpin ML-driven localisation in LPWAN and IoT contexts.
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Table 2.1: Advantages and Limitations of MLL Models in Path Loss Prediction

Model Advantages Limitations Ref.

SVR High accuracy with small-to- Sensitive to hyperparameters (C, | [1],[2]
medium datasets; good at han- | &, kernel width); computation-
dling nonlinear relationships via | ally expensive for large datasets;
kernels; robust to overfitting; less interpretable than physical
effective generalisation with di- | models; requires feature scaling.
verse data.

ANNs Can capture highly complex Prone to overfitting without [3],[4]
nonlinear relationships; flexible | regularization; requires large
architecture; strong performance | datasets for good generalisation;
with large datasets; adaptable to | high computational cost; less in-
various feature sets. terpretable.

GPR Provides probabilistic predic- Computationally expensive for | [5],]6]
tions with uncertainty esti- large datasets; performance de-
mates; performs well with small | grades with high-dimensional
datasets; flexible kernel choice data; kernel choice critical; less
for nonlinear problems. scalable.

RFR Handles high-dimensional data | Can be biased toward major- [7]
well; robust to outliers and ity patterns; performance drops
noise; interpretable feature im- | with very noisy features; may
portance; low risk of overfitting | require tuning many hyperpa-
with sufficient trees. rameters (trees, depth).

KNN Simple and intuitive; no explicit | Sensitive to irrelevant features; | [§|

training phase; good for small

datasets; adaptable to local data
23
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performance drops in high-
dimensional spaces; memory
intensive; sensitive to choice of
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2.5.1 Recurrent Neural Networks and LSTM in Temporal Signal

Modeling

Recurrent Neural Networks (RNNs), particularly Long Short-Term Memory (LSTM) net-
works, are well-suited for modeling the temporal evolution of radio signals in mobile or
semi-mobile ToT devices. Unlike static classifiers, LSTMs capture dependencies across time,
enabling them to leverage the sequence of RSSI/SNR values over multiple transmissions to

infer location zones or movement patterns.

This approach is especially relevant when the node is stationary but the radio channel
conditions vary due to environmental dynamics. Several studies have applied LSTM to

classify location zones (e.g., quadrants or rooms) using sequences of RSSI data.

For instance, in (Purohit, 2019) authors developed an indoor fingerprinting-based lo-
calisation using deep learning techniques, leveraging RSSI data messages. The study found
that integrating Recurrent Neural Networks (RNN) significantly improved localisation accu-

racy.

Table 2.2 summarises key machine learning techniques applied to IoT and LPWAN
localisation, highlighting the diversity of approaches in the literature and providing context

for the architectural choices made in this thesis.

Table 2.2 references: [1] (Y.-S. Chen, Hsu, and Huang, 2021) , [2] (Ren et al., 2022) , [3]
(Apavatjrut, 2025), [4] (S. Ojo, A. Sari, and T. P. Ojo, 2022),

As shown in Table 2.2, existing approaches span a range of ML paradigms — from
semi-supervised transfer learning to recurrent architectures and support vector regression —
each addressing different aspects of the localisation problem. Notably, temporal sequence-

based models such as Bi-LSTM demonstrate stronger performance in dynamic signal envi-
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Table 2.2: Summary of Machine Learning Techniques Used in IoT and LPWAN Localisation

Reference | ML  Tech- | Data Used | Application Key Findings & Insights
nique Focus
[1] Semi- RSSI + Grid | Outdoor locali- | Enabled better generalisa-
Supervised Encoding sation tion across zones with lim-
Transfer ited data.
Learning
2] Bi-LSTM Time series | Urban link pre- | Bi-LSTM captured tempo-
RSSI diction ral dynamics more effec-
tively than static models.
3] Regression RSSI + En- | Inter-node dis- | Context-aware model signif-
Trees + Fea- | vironmental tance estimation | icantly reduced distance es-
ture Fusion Data timation error.
4] (SVR)  and | Livestock Rural localisa- | Model captured non-linear
Radial Basis | tracking sig- | tion path loss patterns better
Function nals than traditional models.
(RBF)
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ronments, motivating the adoption of LSTM-based classification in the proposed framework.

In (Y.-S. Chen, Hsu, and Huang, 2021), the study used a semi-supervised transfer
learning approach to pre-train a small set of labeled data and generate virtual labeled data for
the target domain. Their methodology divides the environment into grid segments, allowing
the model to refine the relationship between labeled and unlabeled data iteratively using

RSSI, SNR, and timestamps as key features for training the localisation model.

In (Ren et al., 2022), the study deployed two gateways and six mobile end-nodes
across a 6 x 6km? urban area, collecting data over four months. Each gateway was found
to cover approximately 11.3 Km?, and even a small SNR gain (e.g., 2 dB) could expand
the coverage area by 32.6%. The study assessed LoRa-based localisation, finding that the
median localisation error was around 400 meters, making it suitable for road-level tracking
but not precise positioning. Bi-LSTM was applied to model temporal variations in LoRa
signal strength and improve link stability predictions in urban environments. By leveraging
bidirectional processing, the model captured both past and future dependencies in signal

fluctuations, leading to more accurate estimations of LoRaWAN coverage and reliability.

In (Apavatjrut, 2025), researchers explore how environmental data can be integrated
into machine learning models to improve the accuracy of distance estimation between nodes

in wireless networks.

2.5.2 LSTM and Time Series Analysis

Long Short-Term Memory (LSTM) networks have shown significant potential for time series
analysis, making them suitable for localisation tasks using sequential LoRaWAN data. In
2019, (Carrino et al., 2019) introduced a LoRaLoc framework, employing machine learning-

based fingerprinting techniques like Random Forest and Neural Networks to be applied to a
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reference map to enhance outdoor geolocation accuracy. The map combined Time Difference
Of Arrival (TDOA) measurements generated by a simulated LoRa network and GPS location

as ground truth. They also compared their findings to using LSTM.

While, authors in (Dabbakuti, Peesapati, and Anumandla, 2023) developed a hybrid
LSTM-Convolutional Neural Network (CNN) model for GPS-free localisation, which showed

superior accuracy compared to traditional approaches.

2.5.3 Sectioning and Zone Classification Approaches

A particularly practical ML strategy in GPS-free localisation is zone-based or 120 angle sec-
tioning classification. Instead of predicting precise coordinates, the system identifies the area
or region where the device resides. This reduces complexity while providing sufficient gran-
ularity for many applications, such as indoor navigation, asset tracking, or event triggering

in smart cities.

Zone and sector classification approaches in the LoRaWAN localisation literature can

be broadly categorised into three types based on how spatial regions are defined:

e Grid-based zone classification: The coverage area is divided into a regular grid
of cells, and the system predicts which cell the device occupies. Chen et al. (Y.-S.
Chen, Hsu, and Huang, 2021) applied semi-supervised transfer learning to grid-based
outdoor localisation using LoRaWAN RSSI measurements, demonstrating that zone-
level classification can achieve meaningful accuracy even with limited labelled data.
While grid-based approaches offer geometric regularity, they require dense reference

measurements and do not adapt naturally to irregular deployment geometries.

e Fingerprinting-based zone classification: Signal fingerprints are collected at known
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locations and used to train classifiers that map RSSI patterns to spatial zones. This ap-
proach has been widely applied in indoor and campus-scale environments but requires
intensive offline data collection campaigns and is sensitive to environmental changes

that alter the fingerprint map over time (Ren et al., 2022).

e Angle-based sector classification: The coverage area is partitioned into angular
sectors relative to a fixed gateway, and the system predicts the sector containing the
transmitting node. This approach is particularly well-suited to single-gateway deploy-
ments where geometric multilateration is unavailable, as angular partitioning naturally
exploits the directional characteristics of signal propagation. The proposed framework
in this thesis adopts this strategy, partitioning the coverage area into three 120° angu-
lar sectors and learning a temporal mapping from sequential RSSI/SNR measurements

to sector labels using an LSTM network.

Across all three categories, zone and sector classification approaches balance model
simplicity with localisation utility, making them well suited to real-world, infrastructure-
constrained IoT deployments where GPS signals are unreliable or unavailable. However,
existing approaches predominantly rely on static feature representations — treating each
RSSI measurement independently — and do not exploit the temporal evolution of signal
sequences across consecutive packet receptions. This limitation directly motivates the tem-

poral, sequence-based classification approach proposed in this thesis.

2.6 Summary and Research Gap

This chapter has presented a comprehensive review of the existing literature in the domain
of IoT localisation, with a particular focus on LoRaWAN networks and the application of

machine learning to enhance signal-based positioning accuracy. The review covered four
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key areas: IoT and LPWAN localisation fundamentals, path loss modeling methodologies,

machine learning applications and advances in IoT localisation.

The exploration of LPWAN technologies illustrated the trade-off between coverage
and accuracy. LoRaWAN, although highly efficient in terms of energy consumption and
range, suffers from limitations in localisation accuracy due to its narrowband characteristics
and low signal granularity. Traditional GPS-based or infrastructure-assisted solutions are

often impractical in large-scale or low-cost deployments.

Path loss modeling, reviewed in Sections 2.3 and 2.4, showed that empirical and exper-
imental modeling approaches often suffer from environmental sensitivity and lack generalisa-
tion across different deployment scenarios. Although theoretical models like log-distance and
COST231 are commonly applied, their static assumptions frequently fail in dynamic urban
or suburban environments. Recent works have sought to address this by integrating hy-
brid models—combining empirical measurement with ML-based prediction—but challenges

remain in balancing accuracy, generalisation, and model interpretation.

Machine learning-based localisation techniques (Section 2.5) have shown promising
results. Feature engineering, especially with temporal signal data, and the use of LSTM
networks have significantly improved classification accuracy in multi-zone or sectioning sys-
tems. However, most implementations either rely on dense fingerprinting datasets or do
not adequately address signal instability and noise in sparse real-world conditions. More-
over, data imbalance across zones and inadequate augmentation strategies further reduce

the performance of models in underrepresented areas.
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2.6.0.1 Key Limitations of Existing LoRaWAN Localisation Approaches

Despite significant research activity in LoRaWAN-based localisation, the following funda-

mental limitations persist in the existing literature:

e Reliance on simulated or controlled environments: Most existing studies vali-
date their localisation models under simulated or highly controlled conditions. Real-
world deployments, particularly in dense urban environments with irregular building
geometry, mixed line-of-sight and non-line-of-sight conditions, and dynamic interfer-

ence, are rarely addressed, limiting the practical applicability of reported results.

e Dependence on dense infrastructure: A large proportion of existing approaches
require multiple synchronised gateways (for TDoA-based methods), dense anchor net-
works, or intensive fingerprinting campaigns. Such infrastructure demands conflict
directly with the low-cost, low-power philosophy of LoRaWAN deployments, making

them impractical at scale.

e Static feature-based models: Existing machine learning approaches to LoRaWAN
localisation predominantly treat RSSI and SNR as static, independent measurements.
This ignores the temporal evolution of signal features across successive packet recep-
tions, which carries discriminative spatial information particularly valuable in single-

gateway scenarios.

e Data imbalance and sparsity: Real-world LoRaWAN datasets are inherently im-
balanced across spatial regions due to uneven measurement campaigns. Few studies
address this through principled data augmentation or synthesis strategies grounded in
physical propagation models, leading to classifiers that are biased toward overrepre-

sented regions.
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e Limited statistical validation: Many existing studies report accuracy figures with-
out rigorous statistical validation, such as cross-validation, confidence intervals, or
significance testing, making it difficult to assess the generalisability and reliability of

reported results.

2.6.1 How These Limitations Motivate the Proposed Framework

The limitations identified above directly motivate the combined path-loss modelling and

machine learning approach proposed in this thesis. Specifically:

The absence of real-world validated models motivates the experimental LoRaWAN
deployment in Birmingham City Centre, providing an empirical dataset representative of
genuine urban propagation conditions. The dependence on dense infrastructure motivates
the deliberate constraint to a single-gateway architecture, demonstrating that meaningful
localisation can be achieved without multi-gateway synchronisation or dense anchor deploy-
ment. The inadequacy of static feature-based classifiers motivates the adoption of LSTM
networks, which explicitly model temporal dependencies across sequential packet receptions,
a capability that static models such as SVM, kNN, and logistic regression fundamentally
lack. The problem of data imbalance motivates the integration of path-loss modelling into
the machine learning pipeline: rather than treating the two components as independent,
the empirically derived Birmingham path-loss model is used to synthesise physically consis-
tent RSS samples for underrepresented spatial regions, directly addressing class imbalance
in a manner grounded in propagation physics. Finally, the lack of rigorous validation in
existing work motivates the comprehensive statistical evaluation framework adopted here,
including five-fold cross-validation, balanced accuracy, confidence intervals, and McNemar’s

significance testing.
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Together, these motivations establish that neither path-loss modelling alone nor ma-
chine learning alone is sufficient, it is their integration that addresses the identified gaps and

enables robust, GPS-free, single-gateway localisation in real-world LoRaWAN deployments.

This thesis addresses the above gaps by proposing a temporal, section-based localisa-
tion framework using LSTM networks trained on both real and synthetically generated RSS
data. A unique component of this approach is the incorporation of a hybrid path loss mod-
eling strategy that leverages empirical measurements and theoretically derived propagation
functions to simulate and balance datasets across all localisation zones. The proposed system
is GPS-free, infrastructure-independent and tested in real-world LoRaWAN deployments, of-
fering a scalable and energy-efficient alternative for location estimation in IoT networks. It
should be noted that this chapter has deliberately focused on the localisation literature,
treating LoRaWAN primarily as a communication platform through which signal features
are acquired. A detailed technical treatment of LoRaWAN fundamentals, including its mod-
ulation scheme, parameter configuration, and signal propagation characteristics, is reserved
for Chapter 3, where it is presented as part of the theoretical and methodological background
directly supporting the proposed framework. This structure reflects the central positioning

of localisation as the primary research problem of this thesis.

Finally, table 2.3 highlights three key differentiators of the proposed framework rel-
ative to existing work: (1) it is the only approach operating under a single-gateway con-
straint, removing the need for infrastructure synchronisation; (2) it relies exclusively on
real-world experimental data collected in a dense urban environment; and (3) it employs
a significantly more rigorous validation methodology than comparable studies, including

cross-validation, statistical significance testing, and confidence interval reporting.
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Table 2.3: Comparison of Related Work to This Thesis

Study InfrastructureData Type | Method Localisation Validation
Granularity
Magsi et al. | Multi- Real-world | Trilateration | Coordinate- Basic accuracy
(2023) Magsi et al., | Gateway level metrics
2023
Ren et al. | Multi- Real-world | Bi-LSTM Road-level Median localisa-
(2022) Ren et | Gateway (~400 m error) | tion error
al., 2022 (2)
Chen et al. | Multi- Real-world | Semi- Grid-level Accuracy on la-
(2021) (Y.-S. | Gateway supervised beled data
Chen, Hsu, and Transfer
Huang, 2021) Learning
Carrino et  al. | Multi- Simulated Random For- | Coordinate- Geolocation er-
(2019) (Carrino | Gateway + GPS est, Neural | level (TDoA- | ror
et al., 2019) Network, based)
LSTM
Dabbakuti et al. | Multi- Simulated Hybrid Coordinate- Accuracy com-
(2023) (Dabbakuti, | Gateway LSTM-CNN | level parison
Peesapati, and
Anumandla, 2023)
This Thesis Single- Real- LSTM + | Sector-level 5-fold CV,
Gateway world BiLSTM (3 sections) balanced
accuracy, Mec-
Nemar’s test,
CI
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Chapter 3

Theoretical Background and

Methodology

3.1 Inroduction

As noted at the close of the preceding chapter, the literature review focused primarily on
localisation methods and signal-based approaches within LPWAN environments, without
providing a full technical treatment of LoRaWAN itself. This chapter addresses that foun-
dation, presenting the theoretical background and methodological framework required to
support the proposed localisation system. It covers LoRaWAN architecture, modulation
principles, and signal propagation modelling in detail, forming the technical basis upon
which the experimental deployment and machine learning framework in subsequent chapters

are built.

This chapter provides the theoretical foundations and methodological approach used
in this research. As this research investigates localisation techniques that rely solely on
signal-based features, particularly Received Signal Strength Indicator (RSSI) and Signal-to-
Noise Ratio (SNR), within LoRaWAN networks, it is imperative to present the core principles
underlying signal propagation, wireless communication, and machine learning architectures

used in the study.
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The chapter begins by outlining the architecture and characteristics of Low Power
Wide Area Networks (LPWANSs), with a particular focus on the LoRaWAN protocol. Under-
standing the operational structure of LoRaWAN is critical, as it influences both the quality
and granularity of the signal data used for localisation. Following this, the chapter intro-
duces fundamental radio propagation models—ranging from theoretical formulations such as
free-space and log-distance models to empirically-derived path loss equations calibrated for

urban and suburban deployments.

Subsequently, key signal features relevant to localisation—such as RSSI and SNR
— are discussed in terms of their statistical behavior, sensitivity to environmental factors,
and suitability as input features for machine learning models. Given the time-series nature
of signal fluctuation, the chapter also provides a detailed exploration of Recurrent Neural
Networks (RNNs), particularly Long Short-Term Memory (LSTM) networks, which form the

core of the sequential modeling approach adopted in this work.

Together, these theoretical insights serve as the conceptual framework upon which
the system design, data processing, and model development efforts are built in subsequent
chapters. The initial findings of this chapter include an outdoor localisation framework that

has been published in (A. A. ElSabaa, Ward, and Wenyan Wu, 2019).

3.2 Low-Power Wide Area Network (LP-WANs) overview

Low Power Wide Area Networks (LP-WANSs) are wireless communication technologies de-
signed to support long-range, low-power, and low-data-rate connectivity for Internet of
Things (IoT) applications. Unlike traditional cellular networks, LPWAN technologies pri-
oritize energy efficiency, cost-effectiveness, and extended coverage, making them ideal for

applications such as smart cities, agriculture, industrial monitoring, and logistics.
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3.2.1 Key LP-WAN Technologies

Several LPWAN technologies dominate the market, each offering unique advantages and

trade-offs mentioned below:

1. LoRaWAN (Long Range Wide Area Network): Uses chirp spread spectrum (CSS)
modulation to achieve long-range communication with low power consumption. Op-
erates in unlicensed frequency bands (e.g., 868 MHz in Europe, 915 MHz in the US).

Supports star-of-stars topology, making it ideal for large-scale IoT deployments

2. NB-IoT (Narrowband IoT): A cellular LPWAN technology that operates in licensed
spectrum, ensuring high reliability and security. Optimized for deep indoor penetration
and massive 0T connectivity, making it suitable for applications like smart metering

and industrial automation

3. Sigfox: Uses ultra-narrowband (UNB) modulation to provide low-cost, low-power, and
long-range communication. Limited to small payloads (up to 12 bytes per message)
but highly energy-efficient. Suited for low-data, long-battery-life applications like asset

tracking and environmental monitoring

Each LPWAN technology offers unique advantages, making it better suited for specific
application domains based on requirements such as deployment flexibility, message frequency,
energy constraints, and reliability. Table 3.1 shows a comparison of the 3 technologies, Lo-
RaWAN is particularly effective in scenarios that require flexible deployments across public or
private networks, such as environmental sensing, smart agriculture, and rural monitoring. Its
open specification and support for unlicensed spectrum make it attractive for cost-sensitive
and community-driven projects. NB-IoT, on the other hand, excels in urban and industrial
use cases such as smart metering, utility monitoring, and building automation, where consis-

tent quality of service, security, and cellular infrastructure are critical. Meanwhile, Sigfox is
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Table 3.1: Comparison of Key LPWAN Technologies

Feature LoRaWAN NB-IoT Sigfox
Frequency Band | Unlicensed (868/915 MHz) | Licensed LTE | Unlicensed ISM
Data Rate 0.3-50 kbps Up to 250 kbps 100 bps
Max Payload 242 bytes 1600 bytes 12 bytes
Range (Rural) 15-20 km 10-15 km 40 km
Battery Life >10 years 5-10 years >10 years
Topology Star-of-stars Cellular Star
Security AES-128 LTE-grade Lightweight

highly suited for asset tracking, logistics, and low-complexity telemetry due to its extremely
low power consumption, minimal data requirements, and simple network access. Choosing
the appropriate LPWAN technology thus requires balancing trade-offs in range, data rate,

battery life, and infrastructure availability based on the target application.

3.2.2 LP-WAN Performance measures

Evaluating the performance of LP-WANSs is essential to understanding their suitability for di-
verse [oT applications. These include range, energy efficiency, data throughput, latency, and
scalability. A systematic examination of these metrics provides insight into the operational
strengths and limitations of each protocol, guiding their optimal deployment in real-world

scenarios.
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3.2.2.1 Data Rate and Payload Capacity

LPWANSs trade data throughput for coverage and power savings. LoRaWAN offers variable
data rates (0.3-50 kbps) by adjusting its spreading factor (SF). Sigfox allows only 12-byte
payloads per message and restricts uplink transmissions to 140 messages/day, limiting its
use to low-data-rate applications. NB-IoT provides higher data rates (up to 250 kbps) and
supports larger payloads, making it better suited for use cases with moderate data needs

and more frequent transmissions (Mekki et al., 2019).

3.2.2.2 Latency and Reliability

While LPWANS are not designed for low-latency communication, NB-IoT achieves relatively
lower latency (1.6-10 seconds) due to its integration with LTE networks. LoRaWAN and
Sigfox often exhibit higher delays (up to several seconds), especially in dense networks or
under duty cycle restrictions. For mission-critical applications requiring guaranteed message
delivery or timely updates, NB-IoT’s reliability is generally superior due to its licensed

spectrum and QoS support.

3.2.2.3 Scalability and Network Capacity

Scalability is critical in massive IoT deployments. LoRaWAN, with its star-of-stars topology,
supports scalability through careful spreading factor allocation and multi-channel gateways,
though it suffers from increased collisions in dense environments. NB-IoT leverages existing
LTE infrastructure and dynamic resource scheduling to support thousands of devices per cell,
while Sigfox’s ultra-narrowband approach reduces interference but may experience congestion

under high device density.

38



Theoretical Background and Methodology

3.2.2.4 Interference Resistance and Coexistence

Operating in unlicensed bands exposes LPWANSs like LoRaWAN and Sigfox to potential
interference from other radio services. LoRa’s use of chirp spread spectrum (CSS) grants
it higher robustness against interference and multipath fading. NB-IoT benefits from the
licensed cellular spectrum, ensuring cleaner transmission channels, but at the cost of requiring

operator-managed infrastructure.

3.3 LoRaWAN Fundamentals

3.3.1 Chirp Spread Spectrum (CSS)

Long Range (LoRa) serves as the physical layer (PHY) and primarily relies on chirp spread
spectrum (CSS) modulation, enabling it to achieve long-range communication with low power
consumption. Meanwhile, LoRaWAN operates as the medium access control layer (MAC), re-
sponsible for effectively managing communication between LoRa end devices (EDs) and gate-
ways (GWs) (Pasolini, 2021). CSS is a subset of Direct-Sequence Spread Spectrum (DSSS),
helping the GW to recover a weak signal and achieve high sensitivity, enabling increased
coverage at a lower data rate (DR). In addition, LoRa utilises five configurable resource
parameters, i.e., SF, TP, CR, BW, and carrier frequency (CF), to fine-tune the link perfor-
mance and energy consumption |[(Kufakunesu, Hancke, and Abu-Mahfouz, 2020),(Maurya,

A. Singh, and Kherani, 2022)].

3.3.2 Parameter Configuration
The achievable data rate using LoRa modulation is based on the following factors:
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e Spreading Factor (SF): To ensure an adaption of data rate and signal range, various
SF between 7 and 12 are available, affecting the gradient of frequency variation and
thus the energy per symbol. The higher the energy per chirp symbol, the higher the
achieved signal range will be. Though a higher spreading factor leads to a longer symbol
transmit time, decreasing the overall data rate (A. Semtech, 2022). The relationship
between LoRa transmission ToA and the employed LoRa parameters is expressed as

ToA = 25F/BW.

e Bandwidth (BW): LoRa based devices support bandwidths from 125 kHz up to 500
kHz. Widening the bandwidth decreases receiver sensitivity but enhances data rate
due to reduced Time-on-Air (ToA). Our experiments employed a BW setting of 125
kHz.

e Coding Rate (CR): To further improve the robustness of the LoRa communication link,
the devices implement cyclic error coding performing forward error correction. Such
error coding incurs an additional transmit overhead, which depends on the chosen
coding rate CR = 4/(4 + n), with n € 1,2,3,4. To minimize ToA, CR=4/5 was

selected.

e Transmitted Power (Pr,): For LoRa nodes operating in the 433 MHz and 868 MHz
bands, the maximum effective isotropic radiated power (EIRP) in the default setting
is 12.15 dBm and 16 dBm, respectively. Our experiment adhered to the highest per-
missible Pr, within the EU 868 MHz band, aligned with the LoRa device’s approved

duty cycle of 1%. This led to a selection of Pr, = 14 dBm.
Table 3.2 summarises the key characteristics of LoRaWAN, providing a concise refer-

ence for the configurable parameters and performance metrics that underpin the experimental

deployment and signal analysis conducted in this thesis.
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Table 3.2: Key Characteristics of LoRaWAN

Parameter Value
Frequency band Sub-GHz ISM Bands (EU 868 MHz, US 915 MHz)
Range Up to 15 km (urban), 40 km (rural)
Data Rate 0.3-50 kbps (adaptive via Spreading Factor)
Modulation Chirp Spread Spectrum (CSS)
Power Consumption Low (devices can last years on batteries)
Interference Resistance High (due to CSS modulation)
Adaptive Data Rate (ADR) Dynamically adjusts power and SF

3.3.3 Physical Frame Format

While LoRa modulation can transmit arbitrary frames, a specific physical frame format is
defined and implemented in Semtech’s transmitters and receivers, with constant bandwidth
and spreading factor for each frame. LoRa frame starts with a preamble, which consists of
a sequence of constant upchirps covering the entire frequency band. The last two upchirps
encode the sync word. The sync word, a one-byte value, differentiates LoRa networks using
the same frequency bands. If a device’s decoded sync word does not match its configuration,
it stops listening to the transmission. Following the sync word, there are two and a quarter
downchirps lasting 2.25 symbols. The preamble’s total duration can be configured between

10.25 and 65,539.25 symbols (Augustin et al., 2016).

After the preamble, an optional header may follow. If present, it is transmitted with
a code rate of 4/8, indicating the payload size (in bytes), the code rate for the transmission’s
end, and whether a 16-bit CRC for the payload is included at the frame’s end. The header
also contains a CRC to enable the receiver to discard packets with invalid headers. The
payload size, stored in one byte, is limited to 255 bytes. The header is optional, allowing it

to be disabled when the payload length, coding rate, and CRC presence are pre-determined.
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Applications of LoRaWAN
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Figure 3.1: Applications of LoRaWAN in IoT

3.3.4 Applications of LoRaWAN

LoRaWAN technology has gained significant attention for its ability to enable long-range,
low-power communication for various IoT applications. Some of the most prominent use

cases are shown in Fig. 3.1.

In smart cities, LoRaWAN-enabled IoT sensors has been used to improve waste collec-
tion efficiency and predict energy output from municipal solid waste in (Elif et al., 2021) and
LoRaWAN-based parking systems reduced congestion by guiding drivers to available parking
spaces, lowering fuel use and emissions in (Erfaniangolabforoushanahlyazd, X. Zhang, and
Arslan, 2021). In smart agriculture, LoRa has been examined in (Valente et al., 2022) to
utilise LoRaWAN sensors in vineyards to monitor soil moisture, temperature, and weather
conditions for precision agriculture and in (D. K. Singh et al., 2022) as an integrated part in
smart farming focusing on soil condition analysis, irrigation management, and crop health

monitoring.
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Categories of Localization Techniques

Signal Type Methodology

[RF-based (RsSI, TDOA, AOA) | [ Geometry-based (Trilateration) | [Indoor (wiFi, BLE, uwB) |
|Outdoor (GPS, LoRa, Cellular) |
|Machine Learning (e.g., SVM, CNN, LSTM) |
| Probabilistic (Kalman, Particle Filter) |
| Hybrid (e.g., GPS + LoRa) | |SLAM (Simultaneous Localization & Mapping) | |Zone-based / Relative Localization |

Figure 3.2: Different categories of localisation techniques

3.4 Existing Localisation Techniques

Localisation techniques form the backbone of positioning systems across diverse applications,
ranging from smart cities and industrial IoT to autonomous systems and environmental
sensing. This chapter explores the spectrum of existing localisation methods, categorizing
them based on signal type, algorithmic approach, and deployment environment, to provide

a comprehensive understanding of their capabilities and trade-offs.

The varying methods of categorising localisation techniques can be broadly organised
into distinct categories based on signal type, algorithmic approach, and deployment environ-
ment, as illustrated in Figure 3.2. This section discusses the key methodologies most relevant
to this work, with particular focus on RF-based and data-driven approaches applicable to

LoRaWAN deployments.

43



Theoretical Background and Methodology

3.4.1 RF-based Localisation

Radio Frequency (RF)-based localisation techniques are among the most widely adopted
methods for estimating the position of devices in both indoor and outdoor environments.
These techniques leverage the physical properties of radio signals—such as strength, time,
phase, or angle—to infer location. They are particularly well-suited for IoT and LPWAN
deployments, including LoRaWAN, Wi-Fi, BLE, and cellular networks.

3.4.1.1 RSS-based Localisation

Received Signal Strength (RSS) is widely used for LPWAN localisation due to its simplicity.
However, environmental factors impact accuracy. Machine learning models, including neural
networks and support vector machines (SVMs), have been applied to improve RSS-based

positioning.

3.4.1.2 Time Difference of Arrival (TDOA)

TDOA relies on measuring the difference in arrival times of a signal at multiple synchro-
nized receivers. It is particularly effective in outdoor LPWAN scenarios such as LoRaWAN

geolocation, where gateways receive signals from a single transmitter.

3.4.1.3 Angle of Arrival (AOA)

AOA techniques estimate location by calculating the angle at which a signal arrives at
a receiver equipped with multiple antennas or a phased array. These methods offer high

precision but require more complex hardware and synchronization.
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3.4.2 Fingerprinting Approaches

Fingerprinting localisation is a technique that estimates the position of a device by compar-
ing its current signal characteristics—typically RSSI, CSI, or other sensor readings—with a
pre-constructed database of signal measurements collected at known locations (called "finger-
prints"). It is widely used in environments where traditional methods like GPS are unreliable,
such as indoors, underground, or in dense urban areas. Fingerprinting offers high localisation
accuracy without requiring complex physical models or additional infrastructure. However,
it has limitations: building and maintaining the fingerprint database is labor-intensive and

environment-sensitive, requiring periodic recalibration when signal conditions change.

3.4.3 Hybrid Localisation Approaches

Hybrid localisation techniques have emerged as a promising approach to overcome the lim-
itations of standalone localisation methods. By combining multiple data sources—such as
LoRa signal properties, GPS data, and RSSI readings—these methods provide improved

accuracy, resilience, and adaptability in diverse and dynamic environments.

3.5 Channel Propagation Modeling

Propagation models are unique prediction models employed by network engineers to esti-
mate the area being covered by the signal transmitter during networking and management
[(Molisch, 2012), (Goldsmith, 2005)|. Signal propagation from the transmitter to the receiver
varies from the line-of-sight paths to complex variations because of scattering, reflection, and
diffraction. That makes the thorough characterisation of the signal path loss a crucial role in

estimating interference analysis, link budget and coverage analysis (Kurt and Tavli, 2013).
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To define the path loss the signal faces, a function of the distance between the transmitter
and the receiver, along with a combination of environmental and design parameters that
contribute to accurate modeling, are to be considered. The constant mobility of receivers,
as in hand-held devices, makes them susceptible to obstructions, scattering of signals, and
eventually path loss. The other parameters needed for path loss modeling include features
representing the terrain and topography of the environment. Some of them are the width of
the street, building to building distance, street orientation angle, and building to base station
distance. The other design parameters are related to the system and include base station
heights, antenna gain, feeder loss, receiver antenna gain, and cable loss (S. Ojo, Akkaya, and

Sopuru, 2022).

In general, path loss is not deterministic but rather stochastic in nature. It can vary
over time and can change rapidly depending on the frequency or scenario in use. Conse-
quently, path-loss models generally incorporate statistical descriptors, such as mean values
and standard deviations. Several propagation models have been developed and used for sig-
nal propagation in different frequency bands across different countries and territories. Yet,
a model developed for a particular propagation environment can perform optimally in that
environment but fails to correctly estimate path loss in another environment. This limi-
tation is mainly due to dissimilarities and variations in environmental formations, weather
conditions, soil electrical properties and terrain type (open, rural, suburban or urban) that
exist in different radio propagation locations, cities and countries [(Ekpenyong, Isabona, and
Ekong, 2010),(Imoize and Oseni, 2019)|. The aforementioned problem labels the deployment

of path loss models with the optimal accuracy a complex and significant problem.

Accurate channel propagation modeling is essential for understanding and predicting
the performance of wireless communication systems such as LoRaWAN and other LPWAN
technologies. Since localisation heavily depends on the relationship between transmitted

signals and their propagation characteristics, different modeling approaches have been de-
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veloped in the literature. Broadly, these can be categorized into empirical /experimental
modeling and machine learning—based modeling. Finally, model validation requires carefully

chosen metrics to assess accuracy, robustness, and limitations.

Propagation models are broadly classified into empirical and deterministic models.
Empirical models are based on experimental measurements within a particular environment.
These models are developed based on measurements of base station heights, frequency, dis-

tance between transmitter and receiver [(Imoize and Oseni, 2019),(Park et al., 2012)].

Table 3.3: Comparison of deterministic and empirical models.

Aspect Deterministic Models Empirical Models
Basis Physics-based, = Maxwell’s | Statistical fitting from mea-
equations surements
Inputs Site maps, material proper- | Measurement datasets
ties
Accuracy High (site-specific) Moderate, environment-
dependent
Complexity Computationally expensive | Lightweight, efficient
Use Cases Network planning, simula- | Quick coverage estimation,
tions large-scale studies
Limitations Require detailed maps, slow | Lack generalisability, ignore
fine effects

As shown in Table 3.3, empirical models offer a practical balance between accuracy
and computational efficiency, making them well suited to large-scale LoRaWAN deployments
where deterministic approaches would be prohibitively expensive. The following subsections

detail the empirical models most relevant to this work, followed by an overview of determin-
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istic approaches for completeness.

3.5.1 Empirical Models

Empirical models are simple and easy to develop but do not guarantee high level accuracy
because in a bid to get them simplified many components are left out. The need to reduce
complexity in empirical models in many instances has necessitated the need to use just
few environmental parameters in modeling. Empirical models are thus a trade-off between

accuracy and simplicity.

3.5.1.1 Log-Distance Path Loss Model

A widely adopted model is the log-distance path loss model, which expresses average path

loss as a logarithmic function of distance:

PL(d) = PL(dy) + 10nlogy, <di) + X, (3.1)
0

where PL(dy) is the path loss at a reference distance dy, n is the path loss exponent
(environment-dependent), and X, is a Gaussian random variable representing log-normal

shadowing with standard deviation o.

Typical values of n range from 2 in free space to 3-5 in urban environments and 4-6

indoors.
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3.5.1.2 Okumura-Hata Model

The Okumura-Hata model is an extension of empirical formulations for frequencies between

150-1500 MHz, making it relevant for LPWANs:

PL(d) = 69.55426.161og,,(f)—13.8210g,(h:) —a(h,)+[44.9 — 6.55 log;y (k)] logyo(d) (3.2)

where f is the frequency in MHz, h; is the transmitter antenna height (m), A, is the receiver

height (m), and a(h,) is a correction factor for the mobile antenna height.

3.5.1.3 COST-231 Extension

The COST-231 Hata extension adapts the Hata model for frequencies up to 2000 MHz and

includes correction terms for metropolitan environments.

3.5.2 Deterministic Models

Deterministic models attempt to describe radio propagation using mathematical formula-
tions derived from Maxwell’s equations and site-specific information such as terrain, build-
ing geometry, and material properties. These models are able to capture multipath effects,
reflections, and diffraction with high accuracy, provided sufficient environmental data is avail-
able. They produce high level accuracy than the empirical models but introduce alternative

complexities into the developed model.
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3.5.2.1 Free-Space Path Loss (FSPL) Model

The most fundamental deterministic model is the free-space path loss model, which assumes

ideal line-of-sight propagation without obstacles:

PL(d) = 20log,(d) + 20 log,(f) — 147.55 [dB] (3.3)

where d is the transmitter-receiver separation in meters, and f is the carrier frequency

in Hz. While analytically simple, the FSPL model neglects shadowing and multipath effects.

3.5.2.2 Ray-Tracing Models

Ray-tracing models simulate the propagation of electromagnetic waves by tracing rays as
they interact with obstacles in the environment. The received signal is typically represented

as a superposition of multiple paths:

N
E.(t) = Z a;e? e (3.4)
i=1

where a; and ¢; represent the amplitude and phase of the ¢-th path, and N is the num-
ber of distinct multipath components. Ray-tracing can incorporate reflections, diffraction,

and scattering, but requires detailed environmental maps and is computationally intensive.

3.5.2.3 Other Deterministic Approaches

Other notable deterministic approaches include the Uniform Theory of Diffraction (UTD),
which extends ray-based models to account for edge diffraction, and full-wave numerical
methods such as the Finite-Difference Time-Domain (FDTD) or Method of Moments (MoM),
which directly solve Maxwell’s equations. While highly accurate, these models are compu-

tationally prohibitive for large-scale IoT deployments.
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A fundamental principle when understanding the channel properties of RF propaga-
tion is the usage of the Received Signal Strength Indicator (RSSI) for ranging. RSSI reflects
the difference between the transmitted and received power of a signal that is used to estimate
the distance propagated. Another vital parameter is the Path Loss (PL), PL is defined the
power taken by the signal to overcome the communication medium and can be calculated

using the link budget equation:

Po(dBm) = RSSI(dBm) + Gystem(dB) — PL(dB). (3.5)

The link budget equation shown in eq. (3.5) relates all gains and losses from the transmitter,
through all transmission mediums, to the receiver. RSSI is the expected power at the
receiver, Py, the transmitted power, Gysten is the system gains such as those associated
with directional antennas for both the transmitter and/or the receiver. PL are losses due
to the propagation channel, either calculated via a wide range of channel models or from

empirical data.

3.5.3 Machine learning based Approaches

Machine learning approaches to channel propagation modeling have emerged as an effec-
tive alternative to traditional empirical and deterministic methods. Instead of relying solely
on analytical formulations or statistical curve fitting, these approaches learn propagation
behavior directly from data. In this context, path loss prediction is formulated as a super-
vised regression problem, where input features such as distance, frequency, or environmental

descriptors are mapped to continuous-valued outputs such as received power or path loss.

A variety of supervised learning techniques may be applied, including regression al-

gorithms and neural networks. In particular, artificial neural networks and their extensions
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provide flexible architectures capable of approximating complex nonlinear relationships be-
tween inputs and outputs. By training on large, representative datasets, machine learning
models are able to capture propagation effects that are difficult to express analytically, such

as irregular multipath fading or non-stationary interference patterns.

Unlike empirical models, which are tied to specific measurement deployments, and
deterministic models, which depend on detailed environmental maps and are computationally
demanding, machine learning models offer the advantage of adaptability. Once trained,
they can be deployed in new environments with only minor recalibration, overcoming one
of the major shortcomings of traditional approaches. Their predictive accuracy has been
consistently shown to exceed that of empirical baselines, especially when sufficient training

data are available.

Machine learning—based path loss modeling typically follows a structured pipeline that
begins with the acquisition of high-quality measurement data, such as received signal strength
indicator (RSSI), signal-to-noise ratio (SNR), or channel impulse responses collected under
controlled deployment scenarios. The next step involves preprocessing and feature extrac-
tion, where relevant input variables (e.g., transmitter-receiver distance, carrier frequency,
antenna height, terrain classification, and environmental descriptors) are standardized and
mapped into a suitable numerical representation. Once features are prepared, the dataset is
partitioned into training, validation, and test subsets to enable robust model development.
A supervised learning algorithm, such as a regression-based neural network or a recurrent
architecture like LSTM, is then trained to learn the nonlinear mapping between the input
features and the target variable, typically the path loss in decibels. During training, hy-
perparameters are optimized using cross-validation techniques to ensure generalisation, and
regularization strategies are applied to mitigate overfitting. After training, the model is eval-
uated against the reserved test dataset using statistical performance metrics such as RMSE,

MAE, and coefficient of determination (R?). Finally, the validated model can be deployed
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to predict path loss in unseen environments, where its adaptability provides a key advantage

over empirical and deterministic models.

3.5.4 Validation Metrics, Accuracy and limitations

The effectiveness of any path loss model, whether deterministic, empirical, or machine learn-
ing-based, depends on its ability to predict received signal power and propagation char-
acteristics with sufficient accuracy. In practice, model performance is assessed through a
combination of statistical error metrics, robustness measures, and application-specific lo-
calisation accuracy. This section presents the most commonly adopted validation metrics,
followed by a discussion of accuracy considerations and inherent limitations across the three

categories of models.

3.5.4.1 Mean Absolute Error (MAE)

MAE is one of the most intuitive error measures used in path loss modeling. It represents
the average magnitude of prediction errors without considering their direction (i.e., whether

the model overestimates or underestimates the true value).

N
1
N;Iy il (3.6)

where y; is the measured value, g; is the predicted value, and N is the number of
data points. MAE is directly expressed in the same units as the predicted variable (dB for
path loss), which makes it highly interpretable. Unlike squared-error metrics, MAE does not
disproportionately penalize large deviations. This makes it robust to outliers. In machine
learning regression, MAE serves as both a loss function during training and an evaluation

metric, particularly when the focus is on minimizing average error.
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3.5.4.2 Root Mean Squared Error (RMSE)

Another widely adopted metric in path loss modeling is the RMSE. It represents the square

root of the average squared prediction errors:

N
1 L2
RMSE = \| 5 > (v — i) (3.7)

=1

where N is the total number of measurements, y; is the i-th measured path loss value in dB,
and g; is the corresponding model-predicted path loss value in dB. RMSE penalises larger
errors more heavily than MAE due to the squaring term, making it particularly sensitive to

outliers and large prediction deviations.

3.5.4.3 Shadow Fading

Shadowing is attenuation of signal power, which is caused by obstacles between the trans-
mitter and receiver through scattering, reflection, diffraction, and absorption. The receiver
power variation due to path loss is observed over long distances, whereas variation due to
shadowing occurs by the formation of obstructing object or the length of it. Traditionally,
shadowing was treated as a coefficient with normal distribution since it is hard to generalise
the characteristics of obstacles and, generally, its effects on path loss are trivial. However,
in outdoor environment with various obstacles, shadowing effects play a significant role in

analyzing path loss prediction with certain confidence level (Jo et al., 2020).

A standard error deviation between prediction and measured specimens is thought
to be a great measure of shadow fading as it accounts for the variability in signal strength
caused by obstacles and other environmental factors. Mathematically, the shadow fading is
the standard deviation of the difference between the measured path loss and the expected

path loss, such that;
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k

SF = ogp — ﬁ ;(Pm(di) P (dh))? (3.8)
where K is the total number of measurement points, d; is the distance of the i-th measure-
ment location from the transmitter, P, (d;) is the measured path loss at distance d; in dB,
and P.,,(d;) is the model-predicted (expected) path loss at distance d; in dB. A smaller
value of ogr indicates that the path loss model accurately captures the signal attenuation

behaviour with low variability, while a larger value reflects greater unpredictability in the

propagation environment due to irregular obstacles and scattering effects.

3.5.4.4 Limitations

Despite their utility, all approaches have limitations that must be considered in model selec-

tion and application:

e Deterministic Models: - Require extensive input data (3D building maps, terrain pro-
files). - Computationally expensive, unsuitable for real-time LoRaWAN localisation. -

Sensitive to inaccuracies in environmental data.

e Empirical Models: -Environment-specific; parameters such as the path loss exponent
must be recalibrated for each deployment. -Fail to capture dynamic channel variations

or time-dependent effects. -Limited in predicting fine-grained multipath behavior.

e Machine Learning Models: - Depend heavily on the availability and quality of large
training datasets. - Risk of overfitting, especially when data is limited or biased. -
Often lack interpretability, making it difficult to link predictions to physical principles.

- Require careful feature selection and preprocessing to achieve robustness.
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3.6 Overall Localisation Framework

The theoretical foundations established in the preceding sections covering LoRaWAN com-
munication, channel propagation modelling, and existing localisation techniques; collectively
motivate the design of the proposed framework. Rather than treating path-loss modelling
and machine learning as independent components, this thesis integrates them into a uni-
fied, GPS-free localisation pipeline operating under a single-gateway constraint. Figure 3.3
presents the conceptual architecture of this framework, illustrating how four interconnected

stages combine to enable sector-level localisation from sequential LoRaWAN signal measure-

Path-loss regression Hot Vector and Sector Division Architecture Data Synthetic and Augmentation Temporal Inference Module
Provides channel-aware features Transforms localization into a sector Improves generalization under sparse Exploits temporal correlations across
under near/fer distances classification task measurements Dpackets
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Figure 3.3: Conceptual architecture of the proposed channel-aware temporal localisation
framework, illustrating how channel-aware modelling, geometry-based sectorisation, data
enrichment, and temporal inference are combined for single-gateway LoRaWAN localisation.
The figure highlights the diagnostic and robustness analyses used to assess sensitivity to

temporal context, packet loss, noise perturbations, and sector granularity.

The framework operates across four sequential but interdependent stages, each of

which is developed in detail in the subsequent chapters:

1. Path-Loss Regression and Channel-Aware Modelling (Chapter 5): The first

stage characterises the radio propagation environment through empirical regression ap-
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plied to real-world LoRaWAN measurements collected across Birmingham City Centre.
A two-slope Birmingham-specific path-loss model is derived, segmenting the coverage
area into near-field and far-field regimes. This model serves a dual role within the
pipeline: it provides channel-aware distance features as inputs to the learning stage,
and it generates physically consistent synthetic RSS samples to address spatial data
imbalance across sectors. The path-loss model therefore serves two explicit functional
roles within the machine learning pipeline: first, training data quality; generat-
ing physically consistent synthetic RSS samples for underrepresented spatial sectors,
addressing class imbalance in a manner grounded in propagation physics rather than
arbitrary statistical oversampling; and second, feature enrichment; providing model-
derived distance estimates and near/far-field regression parameters as additional input
features to the LSTM, enriching the temporal signal representation beyond raw RSSI

and SNR values alone.

. Sector Division and Problem Formulation (Chapter 6): The second stage trans-
forms the localisation problem into a tractable classification task. The coverage area
surrounding the single gateway is partitioned into three angular sectors using angle-
aware labelling. Each sector is represented as a one-hot encoded output vector, enabling
multi-class classification from sequential signal observations. The three-sector configu-
ration was selected following comparative evaluation against a four-sector alternative,

which exhibited overfitting under the available dataset size.

. Data Synthesis and Augmentation (Chapter 6): The third stage enriches the
training dataset to improve generalisation under sparse and imbalanced real-world
measurements. Two complementary techniques are applied: model-based synthesis, in
which the Birmingham path-loss model generates additional RSS samples for under-
represented spatial regions, and noise-based augmentation, in which Gaussian jitter is

applied to existing RSSI and SNR measurements to simulate realistic signal variability.
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Together these techniques balance the sector-wise data distribution while preserving

the physical plausibility of the training samples.

. Temporal Inference Module (Chapter 6): The fourth and central stage performs
sector-level localisation through a sequential deep learning model. Input features; com-
prising time-indexed RSSI, SNR, and model-derived distance estimates are structured

into fixed-length temporal windows and passed through the following layers:

e Sequence Input Layer: Restructures and normalises the sequential data to fit

as input for the following layers.

e Fully-Connected Layer: Links all inputs from the previous layer to every ac-
tivation unit in the next layer. The proposed model includes two fully-connected
layers. The first contains hidden neurons designed to find the correlation between
input features and the defined classes. The second functions as a classification

layer that matches the dataset classes to its hidden neurons.

e ReLLU and Dropout Layer: Every fully-connected layer is equipped with a
Rectified Linear Unit (ReLU) activation function and a dropout layer to reduce
overfitting by randomly dropping neurons during training, reducing sensitivity to

specific individual weights.

e Bidirectional LSTM (BiLSTM) Schuster and Paliwal, 1997: The core re-
current block captures both forward and backward temporal dependencies across
the packet sequence. By learning from the full sequence at each time step, the
BiLSTM exploits signal evolution patterns that are invisible to static classifiers.

A dropout layer follows to further prevent overfitting.

e Softmax Classification Layer: The output layer produces a probability dis-
tribution over the three sector classes, with the highest probability taken as the

predicted sector of the transmitting node.

58



Theoretical Background and Methodology

The critical conceptual link across all four stages is that the physical path-loss model
is not merely a standalone propagation analysis — it is an active contributor to the machine
learning pipeline. By informing both the synthesis of training data and the construction
of channel-aware input features, the empirical model directly enhances the discriminative
power of the LSTM, enabling localisation performance that would not be achievable from
raw signal measurements alone. The robustness and diagnostic analyses shown on the right of
Figure 3.3 — covering sequence length sensitivity, packet-loss robustness, noise perturbation

analysis, and sector granularity evaluation — are presented in full in Sections 6.5 and 6.6.

3.7 Problem Formulation

The localisation problem addressed in this thesis can be formally stated as follows. The
gateway is assumed to be fixed at a known location g = (0,0), while each transmitting node
occupies an unknown spatial position x; = (z;,v;). The signal sequence observed at the

gateway for node 7 over a temporal window of length 7' is given by:

s; = {(RSSL, SNRt)}tT:1 (3.9)

The objective is to learn a parameterised mapping:
fosi = 2 (3.10)

where z; € {1,2,3} is a discrete spatial sector label derived from the azimuth angle of x;
relative to g. This formulation explicitly frames localisation as a coarse classification
problem rather than coordinate regression, consistent with the single-gateway constraint

under which fine-grained ranging is inherently ambiguous.

Physical interpretation as an inverse mapping. From a physical perspective, the
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received signal is generated by:

S = h(x,8,E) + (3.11)

where h(-) represents the propagation function capturing distance-dependent path loss and
shadowing effects, £ denotes the deployment environment (urban morphology, building ge-
ometry, multipath conditions), and e denotes additive measurement noise. The model fy

therefore learns an inverse mapping:

fo(h(xi,8,8)) = 2 (3.12)

mapping from signal space back to discretised spatial regions. This inverse problem is ill-
posed in general — multiple spatial positions may produce similar signal signatures — but
becomes tractable under the sector-level classification formulation adopted here, where the

target is a coarse angular region rather than a precise coordinate.

Implications for gateway relocation. A key implication of Equation 3.11 is that
the learned mapping fy is conditioned on the fixed gateway location g. If the gateway is

relocated to g’, the signal distribution becomes:

s, = h(x;,g,E) + € (3.13)

Since h(x;,8,&) # h(x;,g',£) in general, the learned model fy may no longer produce valid
sector predictions without retraining on data collected from the new gateway position. This
conditioning on gateway location is an explicit and acknowledged constraint of the proposed
framework, consistent with the environment-specific philosophy discussed in Sections 5.6

and 7.3.

Implications for synthetic data. The synthetic RSS samples used for data aug-

mentation in Chapter 6 are generated using an estimated path-loss model ﬁ(xi, g), which
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approximates the true propagation function h(x;,g,€). This introduces a potential self-
consistency bias: if the path-loss model systematically misrepresents the true signal dis-
tribution, the synthetic samples will reflect these same errors, and the learned mapping fy
may be partially conditioned on model assumptions rather than purely on real-world propa-
gation behaviour. This risk is mitigated through three mechanisms: the use of the corrected
two-slope hybrid model rather than the biased single-slope regression (Section 5.7); KDE
divergence validation confirming statistical consistency between real and synthetic distribu-
tions (Table 6.1, values below 1.71 x 10~%); and ablation evaluation on the original dataset
without synthetic samples, confirming that augmentation does not artificially inflate test
performance (71.6% vs 72.1%, Section 6.5). These mitigations are explicitly acknowledged
as addressing but not fully eliminating the self-consistency bias, which remains a limitation

of the framework as noted in Section 7.3.

3.8 Summary

This chapter has established the theoretical background and methodological framework re-
quired for the development and validation of path loss models in LoRaWAN localisation
scenarios. It began with a thorough overview of LoRaWAN fundamentals, including the
architectural elements, modulation scheme, and deployment characteristics that make Lo-
RaWAN particularly suitable for low-power wide-area networks. This was followed by a
discussion of LPWAN performance metrics, which outlined key parameters such as cover-
age, scalability, energy efficiency, data rate, and reliability—metrics that are critical when

assessing the suitability of LPWAN technologies for IoT deployments.

The chapter then addressed the core topic of channel propagation modeling, highlight-

ing the distinctions between deterministic and empirical models. Deterministic models were
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shown to provide site-specific accuracy at the cost of significant computational requirements.
In contrast, empirical models such as the log-distance and Okumura-Hata formulations of-
fer simplicity and scalability but require calibration and lack generalisability across diverse

environments.

Building upon the limitations of these traditional approaches, machine learning—based
modeling was introduced as a data-driven alternative. By leveraging supervised regression
techniques and advanced architectures such as Long Short-Term Memory (LSTM) networks,
ML-based models can capture nonlinear propagation behaviors and temporal dynamics that
are not easily represented in analytical models. The adaptability of ML models across differ-
ent deployment environments was highlighted as a key advantage, although their dependence

on large, high-quality datasets and potential risk of overfitting were noted as challenges.

Finally, the chapter established the validation framework used in this research. Sta-
tistical error metrics, including Mean Absolute Error (MAE), Root Mean Squared Error
(RMSE), and the coefficient of determination (R?), were defined for evaluating predictive

accuracy.

In summary, this chapter has delivered a comprehensive foundation that integrates
LoRaWAN fundamentals, LPWAN performance metrics, and channel modeling techniques.
By clearly defining both the theoretical principles and methodological tools, it has laid
the groundwork for the subsequent experimental validation and the proposed application of

LSTM-based models for LoRaWAN localisation.
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Chapter 4

Experimental Deployment of LoRaWAN

network

4.1 Introduction

The preceding chapters established the theoretical background and methodological founda-
tions for this research, with a particular emphasis on channel propagation modeling and
machine learning approaches for localisation. In this chapter, we build upon the limitations
identified in simulation studies and establish the need for conducting real-world in an urban
smart city environment with LoRaWAN. Preliminary simulations provided valuable insights
into packet transmission and reception under idealized assumptions. However, they could
not capture the variability and complexity of real deployment environments. Simulated
systems often fail to accurately emulate the effects of multipath fading, interference, and
environmental obstacles, resulting in an incomplete representation of LoRaWAN behavior
in practice. These limitations motivated the development of a dedicated field experiment

designed to validate the proposed models and provide a reliable dataset for further analysis.

The experimental deployment was carried out in the area of Birmingham City Uni-
versity, with the aim of capturing real-world measurements of LoRa packet transmissions.
The data collection setup was designed as a critical component of the research methodology,

ensuring that data was gathered in a structured, reproducible, and reliable manner. Ac-
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cordingly, this chapter describes the geographical location of the deployment, the hardware
infrastructure of an Arduino-based LoRa node (The Things Uno) and a MultiConnect Con-
duit IP67 gateway. the network configuration parameters, and the environmental conditions

under which the experiments were performed.

The chapter begins by revisiting the simulation framework that established the the-
oretical baseline for LoRa packet transmission and reception, and highlights the deficiencies
of these models in representing real-world reception characteristics. This is followed by a
detailed description of the node—gateway deployment, data collection procedures, and prepro-
cessing steps such as packet filtering and normalization. To ensure validity, an experimental
reliability analysis is also presented, focusing on the variation of RSSI and SNR readings

across different conditions and the measures taken to minimize their impact.

Unlike prior measurement campaigns that focus on multi-gateway deployments or
suburban environments, this work emphasizes the constrained single-gateway case in a dense
urban setting. This not only reflects realistic cost-sensitive IoT rollouts but also serves as a

rigorous baseline for evaluating machine learning—based localisation models.

Ultimately, the results of this experimental deployment not only support the objec-
tives of this research but also provide datasets and methodological insights that may be
functionally applied by researchers, professionals, and network operators to improve simula-

tion accuracy and enhance the planning and optimization of LoRaWAN networks.

4.2 Preliminary Simulation

When analyzing LoRa-based systems, it is important to distinguish between LoRa and Lo-

RaWAN. LoRa refers to the physical layer modulation scheme that enables long-range, low-
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power communication, while LoRaWAN defines the higher-layer communication protocol,
mapping to the data link and network layers of the OSI model (Sornin et al., 2015). LoRa
modulation employs a proprietary chirp spread spectrum (CSS) technique, which transforms
a narrowband input signal into a wider channel bandwidth. By continuously varying the
carrier frequency in the form of chirps, LoRa enables receivers to decode signals that are
several decibels below the noise floor, thereby achieving extended communication ranges. A
key feature of LoRa modulation is its support for multiple spreading factors (SFs), which
provide a trade-off between transmission range and data rate. Higher SF values (e.g., SF11
and SF12) produce longer chirps that increase signal robustness in noisy or attenuated en-
vironments, but at the expense of lower data rates. Conversely, lower SF values (e.g., SE7
and SF8) enable faster data transmission with higher throughput but are less resilient under
poor signal conditions. A visual representation of the chirp signals at different SFs is pro-
vided in Figure 4.2, illustrating the increased duration and lower effective rate of higher SF

configurations.

The simulation studies in this research were conducted using MATLAB, a widely
adopted platform for numerical computation and signal processing. MATLAB provides a
flexible environment for modeling communication systems, including matrix-based simula-
tion, advanced visualization, and the integration of customizable toolboxes. A system-level
simulation model was developed (Figure 4.1) to capture the three principal components of
a communication link: the transmitter, the channel, and the receiver. At the transmitter,
chirp signals were generated by linearly sweeping the frequency of the carrier over a specified
bandwidth. Information was encoded by modulating the chirps, with each symbol mapped
to a unique chirp pattern. The properties of the generated signal were determined by the
chosen SF, carrier frequency (f.), and bandwidth (BW). During transmission, the channel
was modeled to include Additive White Gaussian Noise (AWGN), which represents the sim-

plest and most widely used noise model. Configurable signal-to-noise ratio (SNR) levels were
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applied to assess the performance under varying interference and attenuation conditions. At
the receiver, demodulation was performed by correlating the incoming chirps with reference
chirps used during modulation, allowing the retrieval of encoded data despite the presence

of noise.

The simulation results, expressed in terms of bit error rate (BER) versus SNR for
spreading factors ranging from 7 to 12 (Figure 4.3), demonstrate the robustness of higher SFs
under adverse channel conditions. For low SNR values (-35 dB to —25 dB), SF11 and SF12
maintained relatively low BERs, confirming their suitability for long-range communication
in noisy environments. By contrast, SF7 and SF8 exhibited higher BERs under the same
conditions, limiting their applicability in weak signal environments. At higher SNR levels
(-15 dB to -5 dB), all spreading factors performed reliably, with BER values decreasing

significantly, though the trade-off in transmission time remained evident.

These simulations provided valuable insights into the theoretical performance of LoRa
modulation. They enabled the identification of expected signal strength ranges and the cov-
erage distances achievable under idealized channel assumptions. However, while simulations
are effective in modeling controlled conditions, they cannot fully replicate the complexity of
real-world environments, including multipath fading, urban obstacles, and interference from
other networks. Therefore, simulations alone are insufficient to validate the applicability
of LoRaWAN for practical deployment. This limitation established the need for the field
experiments described later in this chapter, where real-world data collection and reliability

analysis are employed to complement and refine the findings from simulation.
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4.3 Field Experiment: Birmingham City Center

After acknowledging the shortcomings of the LoRa simulation results in replicating real-world
packet propagation, and considering the availability of off-the-shelf LoRaWAN modules, we

proceeded to deploy our own experimental network in Birmingham.

Field experiments were carried out in Birmingham City Center, a densely populated
urban area characterised by a mixture of high-rise buildings, open spaces, and various sources
of wireless interference. The choice of this location was motivated by the fact that it rep-
resents a realistic urban environment with the presence of buildings, traffic, and dynamic
environmental conditions. Signal propagation in an urban setting is affected by reflections,
shadowing, and absorption, making it a suitable test environment for evaluating path loss
models and localisation accuracy. Additionally, Birmingham is a leading smart city hub,

making it relevant for assessing the practical applicability of LoRaWAN in smart city appli-
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Figure 4.4: End-to-end LoRaWAN data flow through The Things Network, showing uplink
from the end node to gateway, packet forwarding to the network server, and application-level

data access.

cations, industrial IoT, and environmental monitoring.

The LoRaWAN gateway was installed at an elevated location on the campus to maxi-
mize coverage. Gateway placement was carefully chosen to ensure visibility across open zones
while still allowing measurement of attenuation and fading effects in obstructed areas. The
height and orientation of the gateway antenna were documented to ensure reproducibility

and provide input for propagation modeling.

4.4 Experimental Settings

This section outlines the practical implementation of the experimental campaign, cover-
ing the deployment of the LoRaWAN gateway, the integration of the network with The
Things Network (TTN), and the configuration of sensor nodes. The focus is on ensuring
methodological clarity, reproducibility, and transparency of the end-to-end data collection
pipeline. Figure 4.4 illustrates the end-to-end data flow of the deployed LoRaWAN system
through The Things Network (TTN), showing the uplink transmission path from the end
node through the gateway, packet forwarding via the UDP protocol to the TTN network
server for decoding and integrity checking, and final application-level data access via the

MQTT broker for local storage.
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summarized in Table 4.1.

Figure 4.5: Map of Birmingham City Centre showing the gateway installation site and

georeferenced data collection points across seven measurement campaigns.

4.4.1 Gateway Installation and Deployment

The MultiConnect Conduit P67 gateway served as the central node for receiving LoRa
transmissions from the mobile end device. It was installed at a high-altitude indoor location
on the Birmingham City University campus to maximize line-of-sight (LOS) coverage, en-
sure secure mounting, and provide reliable power and internet connectivity. BCU’s central
location in Birmingham City Center enabled the gateway to capture data across diverse
urban environments. Figure 4.5 shows the gateway position relative to the routes of seven

measurement campaigns. Hardware characteristics of the gateway and the TTN node are
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Table 4.1: Characteristics of MultiTech Gateway and The Things Uno node

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 14dBm -
Rx current consumption - 14.2 mA

4.4.2 Network Integration and Monitoring

The deployed LoRaWAN network was integrated with The Things Network (TTN), which
served as the backend for packet forwarding, MAC-layer decoding, and data access. The gate-
way was registered on the TTN Console using its unique EUI and configured as a packet for-
warder via the Semtech UDP protocol to the TTN European server (eul.cloud.thethings.network).
Once active, it relayed uplink transmissions containing both payloads and metadata (RSSI,

SNR, spreading factor, frequency, timestamp).

At the TTN backend, the Network Server verified message integrity, performed MAC-
layer decryption, and passed decoded packets to the Application Server. For this work,
MQTT integration was used to stream JSON packets in real time, which were parsed and
stored locally in structured CSV files. This ensured that the entire pipeline—from node

transmission to local storage—was transparent and reproducible.

Other platforms were briefly considered: MultiTech DeviceHQ was tested but dis-

carded due to its enterprise focus, while Cayenne IoT was used only for real-time visualization

71



Experimental Deployment of LoRaWAN network

during experiments (e.g., live RSSI monitoring). All subsequent analysis relied exclusively

on the structured MQTT data stream.

4.4.3 Sensor Node

A single TTN LoRaWAN end device, “The Things Uno,” (shown in Fig. 4.9a) was deployed
across Birmingham City Center. The node is based on the Arduino Leonardo with an inte-
grated RN2483 LoRaWAN module (Class A) (Technology, 2015-2020), operating at 868 MHz
with a sensitivity of —148 dBm. To provide location context, the node was augmented with
an Adafruit GPS module (MTK3339 chipset), capable of tracking 22 satellites at a sensitivity
of -165 dBm.

The node periodically transmitted packets containing GPS coordinates, RSSI, and
SNR to the TTN gateway. While additional sensors (e.g., temperature, humidity) could be
supported, they were excluded to reduce overhead and focus on the radio link performance.
Furthermore, as validated in Fig 4.11, the embedded antenna exhibited near-isotropic be-
haviour, ensuring that orientation effects did not bias the collected data. This configuration

provided the core dataset used for subsequent path-loss modeling and localisation analysis.

4.5 Measurement Setup

The measurement campaign was conducted in Birmingham city centre, a dense urban envi-
ronment characterised by high-rise buildings, traffic, and multipath interference. A fixed Lo-
RaWAN gateway was installed at Birmingham City University, while the end device (Leol)
was battery-powered and operated in mobile conditions (car, bus, and on foot) to ensure

broad spatial coverage. The node transmitted packets periodically, embedding GPS coordi-
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Figure 4.6: System model with LoRa end node, Gateway, NS, and data-base (DB) server.

The End nodes send the information to the GW via LoRaWAN, and it retransmits the
information to the NS. The NS exposes an MQTT broker that is used to retrieve and store

the data on a DB server.

nates for georeferenced analysis.

The overall experimental architecture is illustrated in Fig. 4.6, showing the data
flow from the mobile end node to the gateway, network server, and local storage. The
end device (Arduino + LoRa transceiver) sent uplink packets using chirp spread spectrum
modulation at 868 MHz. These were captured by the MultiConnect Conduit gateway, which
forwarded raw payloads and metadata (RSSI, SNR, spreading factor, timestamp) to The
Things Network (TTN) via the Semtech UDP packet forwarder. At the TTN backend,
packets were verified, decrypted, and streamed via the MQTT interface. The data were
parsed into structured CSV/SQL tables and stored locally, ensuring reproducibility and

compatibility with subsequent preprocessing and modelling.

Example screenshots of the raw Arduino output (Fig. 4.7) and TTN console traffic
(Fig. 4.8) are provided to demonstrate the raw data formats at both the device and network
server levels, highlighting the reproducibility of the experimental setup. Hardware details
of the gateway and node are summarised in Table 4.1, while photographs of the deployed

devices are shown in Fig. 4.9. Together, this setup ensured that the dataset was both reliable
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and representative of real-world LoRaWAN performance in a complex urban environment.

4.6 Data Collection and Pre-processing

In this research, data collection was carried out to analyze the impact of environmental
parameters on LoRaWAN network reception. The study required real-world signal data
obtained from an experimental LoRaWAN testbed, ensuring accurate representation of real-
world conditions. Ensuring data integrity and reliability was critical before proceeding to
path-loss modeling. The preprocessing pipeline combined hardware validation, data cleaning,

statistical filtering, and reliability checks, as outlined below.

4.6.1 Packet Acquisition and Logging

Packets were transmitted periodically from the Things Uno node using Over-the-Air Activa-
tion (OTAA). Payloads were encoded in the Cayenne Low Power Payload (LPP) format and
carried metadata (RSSI, SNR, GPS coordinates). At the backend, packets were streamed
from TTN’s MQTT broker in JSON format and parsed into structured CSV tables. Example
raw outputs are shown in Fig. 4.7 and Fig. 4.8, confirming correct integration of GPS and

LoRaWAN metadata.

4.6.2 Arduino: Coding the TTN node

The Things Uno node was programmed to transmit GPS-tagged packets over LoRaWAN
using Over-the-Air Activation (OTAA). The payloads were encoded in Cayenne Low Power
Payload (LPP) format to ensure compact and interoperable representation. A lightweight

Arduino sketch, integrating LoRaWAN and GPS libraries, handled device registration, pe-
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riodic transmission, and geolocation parsing. This allowed every received packet to carry
metadata (RSSI, SNR) tied to precise location coordinates, ensuring georeferenced datasets

for subsequent analysis.

For validation, the Arduino serial monitor was used to log real-time transmissions, in-
cluding GPS coordinates, altitude, satellite count, and confirmation of successful LoRaWAN
uplink (Fig. 4.10). This confirmed correct integration of the GPS module with the Lo-
RaWAN stack and ensured that each packet carried both signal metadata and geolocation

information.

4.6.3 Hardware Validation: Antenna Pattern

Prior to data collection, the embedded antenna of the Things Uno node was tested to assess
whether orientation introduced measurable bias. The node was rotated over a fixed period
while transmitting empty packets. RSSI values were logged and averaged in MATLAB to
generate a polar pattern (Fig. 4.11). Results indicated near-isotropic behaviour, with less
than 0.02% deviation from the mean, far below the natural fluctuation of RSSI in outdoor
environments. Consequently, antenna orientation was not considered a confounding factor

in later experiments.

4.6.4 Data Cleaning

All raw packets were filtered to remove duplicates, incomplete entries, and corrupted pay-
loads. A haversine distance calculation was used to validate GPS coordinates, ensuring
consistency with the recorded gateway location. This ensured that only georeferenced and

valid packets were retained.
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4.6.5 Data Outlier Detection and Elimination

Detecting and eliminating outliers is a crucial step in preparing experimental data, as out-
liers can significantly distort statistical measures and compromise the validity of subsequent
modeling. Outliers may arise from sensor inaccuracies, transmission errors, or atypical en-
vironmental conditions. If not addressed, these values can bias regression coefficients and

inflate error metrics.

A common approach is to identify outliers as points lying outside the interval defined
by the mean + three standard deviations. However, because both the mean and the stan-
dard deviation are themselves highly sensitive to extreme values, this method often proves
unreliable. As an alternative, Leys et al. (2013) recommend the median absolute deviation

(MAD), which is considerably more robust to abnormal values. The MAD is defined as:

MAD =b- M; (|2 — M;(z;)]) (4.1)

where x; represents the IV original observations and M, denotes the sample median.
The constant b = 1.4826 scales the MAD under the assumption of normality, while remaining

insensitive to outlier influence (Donoho and Huber, 1983).

To determine whether a data point should be flagged as an outlier, the following

decision criterion was applied (Miller, 1991):

|lz; — M|
= lsy

VAD (4.2)

where M is the median and v is a threshold parameter, commonly chosen as 2, 2.5,

or 3. In this study, v = 3 was selected to ensure conservative rejection.
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Figure 4.12 illustrates the application of Equation 4.2 to RSSI measurements, with
six points exceeding the upper MAD threshold and flagged as outliers. Table 4.2 lists these

outliers, showing their absolute deviation and corresponding distances from the gateway.

Table 4.2: Identified outliers and their deviations from the 3*MAD threshold

Outlier | Absolute Deviation from 3*MAD | Distance (m)
1 10.6566 99.36
2 5.6566 68.03
3 3.6566 139.4
4 3.6566 65.35
5 2.6566 156.02
6 1.6566 74.87

An iterative elimination process was then conducted, where flagged outliers were
sequentially removed and the regression model recalculated at each step. The impact of
outlier removal was evaluated using statistical metrics including mean squared error (MSE),

standard error (o.), adjusted R?, and the sum of squared errors (SSE).

Table 4.3 summarizes the results. The initial model (Iteration 1, without outlier elim-
ination) produced an MSE of 28.05, already outperforming the Oulu model by approximately
20%. With successive eliminations, MSE decreased further to 24.91, while SSE also dropped
significantly, indicating improved model fit. Adjusted R? initially increased but declined
slightly in later iterations, reflecting the trade-off between reduced error variance and the

diminishing explanatory power as data points were removed.

These results confirm that conservative outlier elimination improves model accuracy

and robustness by reducing noise-induced variance, while preserving the essential character-
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Table 4.3: Statistical performance of regression model across outlier elimination iterations

Iteration | Data Tradeoff | MSE | o, | Adjusted R? SSE
1 15 28.05 | 7.83 0.447 1.498e+04
2 30 27.86 | 7.85 0.402 1.431e+04
3 a7 27.20 | 7.87 0.330 1.207e+04
4 78 26.85 | 7.95 0.271 1.019e4-04
) 87 24.91 | 7.61 0.264 8.07e+03

istics of the dataset. This refined dataset is subsequently used in the experimental repetition

and reliability analysis described in Section 4.6.6.

4.6.6 Experimental Reliability Analysis

The repetition principle is an important step in scientific and experimental research, as the
observations and readings are affected by natural variables that can be stationary or random,
which require a fair amount of samples to reveal their changing regularity. Stabilizing the
mean and the standard deviation are the foundation of repetition, resulting in a population

fairly represented by the sample (Hu, Bao, and Q. Wang, 2011).

To achieve the aforementioned, we maintained two methods, the first approach was
collecting a series of measurements for each location during the same experiment, then
averaging the values for a reliable estimate. The second approach was collecting the mea-
surements from similar locations but at different times. To achieve that, the data collected
from 7 successful experiments throughout a time span of 15 months has been separately
analysed as shown in fig. 4.5, where each experiment’s data points retrieved is presented in

a different color. Even though each experiment was concerned with its own path, there was
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enough points overlapping. The analysis included an algorithm that was used to go through
all data-location pair, calculate the haversine distance, which is the distance from the GPS
co-ordinates to the gateway location. Then, cross-reference the resulting distance with the
GPS co-ordinates to find close by locations, since the distance on its own can represent any
point on the circumference of a circle centered from the gateway. The algorithm identified
the close-by locations using a threshold of approximately 15 m. This threshold was chosen
after considering the accuracy of the GPS chip used in the experimentation and the GIS

system that is 3 m and 11 m, respectively.

Fig. 4.13 shows the first output of the algorithm, as every cluster of points is the
output of overlapping close-by locations from at least 2 different experiments. Additionally,
to maintain an even analysis, the algorithm was assembled to output clusters in different
directions and distances of the spanned area. The results of this analysis can be found in table
4.4, where the average distance of each cluster from the gateway, the average and variance
RSSI from various experiment are computed to be compared to the actual measurements
found using the B’ham model when applied to the same average distance. The results show
that the variance of measurements from different experiments around the same location are
quite similar which conveys the validity of the assumption that the RSSI for every location is
stationary. Moreover, when comparing the average RSSI to the RSSI yielded when applying
the B’ham model, a trend of overestimating the true value of RSSI in close-by distances to
the gateway, i.e. distances less than or equal to 300 m, can be found. In the same way, the

model underestimates the power received in longer distances.
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Table 4.4: Analysis from experimental repetition

Areal | Area 2 | Area 3 | Area 4 | Area 5 | Area 6

Mean Distance (m) | 309.5 017.8 | 176.84 | 290.53 | 450.62 | 646.75

Mean RSSI -109.5 | -108.5 | -101.8 | -108.37 | -105.66 | -108.67

Variance RSSI 0.25 1.66 31.77 0.23 0.333 0.333

Bham Model RSSI
-104 -109.6 | -97.89 | -103.32 | -108.13 -112

estimate

K-mean
-110.96 | -108.99 | -98.38 | -109.55 | -108.99 | -108.99

Clustering Model

Distribution-based
-105.98 | -108.23 | -103.5 | -105.71 | -107.62 | -109.2

Clustering Model

4.7 Limitations

While the experimental design was carefully planned, certain limitations must be acknowl-

edged:

e Mode of Transportation: Data were primarily collected on foot, with limited use
of vehicular routes. As a result, some mobility dynamics (e.g., high-speed vehicular

fading) were not fully captured.

e Urban-Specific Environment: Measurements were confined to Birmingham city
centre. While dense urban features make it a challenging testbed, results may not

fully generalise to suburban or rural environments.

e Gateway Placement: The LoRaWAN gateway was installed indoors due to univer-
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sity regulations. Although the elevated position ensured reasonable coverage, outdoor
mounting at higher elevation would have provided improved visibility, reduced shad-

owing effects, and potentially extended the reliable communication range.

4.7.1 Implications of the Single-Gateway Design Choice

1. Mobility: A key advantage of the single-gateway approach is its independence from
multi-point synchronisation, which traditional TDoA and multilateration methods re-
quire. In this framework, spatial disambiguation is achieved instead through the tem-
poral evolution of RSSI and SNR values as the node moves through the environment
— a fundamentally different and infrastructure-light mechanism. This approach is
well suited to low-to-moderate mobility scenarios, such as the pedestrian and slow-
vehicular conditions under which the dataset was collected, where the node remains
within a sector long enough to generate a meaningful temporal sequence of packets for

classification.

2. Temporal Validity: The dataset was collected across seven measurement campaigns
spanning 15 months, deliberately introducing temporal variability in environmental
conditions, including seasonal changes, varying pedestrian density, and transient ur-
ban obstructions, to ensure the dataset is representative of real-world signal dynamics
rather than a snapshot of idealised conditions. The reliability analysis in section 4.6.6
confirmed that RSSI values at repeated locations remained statistically consistent
across campaigns, validating the stationarity assumption underpinning the path-loss
model. This consistency across 15 months of diverse conditions is itself evidence of the
robustness of the single-gateway measurement approach. In long-term deployments,
periodic recalibration of the path-loss model would maintain classification accuracy as

the urban environment evolves. A lightweight requirement that is entirely consistent
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with the low-overhead philosophy of the framework.

. Real-Time Applicability: The single-gateway design is inherently well suited to
real-time deployment, as it requires no inter-gateway communication, synchronisation
overhead, or centralised infrastructure coordination. In a live deployment, the system
accumulates a temporal window of sequential packets; corresponding to the 5, 10, or
15 second intervals used during training, before issuing a sector prediction. This accu-
mulation window is a natural consequence of exploiting temporal signal evolution for
spatial inference, and represents a modest and predictable latency that is fully con-
sistent with the event-driven, low-data-rate nature of LoRaWAN applications such as
asset tracking and environmental monitoring. Once a sufficient sequence is available,
the computational overhead of classification is negligible (fewer than 0.01 GFLOPs
per inference) confirming that the framework is deployable in real time on resource-
constrained LoRaWAN gateways without additional processing hardware. These char-
acteristics collectively reinforce the single-gateway approach as a practical and scalable

localisation solution for real-world IoT deployments.

4.8 Summary

This chapter detailed the design and deployment of a real-world LoRaWAN testbed in Birm-

ingham City Center. A constrained single-gateway setup was implemented, supported by

systematic node—gateway integration, reliable data acquisition, and rigorous preprocessing.

The resulting dataset is annotated with RSSI, SNR, and GPS metadata, ensuring trans-

parency and reproducibility.

This chapter contributes as follows; (i) the deployment of an urban LoRaWAN net-

work tailored to evaluate path-loss behavior under dense multipath conditions, (ii) the col-
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lection of a large-scale dataset validated through antenna pattern testing and experimental
repetition, and (iii) a transparent data pipeline from raw packets to structured storage.
Together, these elements provide a unique dataset and experimental foundation for the

propagation modeling and localisation studies in the subsequent chapters.

The output of this chapter is a structured, validated dataset comprising georefer-
enced LoRaWAN measurements; including RSSI, SNR, GPS coordinates, and timestamps,
collected across seven independent measurement campaigns in Birmingham City Centre. The
preprocessing pipeline described in this chapter, encompassing duplicate removal, haversine
distance validation, MAD-based outlier elimination, and experimental reliability analysis -
transforms the raw device and network outputs into a clean, statistically consistent dataset
ready for downstream analysis. Specifically, this dataset serves two distinct roles in the
subsequent chapters: in Chapter 5, it forms the empirical basis for deriving and validating
the Birmingham-specific path-loss model through regression and clustering analysis; and in
Chapter 6, the cleaned and augmented version of this dataset is used to train, validate,
and evaluate the proposed LSTM-based localisation framework. The integrity and represen-
tativeness of this dataset; established through the reliability analysis in Section 4.6.6, are

therefore foundational to the validity of all subsequent modelling and classification results.
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Arduino Serial Monitor -- COM3 (115200 baud)

Initializing LoRaWAN stack...
OTAA Join successful.

DevEUI: 70B3D57EDOO5A1C2
AppEUI: 0000000000000001

DevAddr: 26011F4A

[TX] Packet #001 | SF: 7 | BW: 125 kHz | CR: 4/5
Payload (LPP): RSSI=-87 dBm | SNR=6.5 dB
GPS: Lat=52.4796, Lon=-1.9026, Alt=141m
Satellites: 7 | Fix: Valid

Status: ACK received

Packet #002 | SF: 7 | BW: 125 kHz | CR: 4/5
Payload (LPP): RSSI=-91 dBm | SNR=4.2 dB
GPS: Lat=52.4801, Lon=-1.9031, Alt=140m
Satellites: 7 | Fix: Valid

Status: ACK received

Packet #003 | SF: 7 | BW: 125 kHz | CR: 4/5

Payload (LPP): RSSI=-94 dBm | SNR=3.8 dB

GPS: Lat=52.4809, Lon=-1.9038, Al1t=139m
Satellites: 8 | Fix: Valid

Status: ACK received

Figure 4.7: Arduino serial monitor output showing raw LoRaWAN uplink transmissions
from the Things Uno end device. Each packet record includes the spreading factor (SF),
bandwidth (BW), coding rate (CR), received signal strength (RSSI), signal-to-noise ratio
(SNR), GPS coordinates, satellite count, and acknowledgement status, confirming correct

OTAA registration and georeferenced packet transmission.
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Time Type RSSI SNR SF / BW
(UTC) (dBm) (dB)
09:14:32.401 | Uplink —87 6.5 SF7/125
09:14:48.112 Uplink —91 4.2 SF7/125
09:15:03.887 | Uplink —-94 3.8 SF7/125
09:15:19.204 | Uplink —89 5.1 SF7/125
09:15:34.991 | Uplink —96 2.9 SF7/125
09:15:50.673 | Downlink | — — SE7/125

Field Value

Device Address 26011F4A

Device EUI 70B3D57ED005A1C2

Application EUI 0000000000000001

Gateway EUI 58A0CBFFFE803792
Network Server eul.cloud.thethings.network
Protocol Semtech UDP Packet Forwarder

Figure 4.8: TTN console traffic view showing uplink and downlink packet records for the
deployed LoRaWAN end device. The upper table presents per-packet signal metrics including
reception timestamp (UTC), message type, RSSI, SNR, and radio configuration (SF/BW).
The lower table summarises device and network identifiers confirming correct registration of

the end device and gateway on the TTN European server.
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INOUSTRIA
* DURACE

Professional Alkaline Battery

HeVd 9INPOW

(a) Leol LoRa end node comprising (b) MultiConnect Conduit IP67 LoRaWAN
an Arduino Leonardo, integrated LoRa gateway installed at the fixed deployment
transceiver, GPS module (Ultimate GPS site with dual LoRa antennas and Ethernet
Breakout V3), and 9V battery pack. connection.

Figure 4.9: Field deployment hardware used in the Birmingham City Centre LoRaWAN

experimental testbed.
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Arduino Serial Monitor -- GPS + LoRaWAN Integration Validation

GPS Module: NEO-6M | UART Baud: 9600
LoRaWAN Stack: LMIC | Activation: OTAA
--- GPS Fix Acquired ---

Latitude : 52.479634 deg N
Longitude : -1.902571 deg W
Altitude : 141.20 m

Speed : 1.34 km/h

Satellites: 7

Fix Type : 3D Fix (Valid)

--- LoRaWAN Uplink Prepared ---
Encoding : Cayenne LPP Format

Channel : 868.1 MHz

Payload : [GPS_LAT] [GPS_LON] [GPS_ALT] [RSSI] [SNR]

--- Transmission Status ---
Packet ID : #047

TX Power : 14 dBm

SF /BW : 7 / 125 kHz

Air Time : ©56.6 ms

ACK : Confirmed (FCnt: 47)

Integration: GPS + LoRaWAN OK

Figure 4.10: Arduino serial monitor output confirming successful integration of the GPS
module with the LoRaWAN stack. The output shows a valid 3D GPS fix with latitude,
longitude, and altitude coordinates, alongside LoRaWAN transmission parameters encoded
in Cayenne LPP format. The confirmed acknowledgement (ACK) and frame counter (FCnt)
validate correct uplink delivery to the TTN network server, ensuring that each transmitted
packet carries both precise geolocation data and LoRaWAN signal metadata for subsequent

analysis.
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Figure 4.11: Directivity plot.
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Figure 4.12: Median absolute deviation of RSSI values, with identified outliers exceeding the
3*MAD threshold.
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Figure 4.13: Close-by locations achieved from different experiments
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Chapter 5

Path-loss Modeling: Mathematical,

Empirical and Regression

5.1 Introduction

Understanding radio signal attenuation—commonly expressed as path loss—is a fundamen-
tal requirement in the design and optimization of LoRaWAN networks. Path-loss modeling
quantifies how the received signal power decays with distance and environmental conditions,
and it directly affects network planning, coverage prediction, and resource allocation. De-
spite the extensive body of research on propagation modeling, there remains a clear gap in
establishing a robust, environment-specific representation of the power—distance relationship

for LoRaWAN deployments in Birmingham’s dense urban setting.

This chapter addresses that gap by developing and validating an empirically derived
Birmingham Path-Loss Model, constructed from the real-world measurement campaign de-
scribed in Chapter 4. The analysis integrates classical mathematical formulations, empirical
models, and data-driven regression techniques to derive environment-calibrated parameters
that better reflect the propagation dynamics of LoRaWAN in heterogeneous urban topolo-

gies.

A key parameter in all propagation models is the Path-Loss Exponent PLE (n),
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which characterises the rate of signal attenuation with distance. In free-space conditions,
the n value typically approaches 2, while in dense urban or obstructed environments it in-
creases to values between 3 and 5. Accurate estimation of the PLE is therefore essential
for realistic modeling and reliable network simulation. To achieve this, the chapter applies
regression-based estimation, complemented by clustering and distribution-based techniques,
to segment and model near- and far-field propagation zones. These methods enhance model
accuracy and interpretability compared to global regression approaches. The data prepro-
cessing pipeline—including outlier detection and elimination—ensures that the derived model

parameters are statistically consistent and robust to measurement noise.

In summary, this chapter presents a comprehensive framework for deriving, validating,
and benchmarking path-loss models for LoRaWAN in urban environments. The resulting
model forms the foundation for subsequent localisation and machine-learning analyses. The
key findings and results of this chapter have been published in (A. ElSabaa, Guéniat, Wenyan
Wu, and Ward, 2022).

5.2 Path Loss and Influencing Factors

Path loss represents the attenuation of transmitted power as a signal propagates from the
LoRa node to the gateway. While its theoretical behavior has been discussed in Section 3.5,
the practical manifestation of path loss depends strongly on the environmental and system
characteristics present during measurement. In this section, we highlight the main factors
that influenced the received signal strength in the Birmingham field experiments, forming

the empirical basis for the regression and clustering models developed later in this chapter.

91



Path-loss Modeling: Mathematical, Empirical and Regression

5.2.1 Propagation Geometry and Distance

In an ideal free-space environment, received power decays logarithmically with distance.
However, in dense urban areas such as Birmingham City Centre, multipath, diffraction, and
shadowing alter this relationship. The mixture of open plazas and street canyons surrounding
the BCU campus produced localised deviations from the free-space curve, necessitating an

environment-specific estimation of the path-loss exponent (n) and intercept (B).

5.2.2 Frequency and Channel Band

The network operated at 868 MHz within the European ISM band—chosen for its favorable
balance between propagation range and penetration capability. Although sub-GHz signals
can diffract effectively around obstacles, this frequency remains susceptible to absorption by
reinforced concrete and reflective interference from glass and metal surfaces, both of which

are abundant in the test area.

5.2.3 Transmission Power and Receiver Sensitivity

The Things Uno node transmitted at 14 dBm, consistent with LoRaWAN regulations and the
hardware configuration described in Chapter 4. The MultiConnect Conduit gateway, with a
sensitivity of approximately —148 dBm, provided a high link budget suitable for long-range
reception. Deviations from the theoretical link budget in the measured data thus primarily

represent environment-induced loss rather than hardware limitation.
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5.2.4 Urban Morphology and Obstructions

The propagation environment in Birmingham is typified by multi-storey buildings of mixed
material composition—brick, concrete, and glass—which create both line-of-sight (LOS) and
non-line-of-sight (NLOS) conditions. The resulting reflections and diffractions produced
clusters of constructive and destructive interference, particularly in street corridors aligned
perpendicularly to the gateway. These effects explain many of the local minima and maxima

observed in the raw RSSI-distance plots.

5.2.5 Modulation Parameters

As discussed in Chapter 3, LoRaWAN performance depends on the spreading factor (SF),
bandwidth (BW), and coding rate (CR). To ensure consistency across experiments, SF = 12,
BW = 125 kHz, and CR = 4/5 were fixed throughout all measurements. This configuration
favored long-range detection with high reliability, at the cost of data rate. The uniform
configuration also ensured that variations in measured RSSI and SNR could be attributed

primarily to environmental rather than configuration differences.

5.2.6 Antenna Characteristics and Mounting Height

The Things Uno node used a built-in omnidirectional antenna whose isotropic radiation pat-
tern was validated experimentally (Fig. 4.11). The gateway antenna, however, was installed
indoors at roughly 15 m elevation. While this height provided reasonable urban coverage,
indoor mounting limited visibility toward distant or obstructed areas. An outdoor, elevated
installation would have likely improved LOS coverage and reduced shadowing effects, but

institutional constraints restricted external placement.
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5.2.7 Temporal and Atmospheric Variations

Variations in temperature, humidity, and air density can affect propagation through minor
refractive and absorptive changes. Although such effects are small at 868 MHz, temporal
factors such as vehicular traffic, pedestrian density, and transient interference contributed to
short-term RSSI variability. These were mitigated by averaging across repeated experiments

and through the reliability analysis discussed in Section 4.6.6.

The combined influence of geometry, frequency, environment, modulation, and an-
tenna configuration defines the real-world attenuation behavior of LoRaWAN in Birming-
ham. By quantifying these influences and linking them to empirical data, the following
sections derive regression-based and hybrid path-loss models that capture both large-scale

and small-scale propagation effects more accurately than existing formulations.

5.3 Baseline Path-Loss Models for Comparison

The empirical and deterministic models introduced in Chapter 3 provide a theoretical foun-
dation for wireless signal attenuation. In this section, these models are revisited and pa-
rameterized for the Birmingham LoRaWAN deployment, serving as benchmarks for the

regression-based model developed in subsequent sections.

5.3.1 Log-Distance Path-Loss Model

The log-distance path-loss model, previously discussed in Section 3.5.1.1, represents a general
relationship between received power and transmitter-receiver separation. Here, it is applied

using measured data from the Birmingham experiment to provide a theoretical reference for

94



Path-loss Modeling: Mathematical, Empirical and Regression

comparison. The model is defined as:
d
PL(d) = PL(dy) + 10nlogy, (d—> + X, (5.1)
0

where PL(dp) is the path loss at a reference distance dy, n is the path-loss exponent, and
X, represents log-normal shadowing. Although simple, this model assumes a homogeneous
propagation environment and does not account for terrain variability or NLoS obstruc-

tions—Ilimitations that make it suitable mainly as a first-order theoretical reference.

5.3.2 Empirical Path-Loss Models Applied

To benchmark the proposed model, several well-established empirical models were param-
eterized according to the experimental setup (frequency f = 868 MHz, gateway height
hiz =~ 15 m, and receiver height h,, ~ 1.2 m). These include the Free-Space Path Loss

(FSPL), Okumura-Hata, and COST-231 Hata models, which are briefly summarized below

for completeness.

1. Free-Space Path Loss (FSPL) Provides the ideal line-of-sight reference and defines

the minimum achievable attenuation between the transmitter and receiver:

PLpg = 2010g,,(f) + 201og,(d) + 32.45. (5.2)

2. Okumura—Hata Model Extends empirical formulations to include antenna height

corrections and environmental factors, suitable for frequencies between 150-1500 MHz:

PLog = 39.55+26.16 log,(f)—13.8210g, o (hir) —a(hre ) +[44.9—6.55 log o (A )] logyo(d),
(5.3)

where a(h,,) = 3.2[log,,(11.75h,,)]*> — 4.97 is the correction factor for large cities.
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3. COST-231 Hata Model An extension of Okumura—Hata for metropolitan areas and

higher frequencies (up to 2000 MHz), defined as:

PLCOST231 =46.3 + 339 loglo(f) —13.28 10g10(hm) - a<hrz)

+[44.9 — 6.55logyy(her)] logyo(d) + C,

where C' = 3 dB for metropolitan environments.

5.3.3 Purpose and Integration

These analytical models serve as theoretical baselines for evaluating the measured LoRaWAN
data collected across Birmingham. By contrasting empirical and site-specific regression mod-
els, it becomes possible to quantify the deviation between globally parameterized predictions
and actual urban performance. This comparison forms the basis for the regression-based
analysis presented in the next section, where a localised path-loss model is derived and

evaluated using experimental measurements.

5.4 Regression Analysis based on Data Collected

Regression analysis was employed to estimate the Path Loss Exponent which quantifies
signal attenuation over distance. Accurate estimation of path loss exponent is fundamental to
LoRaWAN performance prediction and localisation accuracy. By employing linear regression
on the log-distance path loss model, the PLE (n) was obtained by minimizing the mean

squared deviation between measured and predicted RSSI values, as expressed in:

_ Zf:ﬂim(d%) — Pe§p<d0)]’ (5.5)
Sy 10log(j—;)

96



Path-loss Modeling: Mathematical, Empirical and Regression

where P, (d;) represents measured path loss and P,,,(dp) is the expected path loss at reference

distance d; is the reference distance, k is the number of measurements taken.
The path loss (PL) of the measurement taken is determined as;

P, = P, — RSSI + G7, + Gre, (5.6)

with the transmit power of the gateways P, , the gain of the gateway antennas G,
and the gain of the node antennas G,,. The path loss and the distance between gateway

and node is used to determine a regression curve for the expected path loss using;

PL.,, = B+ 10nlog 10(d), (5.7)

with the distance d in meters , B defining the PL intercept and n being the PLE.

Starting by importing the data collected from the LoRa gateway (excel sheets) on
MatLab, then creating a database with the distances (m), RSSI (dBm), SNR (dB), the
latitude (Lat) and longitude (Lon) of the GPS co-ordinates. Duplicate rows are removed
to ensure unique data points, then missing or NaN (Not-a-Number) values are filtered out
to maintain data integrity. To linearize the log-distance relationship, the logarithm of the
distance was used as the independent variable, allowing both axes to share a consistent dB
scale for regression fitting. That is, since the RSSI values are in (dBm), a transformation
to a logarithmic scale of distance for the x-axis to have both axes in the same scale. To
identify the model, a regression based on the minimization of the mean square errors is
done. The cost function by J(C) := >, |[|RSSThneae(d;, ¢) — RSSI||?, where i corresponds
to the ith measurement, and ¢ € R? 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 J((¢), following the derivative-free Nelder-Mead method (Lagarias et al., 1998).

CER?
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The Nelder-Mead derivative-free optimization algorithm was selected due to its robustness

to noisy empirical data and non-convex cost landscapes.

The regression process and the resulting model comparisons are visualised in Fig-
ures 5.1-5.2, illustrating both the raw experimental distribution and the fitted trend against
established empirical models. Fig. 5.2 shows a comparison between the initial regression
model of the data collected, free-space model and Cost-231 Hata model. It is obvious how
the free-space model significantly underestimates the path loss in practical environments
since it assumes no obstructions. The COST 231-Hata model better follows the trend of
measured data yet fails to capture all variations. While the initial regression fit closely fol-
lows the distribution of experimental data, suggesting it captures the real-world propagation
effects more accurately than traditional models. The regression model lies above the COST
231-Hata curve, implying additional loss factors (e.g., interference) that are accounted for
in the regression model. Some deviations between the regression fit and experimental data
might be due to localised anomalies, such as obstructions of buildings or sudden changes in

terrain.

With the consideration of many packets coming from the same distance, with similar
GPS co-ordinates but variant RSSI and SNR, we then chain the similar distances with their
corresponding mean, median and variance for both the SNR and RSSI. To assess intra-
distance signal variability, Fig. 5.3 shows the median and variance of RSSI values grouped
by distance bins, highlighting the spatial heterogeneity of signal quality. The high variance
in RSSI suggests increased signal fluctuations due to environmental factors like obstacles,
interference, or multipath fading. While the low variance suggests stable signal conditions,
likely open environments with fewer obstructions. With more focus on the data points with
high median RSSI values, the next section further examines those data points to validate
if they can be considered outlier, remove them and re-construct the regression model to

distinguish their effect.
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Figure 5.1: Data collected from each individual experiment

5.4.1 Parameter Sensitivity and Error Analysis

To further strengthen the regression analysis and address the variability observed in em-
pirical measurements, a detailed parameter sensitivity and error evaluation was conducted.
This subsection presents the fitted path-loss parameters per distance bin and compares the
Birmingham data against the Okumura-Hata and COST-231 models. The objective is to
assess the stability of the estimated parameters and the residual error trends across varying

distance ranges.

Table 5.1 lists the estimated path-loss intercepts (B) and exponents (n) for 100 m
distance bins, along with deviations relative to the Okumura-Hata, COST-231, and the fitted
Birmingham regression models. Confidence intervals (£95%) were derived from the standard
errors of regression for each bin. Values marked “” indicate bins with insufficient or unstable

data for reliable estimation.
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Figure 5.3: RSSI median and variance variation for different distances
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Table 5.1: Estimated path-loss parameters (B, n) per 100 m bin for Birmingham data, with
deviations from Okumura, COST-231, and the fitted Birmingham model. Values marked “-’

indicate insufficient data or unstable fits.

Bin (m) Birmingham vs Okumura vs COST-231 | vs Bham Model
B (dB) n AB (dB) An |AB(dB) An |AB(dB) An
0-100 -40.97 + 25.93 2.81 £ 1.70 -169.9 +0.49 -171.9 +0.29 -171.8 +0.29

100-200 | -63.25 +32.57  3.05 4+ 147 | -1922 <073 | -1941  +0.53 | -1941  +0.53
200-300 | -82.57 £46.05 223+£194 | -211.5  -0.09 | -2134  -029 | -2134  -0.29
300400 | -52.54 +61.67  3.32+£242 | -181.5  +1.00 | -1834 1080 | -1834  40.80
400-500 | -155.10 & 64.55 - 284.0 293 | -2859  -3.13 | -286.0  -3.13
500-600 |-101.20 + 132.62 1.31+£4.85 | -230.1  -1.01 | -232.0  -121 | -2321  -1.21
600-700 | -20.34 + 114.09 419 +4.05 | -1493  +187 | -151.2  +1.67 | -151.2  +1.67
700-800 | -194.04 + 373.05 - 3230  -429 | -3249 449 | -324.9  -4.49
800-900 | 225.15 & 322.71 1242 4 11.05 | 4962  +10.10 | +943  +9.90 | +943  +9.90
900-1000 | 274.67 + 460.61 13.93 + 15.50 | +145.7 +11.61 | +143.8 +11.41 | +143.8 +11.41
1000-1100 - - - - - - - -
1100-1200 - - - - - - - -

12001300 - - - - - - - -

13001400 - - - - - - - -

The tabulated results show that in the near- and mid-field regions (up to approxi-
mately 400 m), the estimated path-loss exponent n remains relatively stable within the range
of 2.8-3.3, consistent with typical urban propagation environments. Beyond this range, pa-
rameter uncertainty increases, largely due to the reduced number of valid data points and

increased shadowing variability.

Figure 5.4 presents the Root Mean Square Error (RMSE) variation across 100 m

distance bins, comparing the Birmingham dataset against the Okumura-Hata and COST-231
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models. The RMSE trends highlight that while traditional models exhibit smoother curves,
they systematically overestimate path loss in the near-field. The Birmingham regression
model, by contrast, aligns more closely with the experimental data, though with larger

residual variance at longer distances.

These findings confirm that a hybrid modeling approach—combining near- and far-
field segmentation—improves accuracy, particularly within the first 200 m. The inclusion of
95% confidence intervals in the fitted parameters underscores both the statistical reliability

and limitations of the empirical dataset in regions with sparse observations.

Building upon this baseline regression, further analyses were conducted to evaluate
parameter stability and quantify the error characteristics of the fitted model across distance

ranges.

5.5 Comparative Performance to Experimental Path-loss

models

A comparative analysis was conducted to benchmark the proposed Birmingham path-loss
model against established empirical and experimental formulations, namely Okumura—Hata,
COST-231, Dortmund, and Oulu. This section evaluates how effectively the derived regres-

sion model represents realistic propagation characteristics in dense urban environments.

5.5.1 Cross-Model Comparison

LoRaWAN measurements from Birmingham were analyzed against literature-based mod-

els, as summarized in Table 5.2. The Oulu model (Linka et al., 2018) represents coastal
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Table 5.2: Propagation parameters used for different environment in literature and the

proposed initial model

Metric Free Space | Oulu (Linka et al., 2018) | Dortmund (Jorke et al., 2017) | B’ham
Path loss exponent (n) 2.00 2.32 2.65 2.52
Path loss intercept (B) 91.22 128.95 132.25 130.85

and semi-urban propagation conditions, with a base station located 24 m above sea level.
The Dortmund model (Jorke et al., 2017), developed for central Europe, accounts for 433
MHz and 868 MHz ISM bands with transmitter heights of up to 30 m. In contrast, the
Birmingham deployment features a gateway installed at approximately 15 m height within
a dense city-center topology characterised by irregular building geometry and mixed line-
of-sight (LoS)/non-line-of-sight (NLoS) conditions. Owing to differences in city structure,
geographical topology, and surrounding terrain, both research proposed their own suitable
propagation model for further usage of LoRaWAN on their grounds and for similar environ-

ment.

The Birmingham regression model exhibits a higher intercept B than both Oulu and
Dortmund, reflecting stronger shadowing effects caused by mid-rise buildings surrounding
the gateway. Conversely, the slightly lower path-loss exponent n indicates slower signal decay
with distance—consistent with mixed open and obstructed propagation paths and partial

LoS conditions extending up to approximately 1.3 km.

Figure 5.5 illustrates these distinctions. The regression fit for Birmingham tracks the
measured data closely, diverging from the theoretical COST-231 and Okumura—Hata curves,
which systematically overestimate path loss, particularly below 400 m. The free-space model,

in contrast, underestimates loss by more than 30 dB in built-up areas.

The lower path-loss exponent observed in Birmingham reflects the partially open sur-
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roundings of the BCU gateway, indicating suitability for extended LoRa coverage. In compar-
ison, Oulu’s coastal terrain and Dortmund’s elevated transmitter placement contributed to
stronger LoS dominance, while Birmingham’s dense, mixed architecture introduced greater
signal variability. A noticeable loss of packets was observed between 1.1 km and 1.3 km
from the gateway, suggesting localised obstructions or increased building density in that
sector. Future measurements in the same range, with angular deviations from the current
trajectory, could further validate this inference. Beyond 1.3 km, sporadic successful recep-
tions indicate residual LoS continuity and signal diffraction, consistent with the observed

higher-than-expected RSSI at 1.4 km.

5.5.2 Validation Against Empirical Models

To verify the representativeness of the Birmingham model under realistic propagation con-
ditions, statistical and residual analyses were performed. These analyses quantify the con-

sistency of model predictions and their deviation from empirical references.

Table 5.3 summarizes key performance indicators, including mean absolute deviation
(|Ay|) and standard error (o.). While classical models show consistent trends, their mean
deviations exceed 13 dB, reflecting the limitations of globally parameterized models when
applied to specific urban settings. The Birmingham regression model exhibits a smaller error
spread (|Ay| =9.93 dB), demonstrating improved fit and reduced bias across the measured

range.

Residual analysis (Table 5.4) further supports these observations. Although the single-
slope regression model captures the overall propagation trend, its residual variance (RMSE ~
18 dB) indicates heterogeneity within the dataset—Ilikely caused by diverse terrain features,

varying building density, and NLoS segments. Nevertheless, the improved local calibration
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reduces systematic overestimation and produces residuals that approximate log-normal be-

havior, consistent with typical shadowing distributions in urban areas.

5.5.3 Distance-Binned Parameter Analysis

While traditional empirical models such as Okumura-Hata and COST-231 assume a single
slope across all distances, the Birmingham dataset revealed heterogeneous path-loss behavior.
To better characterise this variability, the measured data were segmented into 100 m distance
bins, and separate path-loss parameters—intercept (B) and exponent (n)—were estimated

for each bin with +95% confidence intervals.

Stable exponents in the range n ~ 2.8-3.3 were observed within the first 400 m, closely
matching urban propagation norms, whereas bins beyond this distance exhibited increased
uncertainty due to reduced data density and stronger shadowing effects. This trend confirms
that near- and mid-field propagation in Birmingham follows a consistent attenuation pattern,

while far-field conditions are more sensitive to local environmental variability.

Figure 5.4 illustrates the root-mean-square error (RMSE) variation across distance
bins, comparing the Birmingham model against Okumura-Hata and COST-231. The clas-
sical models show smoother curves but systematically overestimate losses in the near-field
region (0-300 m), whereas the Birmingham regression model aligns more closely with the
empirical data but displays higher variance at greater ranges. This observation supports the
need for distance-aware segmentation in model formulation, rather than assuming a uniform

path-loss exponent across the entire measurement range.

The per-bin analysis therefore improves interpretability by quantifying local varia-
tions in signal attenuation. However, estimates at larger distances remain less reliable due

to data sparsity and environmental heterogeneity. These findings motivate further explo-
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ration of adaptive modeling techniques—introduced in the next section—to automatically
identify homogeneous propagation regions based on data clustering rather than fixed distance

intervals.

Overall, the comparative analysis confirms that the Birmingham regression model
provides a better empirical fit to real-world LoRaWAN propagation than generic theoreti-
cal models. Its parameters (B = 130.85, n = 2.52) capture both the gradual attenuation
and environment-specific shadowing effects characteristic of medium-density urban deploy-
ments. While residual variance remains significant due to mixed LoS/NLoS conditions,
the model represents a meaningful advancement toward a geographically adaptive path-loss
formulation. These observations suggest that a single-slope regression model cannot fully
capture the heterogeneous propagation characteristics of Birmingham’s urban landscape.
To overcome this limitation and enhance model adaptability, the next section introduces
clustering-based segmentation methods—namely K-means and Distribution-Based Cluster-
ing (DBC)—to partition the dataset into homogeneous groups, improving both model inter-

pretability and predictive accuracy.

5.6 Distribution-Based and K-Means Clustering

The regression-based path-loss model presented earlier demonstrated an overall good fit but
exhibited clear deviations in certain regions of the measured dataset. In particular, the
model tended to overestimate received power at shorter distances and underestimate it at
longer distances, even after accounting for median and variance smoothing. This behavior
indicated that a single-slope regression was insufficient to capture the heterogeneous propa-

gation conditions present in the Birmingham city-center environment.

To investigate this further, clustering algorithms were employed to identify more ho-
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mogeneous propagation regions within the measurement dataset. The primary goal was to
segment the data into groups that share similar propagation characteristics—such as com-
parable path-loss trends or SNR-to-distance relationships—thereby improving the model’s

representational accuracy.

5.6.1 Motivation for Clustering

The observed residual asymmetry in regression analysis suggested that near-field and far-
field behaviors follow distinct attenuation dynamics. This observation aligns with antenna
radiation theory, where the near-field region often exhibits non-linear signal decay due to
multipath dominance, while the far-field follows a more stable logarithmic trend. Hence,
clustering provides a data-driven way to delineate these regions without relying on rigid

geometric assumptions.

Figure 5.6 illustrates the results of an exploratory clustering analysis performed using
the cityblock (Manhattan) distance metric for ¢ = 3,4, and 5 clusters. The accompanying
bar plot (Fig. 5.6d) summarizes the mean absolute error (|Ay|) per cluster, showing that a

two-region (near/far) segmentation provides the most stable and interpretable structure.

5.6.2 K-Means Clustering

K-means clustering was first applied to partition the dataset into homogeneous propaga-
tion segments. The features considered were distance, RSSI, and SNR—each normalized
to eliminate scale bias and enhance clustering quality (Virmani, Taneja, and G. Malhotra,
2015). Several distance metrics were tested, including squared Euclidean and Manhattan,

both suitable for continuous-valued propagation data.
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An iterative evaluation was carried out with & = 2-5, and the two-cluster configu-
ration was found optimal, minimizing intra-cluster variance and mean absolute error. Fig-
ure 5.7 illustrates the resulting clusters, labeled as near-field and far-field regions. The
near-field cluster spans up to approximately 350 m, exhibiting higher power variability due
to dense urban obstructions, while the far-field cluster shows a smoother decay trend over

longer ranges.

5.6.3 Distribution-Based Clustering (DBC)

While K-means partitions data based on geometric proximity, it does not account for the un-
derlying distribution of RSSI samples. To incorporate this statistical dimension, a Distribution-
Based Clustering (DBC) approach was introduced. In this method, the RSSI samples were
analyzed to detect changes in distribution shape with increasing distance. The near-field por-
tion exhibited a binomial-like distribution up to roughly 200 m, transitioning to a normal-like
distribution beyond that threshold. This shift motivated defining two clusters corresponding

to near-field (0-200 m) and far-field (>200 m) propagation regimes.

The DBC process is summarized in Algorithm 1. It begins by normalizing the features,
then performing iterative K-means with k& = 2-5 to identify initial clusters and evaluate
their mean absolute error. The empirical RSSI distributions are then compared to identify
the point where the statistical behavior transitions between regimes. The final cut-off was

empirically found near 200 m, where the distribution shift became pronounced.
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Algorithm 1: Distribution-Based Clustering (DBC)
1: Normalize features (distance, RSSI, SNR).

2: for k=2 to 5 do

3:  Apply k-means clustering with cityblock metrics.

4:  Evaluate clusters using mean absolute error |Ayl.

5: end for

6: Select k = 2 (lowest error).

7: for each cluster do

8  Generate RSSI histograms and compare empirical distributions.
9:  Identify distributional shift from binomial-like to normal-like.
10: end for

11: Define cut-off at &~ 200 m, where the distribution shifts.

12: Output final cluster assignments.

Figure 5.8a shows the distributional change at the 200 m cut-off, while Fig. 5.8b
presents the R? performance of the near- and far-field regressions under varying thresholds.
They combine two distributionally distinct propagation regimes into a single cluster. The
200 m threshold is therefore adopted as the most physically interpretable and statistically
meaningful cluster boundary, balancing distributional integrity with regression accuracy.
The DBC segmentation achieves optimal R? balance near the 200 m boundary, confirming

it as the most representative transition distance between propagation regimes.

Figure 5.9 compares the DBC result against the K-means segmentation, illustrating

more distinct boundary formation and improved fit consistency in both near and far regions.

The clustering results demonstrate that both K-means and Distribution-Based Clus-
tering (DBC) provide more localised and interpretable representations of the propagation
environment. While K-means achieves sharper numerical improvements, the DBC segmen-

tation aligns more naturally with the physical near-field and far-field propagation regions,
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offering clearer interpretability with respect to actual propagation phenomena.

To strengthen the numerical assessment, we recomputed the mean absolute errors
(MAEs) using the full experimental dataset, applying the same clustering procedures. The
corrected results show that the DBC model achieves an improvement of approximately
16.16% over the Birmingham baseline, while K-means achieves a larger improvement of
about 28.6%. These updated values more accurately reflect the performance gains of the
clustering approaches. Importantly, although the absolute percentages differ from the prelim-
inary evaluation, the overall conclusion remains unchanged: both clustering-based methods
outperform the global regression baseline, with K-means yielding the highest gain and DBC

providing consistent improvements across propagation regimes.

5.6.4 Critical Assessment of Clustering-Based Improvements

The clustering-based improvements reported in this chapter raise a legitimate question: do
they reflect genuine underlying propagation structure, or are they primarily the result of
improved statistical fitting to this specific Birmingham dataset? Both contributions are

present, and it is important to distinguish between them honestly.

The case for genuine propagation structure rests on three observations. First,
the near/far-field transition identified at approximately 200 m is not an arbitrary statistical
artefact —it corresponds to a physically meaningful change in the dominant propagation
mechanism. Within 200 m of the gateway, the dense urban morphology of Birmingham City
Centre produces strong multipath interference and diffraction loss that causes the RSS dis-
tribution to exhibit binomial-like behaviour, consistent with a mixture of line-of-sight and
non-line-of-sight propagation conditions. Beyond 200 m, shadowing becomes the dominant

effect and the distribution transitions to approximately normal-like behaviour, as shown
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in Figure 5.8 and consistent with established log-normal shadowing models in the litera-
ture Molisch, 2012. This distributional shift is a well-documented propagation phenomenon
and is not unique to Birmingham. Second, the per-bin path-loss exponents reported in
Table 5.1 show stable values of n ~ 2.8-3.3 within the first 400 m, consistent with urban
propagation norms across multiple cities reported in the literature (Oulu: n = 2.32; Dort-
mund: n = 2.65; Birmingham: n = 2.52). Third, residual analysis confirmed that both
near-field and far-field cluster residuals follow approximately log-normal distributions — a
physically meaningful result consistent with realistic urban shadowing effects, rather than a

pattern expected from pure statistical overfitting.

Nevertheless, a degree of dataset-specific fitting cannot be excluded. The clustering
boundary at 200 m was determined empirically from the Birmingham measurements, and
while the distributional transition provides physical justification, the precise threshold may
shift in other urban environments with different building densities, street geometries, or
gateway heights. As noted in the journal peer review of this work (A. ElSabaa, Guéniat, and
Wenyan Wu, 2026), the choice of clustering method also influences how well the transition
boundary is detected, and performance gains may therefore depend partially on the distances
and morphology specific to the deployment area. Furthermore, the paired t-test results —
while confirming statistical significance (#(746) = 6.48, p < 0.0001 for K-means; ¢(746) =
4.66, p < 0.0001 for DBC) — are derived from the same Birmingham dataset used for model
fitting, which limits their generalisability as standalone evidence of universal propagation

structure.

The most balanced assessment is therefore that the clustering improvements are phys-
ically motivated and statistically validated within the Birmingham context, but
should be treated as environment-specific rather than universally transferable without recali-
bration. This is consistent with the broader philosophy of this thesis: rather than proposing a

globally generalisable model, the framework is designed to be calibrated to a specific deploy-
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ment environment using locally collected measurements. The Birmingham path-loss model
therefore represents a validated, environment-specific contribution rather than a claim of
universal propagation law. Cross-environment validation — in which the same clustering
methodology is applied to datasets from other cities — is identified as a direction for future

work in Chapter 7.

5.7 Performance Evaluation and Model Validation

Evaluating the predictive accuracy of path-loss models is essential to ensure their reliabil-
ity under realistic propagation conditions. In this work, the regression-based Birmingham
model and its hybrid (clustered) variants are benchmarked against established references, in-
cluding Okumura—Hata, COST-231, Dortmund, and Oulu. The evaluation focuses on three
key statistical measures: mean absolute error (|Ayl|), standard error (o.), and root mean
square error (RMSE), which together quantify residual bias and assess the realism of model

predictions.

The error parameters are defined as:

N N
1 1
— _ - : N - 2
A; = RSSle — RSSTeas, Ayl = N ;_1 A, o= N ;_1 (A; — |Ayl)2. (5.8)

where N is the number of measurement samples, A, is the residual for the i-th ob-
servation, |Ay| represents the mean absolute error, and o, denotes the standard deviation

of the residuals.

Table 5.3 summarizes the performance metrics of the compared models. While the
classical empirical models exhibit smoother overall behavior, they consistently overestimate
path loss in the near-field region. The Birmingham regression model achieves lower mean

deviation (JAy| = 9.93 dB) than Oulu and Dortmund, indicating a better alignment with lo-
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cal propagation dynamics. The K-means and Distribution-Based Clustering (DBC) variants
further reduce error—down to approximately 7-8 dB—representing a 20-40% improvement

in residual variance compared with the unsegmented model.

Table 5.3: Statistical performance metrics of path-loss models based on measured LoRaWAN

data in Birmingham.

Error Parameter Okumura-Hata COST 231-Hata Dortmund Oulu B’ham K-means B’ham DBC B’ham

[Ay| 13.52 13.34 10.05 9.97 9.93 7.07 8.30

Oe 17.43 17.48 22.88 22,57 22.63 11.76 14.58

Residual analysis provides further insight into the improved model behavior. Table 5.4
reports the residual statistics for the single-slope and hybrid models. The hybrid formulation
yields a significant reduction in RMSE—from approximately 18 dB in the unsegmented case
to 5.5 dB in the near-field—while maintaining stable far-field accuracy (RMSE ~ 16.8 dB).
Residual distributions in both clusters follow an approximately log-normal trend, consistent

with realistic urban shadowing effects.

Table 5.4: Residual statistics comparing single-slope regression and hybrid near /far-field

formulations.

Model Segment | Mean (dB) | Std. Dev. (dB) | RMSE (dB) | Normality (p)

Single-slope | All Data 4.45 17.48 18.03 0.001
Hybrid Near-field 0.00 5.50 5.50 0.001
Hybrid Far-field 0.00 16.86 16.76 0.001

To quantify the performance gain achieved through clustering-based segmentation,
Table 5.5 compares the mean absolute error (MAE) of the proposed Distribution-Based
Clustering (DBC) and K-means models relative to the Birmingham regression baseline. The
results confirm statistically significant improvements for both methods, with K-means achiev-

ing the largest reduction in prediction error.
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Table 5.5: Comparison of mean absolute error (MAE) between the Birmingham baseline and
clustering-based models, with corresponding percentage improvements and 95% confidence

intervals.

Model MAE (dB) | Improvement (%) | 95% CI (dB) | p-value

Birmingham 9.93 - — -
DBC 8.30 16.16 [1.28, 3.32] | < 0.001

K-means 7.07 28.6 [2.38,4.67] | < 0.001

These findings confirm that the proposed hybrid Birmingham model effectively cap-
tures the heterogeneous propagation characteristics of dense urban environments. It achieves
superior statistical fidelity without requiring additional field measurements and remains
computationally lightweight—making it suitable for network planning and simulation of

LoRaWAN deployments in similar metropolitan conditions.

5.7.1 Systematic Bias and Downstream Handling

A systematic bias is observable in the Birmingham path-loss model across distance regimes,
which warrants explicit discussion before the model is applied in the downstream localisa-
tion framework of Chapter 6. Specifically, the single-slope regression model tends to over-
estimate received signal strength (RSSI) in near-field distances (approximately
d < 300 m) and underestimate RSSI at far-field distances (approximately d > 300 m).
This behaviour is consistent with the residual analysis reported in Table 5.4, where the
single-slope model yields a mean residual of 4.45 dB across all data, and is further evidenced
by the experimental repetition analysis in Table 4.4, which showed the model overestimating
RSSI at distances < 300 m and underestimating at longer ranges across all six repeated

measurement areas.
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This bias arises from the fundamental limitation of fitting a single propagation expo-
nent across a heterogeneous urban environment where near-field and far-field regimes exhibit
distinctly different attenuation dynamics. In the near field, dense urban obstructions and
multipath interference produce stronger signal attenuation than the single-slope model pre-
dicts, while in the far field, partial line-of-sight continuity and signal diffraction sustain
received power above the model’s prediction. This is consistent with the path-loss exponent
instability observed in Table 5.1, where per-bin estimates of n vary considerably beyond

400 m due to increased shadowing variability.

Rather than assuming a fixed analytical channel model to correct for this bias, the
proposed framework adopts a data-driven formulation in which channel variability is handled

empirically through two explicit mechanisms (A. ElSabaa, Guéniat, and Wenyan Wu, 2026):

1. Clustering-based segmentation: The K-means and Distribution-Based Clustering
(DBC) approaches introduced in Section 5.6 partition the dataset into near-field (d <
200 m) and far-field (d > 200 m) regimes, each fitted with independent regression
parameters. A single regression typically overestimates path loss at short distances
and underestimates it at longer distances. By contrast, the hybrid piecewise approach
corrects this bias: the near-field model captures the steep initial decay, while the far-
field model more accurately reflects the slower attenuation beyond several hundred
meters. This reduces the mean absolute error from 9.93 dB (single-slope) to 8.30 dB
under DBC (16.16% improvement) and 7.07 dB under K-means (28.6% improvement).
Paired t-tests confirmed that both improvements are statistically significant: K-means
reduced MAE by 2.01-3.76 dB (#(746) = 6.48, p < 0.0001) and DBC by 0.96-2.36 dB
(t(746) = 4.66, p < 0.0001). In practical terms, these reductions shrink distance
uncertainty by 10-30% depending on the urban path-loss exponent, directly improving

localisation accuracy and reducing misclassification between sectors. The two-slope
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hybrid model described by Equations 6.2 and 6.3 is the formulation used for data

synthesis in Chapter 6.

2. Bias-aware data synthesis: When generating synthetic RSS samples for underrep-
resented spatial sectors in Chapter 6, the corrected two-slope path-loss formulation is
applied rather than the single-slope regression. This ensures that synthesised near-field
samples are not artificially inflated and far-field samples are not artificially suppressed,
preserving the physical plausibility of the augmented dataset. The KDE divergence
metrics reported in Table 6.1 — with values below 1.71 x 10~* across all quadrants —
confirm that synthetic distributions remain statistically consistent with real measure-

ments, validating the effectiveness of the bias correction at the data synthesis stage.

The robustness of the downstream localisation framework to residual channel vari-
ability is further demonstrated through controlled packet-loss sensitivity analysis and noise
perturbation experiments reported in Section 6.6. The model maintains graceful perfor-
mance degradation under packet loss (67.7% accuracy at 10% loss; 58.2% at 30% loss) and
stable accuracy of approximately 58% under Gaussian RSSI perturbations of up to £5 dB,
as shown in the existing Figure 5.4, which visually confirms that the hybrid near- and far-
field formulation substantially reduces RMSE compared to the single-slope model across
all distance bins. Inference latency remains below 0.15 ms per sequence for practical se-
quence lengths (L > 3), confirming real-time deployment feasibility on resource-constrained

LoRaWAN gateways.

5.8 Summary

This chapter presented the development, analysis, and validation of a data-driven path-loss

model tailored to LoRaWAN propagation in the urban environment of Birmingham. The
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work began by revisiting the theoretical foundations of path-loss modeling, emphasizing the
influence of distance, environmental topology, and system parameters on signal attenuation.
The initial regression-based model was derived from real-world experimental data, providing
a first-order empirical representation of LoRa signal behavior across a dense city-center

deployment.

Comparative analysis against classical and experimental reference models—Okumura—Hata,
COST-231, Dortmund, and Oulu—demonstrated that the Birmingham model achieves a bet-
ter fit to measured data, particularly in the near- and mid-field regions. The regression results
revealed a path-loss exponent (n = 2.52) and intercept (B = 130.85 dB) consistent with re-
alistic urban propagation conditions, while per-distance-bin evaluations exposed nonuniform

attenuation trends, motivating adaptive segmentation.

To address this heterogeneity, clustering-based approaches were introduced. Both K-
means and Distribution-Based Clustering (DBC) effectively partitioned the dataset into near-
and far-field regions, improving model interpretability and predictive performance. The DBC
method, in particular, offered a physically meaningful segmentation aligned with propagation
behavior, identifying a natural transition around 200 m where the signal distribution shifts

from binomial-like to normal-like.

Performance evaluation confirmed the statistical robustness of the hybrid near /far-
field model. Compared to the single-slope regression, the hybrid approach reduced the
root-mean-square error (RMSE) from approximately 18 dB to 5.5 dB in the near field and
16.8 dB in the far field. The mean absolute error also improved significantly relative to
conventional empirical models, establishing the Birmingham model as a more accurate and

site-specific representation of LoRaWAN propagation.

It is noted that the single-slope Birmingham regression model exhibits a systematic

bias — overestimating RSSI in near-field distances (d < 300 m) and underestimating it in the

117



Path-loss Modeling: Mathematical, Empirical and Regression

far field (d > 300 m). As discussed in Section 5.7, this bias is explicitly addressed through two
mechanisms before the model is applied in Chapter 6: clustering-based segmentation into
near- and far-field regimes with statistically validated independent regression parameters
(t(746) = 6.48, p < 0.0001 for K-means; t(746) = 4.66, p < 0.0001 for DBC), and bias-
aware data synthesis using the corrected two-slope formulation. The localisation results
reported in Chapter 6 therefore reflect the performance of the framework under this corrected

propagation representation, and should be interpreted accordingly.

Since the path-loss model directly supports synthetic data generation for the locali-
sation framework in Chapter 6, it is important to acknowledge that modelling assumptions
and residual biases at this stage have the potential to propagate into the machine learning
results. Three risks are identified and addressed: first, bias in synthetic RSS samples is
mitigated by using the corrected two-slope hybrid model rather than the single-slope regres-
sion for synthesis, with KDE divergence values below 1.71 x 10~* (Table 6.1) confirming
distributional consistency between synthetic and real measurements; second, the risk of cir-
cularity — whereby the classifier learns patterns imposed by the path-loss model rather
than genuine spatial signal structure — is assessed through an ablation study in Section 6.5,
where evaluating the LSTM on the original dataset without synthetic samples yields 71.6%
balanced accuracy compared to 72.1% on the combined dataset, confirming that augmen-
tation improves training robustness without artificially inflating test performance; third,
the Birmingham-specific nature of the model means that localisation results in Chapter 6
should be interpreted within this deployment context, with cross-environment generalisation

identified as a direction for future work in Chapter 7.

In summary, this chapter demonstrated that while traditional models offer broad gen-
eralisations, localised modeling—supported by clustering and empirical calibration—provides
markedly improved predictive accuracy and environmental realism. The proposed Birming-

ham path-loss model serves as a reliable foundation for subsequent localisation and machine
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learning analyses, forming a critical bridge between experimental measurement and data-

driven inference explored in the following chapter.
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Figure 5.4: RMSE versus distance for 100 m bins, comparing the single-slope Birming-
ham regression model with Okumura-Hata and COST-231 reference models, and the hybrid
near- and far-field formulations derived from clustering-based segmentation. The single-
slope Birmingham model exhibits large residual variance particularly at short distances
(d < 200 m), reflecting the systematic overestimation. The hybrid near-field model sub-
stantially reduces RMSE within the first 200 m, while the far-field model maintains stable
accuracy at longer ranges. Okumura-Hata and COST-231 exhibit smoother error curves but

systematically overestimate losses in the near-field region.
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Figure 5.5: Comparing RSSI of different models with measurements in Bham for 868 MHz
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Figure 5.6: Cityblock clustering with (a) ¢ = 3, (b) ¢ =4, (c) ¢ =5, and (d) mean absolute

error for each configuration.
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Figure 5.7: K-means clustered data showing regression fits for near- and far-field regions.
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Figure 5.8: Distribution-Based Clustering (DBC) evidence supporting the 200 m near/far-
field segmentation boundary. Subfigure (a) shows the empirical RSSI distributions for mea-
surements below and above 200 m, confirming a statistically distinct shift from binomial-like
to normal-like behaviour at this distance, consistent with a transition from line-of-sight dom-
inated to shadowing-dominated propagation.Subfigure (b) presents the R? performance of
near- and far-field regression models across candidate threshold distances, showing that while

thresholds of 300-500 m yield marginally higher average R2.
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Figure 5.9: Distribution-based clustered data showing regression models for near- and far-

field regions.
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Chapter 6

Machine Learning-Based Framework for

Localisation within LoRaWAN

6.1 Introduction

Building upon the previous chapter, which analyzed and modeled the propagation behavior
of LoRaWAN signals in Birmingham, this chapter presents the development of a data-driven
localisation framework based on a Long Short-Term Memory (LSTM) neural network. The
proposed approach leverages the statistical insights and refined path-loss models derived
earlier to enable spatial classification and location estimation from sequential LoRaWAN
signal patterns. By integrating empirical propagation modeling with temporal deep learning,
the framework aims to achieve accurate, low-complexity localisation in a single-gateway

deployment scenario.

Figure 6.1 illustrates the overall framework of the proposed system. The process
begins with experimental data collection through the deployed LoRaWAN testbed, where
a mobile node transmits to a single gateway connected to a network server. The collected
dataset undergoes pre-processing steps, including outlier elimination and regression-based
path-loss modeling. A refined, K-means—based channel model further enhances data con-
sistency before the processed features are passed to the LSTM network. Within the LSTM

branch, the data are segmented into time windows, features such as RSSI and SNR are
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extracted and normalized, and the target outputs are one-hot encoded for multi-class classi-
fication. The trained LSTM model then performs quadrant-level prediction, estimating the

likely spatial region of the transmitting node.

Data collection [LoRaWAN testbed]
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Figure 6.1: Overall framework of the proposed machine learning-based localisation system.
The pipeline begins with LoRaWAN-based data acquisition, followed by data cleaning and
regression-based path-loss modeling, and culminates in a data-driven LSTM network for

quadrant-level location prediction.

Within the LSTM branch, the data are segmented into fixed-length sequences, key
signal features such as RSSI and SNR are normalized, and the corresponding spatial sectors

are one-hot encoded for multi-class classification. The network is trained to predict the most
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likely angular sector (quadrant) of the transmitting node based on the temporal evolution
of received signals. Beyond baseline training, data augmentation and distribution-based
synthesis techniques are employed to address class imbalance and enhance generalisation

under sparse measurement conditions.

The remainder of this chapter details the full development and evaluation of the
LSTM-based localisation framework. Section 6.2 describes data preprocessing, segmenta-
tion, and feature structuring. Section 6.3 presents the augmentation and synthesis strategies
used to enrich the training dataset. The subsequent sections introduce the LSTM architec-
ture, training configuration, and optimization procedures, followed by performance evalua-
tion through cross-validation, robustness analysis, and comparative benchmarking against
a CNN-LSTM hybrid model. The chapter concludes with a detailed discussion of network
evaluation metrics, ablation studies, and the implications of synthetic data on model gener-

alisation.

An article based on this chapter has been submitted for publication and is under

second-round review as of May 2025, in the Springer Telecommunication Systems journal.

6.2 Data Preparation and Processing

As shown in the left branch of Figure 6.1, the data used for training and evaluation are
derived from the experimental LoRaWAN testbed described in Chapter 4. The dataset
represents transmissions from a mobile LoRa node to a single gateway receiver within a
dense urban setting. The overall data preparation phase involves three main stages: (i)
cleaning and organization of the raw measurements, (ii) regression-based path-loss modeling

and refinement, and (iii) feature structuring for supervised training.
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The data collected are divided into two main phases of operation: a training phase,
during which experimental data are processed and organized into a structured feature set, and
a testing phase, where the trained model is evaluated on unseen samples to assess predictive

accuracy.

In the training phase, the following preprocessing operations were carried out:

1. Outlier detection and elimination: Removing inconsistent or spurious RSSI read-

ings that result from transient channel conditions or device synchronization errors.

2. Regression-based path-loss modeling: Applying the refined Birmingham propa-
gation model to normalize signal variations and extract representative distance-power

relationships.

3. Clustering-based refinement: Incorporating the K-means—based segmentation ap-
proach developed in Chapter 5 to form homogeneous subgroups with consistent prop-

agation characteristics.

The resulting dataset is then structured into sequences suitable for LSTM input. Each
sequence represents a time-series vector of the form [t, RSSI, SN R], denoted as a User Data

Record (UDR). The following definitions apply throughout this chapter:

e Predicted Sector (PS): A spatial region within the coverage area characterised by
similar propagation and environmental features. In this study, three and four-sector

divisions are evaluated.

e User Data Record (UDR): A time-indexed vector [t, RSSI, SN R] corresponding

to the LoRa node’s measurement at time ¢.

e Segment: A temporal grouping of consecutive UDRs within a fixed time interval (5 s,

10 s, or 15 8), serving as the basic time-series input to the LSTM.
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e One-hot encoding: A categorical encoding scheme used to represent predicted sector

classes as binary vectors (e.g., 001, 010, 100).

This structured representation enables the network to learn temporal dependencies
between consecutive signal variations rather than isolated readings. Figure 6.2 illustrates the
variation of RSSI and SNR values toward the gateway across different sectors, demonstrating

clear directional signal patterns that inform the classification task.
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Figure 6.2: Signal variations toward the gateway for far-field distances.

6.3 Data Augmentation and Synthesis

Acquiring extensive, uniformly distributed data in real-world LoRaWAN deployments is of-
ten infeasible due to environmental and logistical constraints. To mitigate data imbalance
and enhance model generalisation, two complementary techniques were applied: data aug-
mentation (noise-based expansion of existing samples) and data synthesis (generation of
physically consistent synthetic samples). Both techniques aim to increase data diversity

and balance underrepresented sectors while preserving the physical plausibility of the signal
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behavior.

Before describing the data preparation and augmentation procedure, it is useful to
clarify the precise functional role of the path-loss model derived in Chapter 5 within the
machine learning pipeline of this chapter. The path-loss model serves three distinct and

complementary roles:

1. Synthetic data generation: The primary functional role of the path-loss model
within this pipeline is to generate physically consistent synthetic RSS samples for
underrepresented spatial sectors. Rather than relying on arbitrary statistical oversam-
pling, the corrected two-slope Birmingham model (Equation 6.2) is used to synthesise
RSSI values that reflect the empirically validated propagation characteristics of the

deployment environment, directly addressing class imbalance in the training dataset.

2. Feature shaping: The path-loss model contributes channel-aware distance estimates
as additional input features to the LSTM, enriching the temporal signal representation
beyond raw RSSI and SNR values. These model-derived features capture large-scale
distance-dependent attenuation trends that complement the packet-level signal mea-
surements, improving the discriminative power of the learned temporal representations

across sectors.

3. Data consistency refinement: By grounding both real and synthetic samples in
the same empirical propagation model, the path-loss framework ensures statistical
consistency across the training dataset. KDE divergence values below 1.71 x 10~%
(Table 6.1) confirm that synthetic distributions remain statistically consistent with
real measurements, validating the integrity of the combined dataset used for LSTM

training.

The path-loss model therefore does not serve merely as conceptual justification for the ma-
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chine learning approach; it is an active, functional component of the pipeline at the data
preparation stage. The LSTM architecture itself, described in Section 6.4, operates on the

enriched and balanced dataset produced by this integration.

6.3.1 Noise-Based Data Augmentation

Data augmentation introduces controlled variability to existing records, allowing the model
to learn from realistic fluctuations. This is achieved by adding Gaussian noise to the RSSI and
SNR features of real measurements, simulating the inherent uncertainty caused by device
precision, environmental reflections, and GPS localisation errors. The jittering process is

expressed as:

.fl;lzl’t—f—Et, EtNN(O,O'2>, (61)

where ¢; denotes Gaussian noise with standard deviation o derived from stationary
measurement variance in the dataset. This preserves the original signal distribution while

increasing the dataset’s size and robustness against overfitting.

The Gaussian distribution is a well-established and physically justified model for
residual signal fluctuations in urban radio environments. In LoRaWAN deployments, the
dominant sources of short-term RSSI variability — including thermal noise at the receiver,
small-scale multipath fading averaged across the spread-spectrum bandwidth, and minor
environmental reflections — are each independently distributed and additive in nature. By
the central limit theorem, the aggregate effect of these independent sources converges to
an approximately Gaussian distribution (Rappaport, 2010; Molisch, 2012). This is further
supported empirically by the log-normal shadowing model validated in Chapter 5, where

residual analysis confirmed that the path-loss residuals in both near- and far-field regimes
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follow approximately normal distributions (Table 5.4). The standard deviation ¢ used in
Equation 6.1 is derived directly from the stationary measurement variance observed in the
collected dataset, ensuring that the injected noise is statistically consistent with the real-
world signal fluctuations present in the Birmingham deployment environment rather than

being an arbitrary perturbation magnitude.

6.3.2 Model-Based Data Synthesis

To further balance the dataset, additional synthetic samples were generated using the empir-
ically derived Birmingham path-loss model. For each new point, a random offset of £5 m was
applied to a subset of existing measurement locations, and the corresponding RSSI values

were computed from the two-slope path-loss formulation:

Near-field (d < 346 m) : RSS = —137.33 — 51.771og,,(d), (6.2)

Far-field (d > 346 m) : RSS = —108.99 + klog,,(d), (6.3)

where d represents the transmitter—gateway distance in meters, and £ is an empirically
calibrated constant. This ensures the synthesized samples follow the same propagation trend

observed experimentally while expanding spatial coverage.

Figure 6.3 shows the comparison between original and synthesized RSSI distributions

for three directional quadrants, illustrating their statistical alignment.

6.3.3 Validation of Synthetic Data

To verify that the generated data preserve the statistical properties of real measurements,
Kernel Density Estimation (KDE) was used to compare the distributions of original and

synthetic RSSI values. Table 6.1 reports the mean squared error (MSE) divergence between
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Figure 6.3: Variation of original and synthetic RSS values across quadrants.
real and synthesized data for each quadrant. Low divergence values confirm that the syn-

thesized signals follow consistent statistical behavior, ensuring that the expanded dataset

remains physically valid for LSTM training.

Table 6.1: KDE divergence metrics between real and synthetic RSS distributions.

Quadrant | MSE Divergence
Q1 2.04 x 107°
Q2 1.71 x 10~*
Q3 1.44 x 10~*

With the augmented and synthesized dataset validated, the subsequent section intro-
duces the architecture and training specifications of the proposed LSTM model, detailing
the sequential input configuration, network structure, and optimization parameters used for

localisation performance evaluation.

134



Machine Learning-Based Framework for Localisation within LoRaWAN

6.4 Proposed LSTM Architecture

The Long Short-Term Memory (LSTM) network proposed in this study is designed to ex-
ploit the temporal correlations within sequential LoRaWAN measurements, enabling the
estimation of a node’s location using only signal-level information (RSSI and SNR) without
requiring GPS data. The model was implemented in MATLAB’s Deep Learning Toolbox

and optimized for lightweight, edge-compatible inference.

Before describing the proposed architecture, it is useful to briefly compare LSTM
with the most relevant alternative sequential models; specifically Gated Recurrent Units
(GRU) and simple Recurrent Neural Networks (RNN), to justify the architectural selection

on conceptual as well as empirical grounds.

Simple RNNs, while capable of modelling short-term temporal dependencies, suffer
from the well-documented vanishing gradient problem (Bengio, Simard, and Frasconi, 1994),
which prevents them from retaining information across longer packet sequences. In the single-
gateway LoRaWAN setting, where spatial disambiguation relies on subtle signal evolution
across multiple consecutive packets, this limitation is particularly problematic, short-term
memory is insufficient to capture the gradual attenuation trends that distinguish sectors at

longer ranges.

GRUs address the vanishing gradient problem through a simplified gating mechanism
comprising a reset gate and an update gate, compared to LSTM’s three-gate architecture
(input, forget, and output gates). GRUs are computationally lighter, reducing trainable
parameters by approximately 25% relative to an equivalent LSTM, and have been shown to
perform comparably to LSTMs on shorter sequences or datasets with limited training sam-
ples (Chung et al., 2014; Greff et al., 2016). However, LSTM’s explicit forget gate provides

a more selective memory mechanism that is particularly valuable in noisy, variable-length
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packet streams typical of LoRaWAN deployments, where transient interference and packet
loss create irregular temporal patterns that benefit from independent control of what in-
formation to retain and what to discard. Furthermore, the proposed architecture already
employs dropout regularisation and early stopping to manage overfitting (A. ElSabaa, Gué-
niat, and Wenyan Wu, 2026), mitigating the primary practical advantage of GRU’s reduced
parameter count. The sequence-length ablation study confirms that performance improves
substantially with longer temporal context (57.9% at L = 1 to 72.5% at L = 8), suggest-
ing that the longer-range memory capability of LSTM is genuinely exploited in this setting

rather than being redundant.

Transformer-based models and graph neural networks, while state-of-the-art for large-
scale sequence tasks, are better suited to multi-gateway settings or very large datasets where
long-range attention mechanisms or spatial graph structures can be fully leveraged. In the
single-gateway scenario with a carefully curated but limited experimental dataset, introduc-
ing such architectures would risk being misleading due to data scale constraints (A. ElSabaa,
Guéniat, and Wenyan Wu, 2026). LSTM therefore represents the most appropriate balance
between temporal modelling capability, computational efficiency, and suitability to the data

scale of this deployment.

6.4.1 Dataset and Input Configuration

The dataset used for training and evaluation was collected over seven independent LoRaWAN
measurement, campaigns conducted in Birmingham city center, using a single mobile LoRa
transmitter and one fixed gateway. Each campaign produced comma-separated (CSV) files
containing RSSI, SNR, and GPS coordinates, among other metadata. After preprocess-
ing—which included removal of missing entries (NaNs), conversion of RSSI from dBm to

dB, and segmentation into 5-, 10-, and 15-second intervals—the cleaned dataset comprised
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2,434 usable samples across seven features: index, time, RSSI, SNR, longitude, latitude, and

distance.

Outlier detection was performed using a £3 MAD (median absolute deviation) thresh-
old applied to the RSSI values to eliminate anomalous readings caused by transient interfer-
ence. The processed dataset was divided into training (80%) and testing (20%) subsets, a
split later validated through 5-fold cross-validation to confirm stability. Each input sequence
represents a time-series communication segment (or window) containing five features: [time,
RSSI, SNR, SN R?|, and estimated distance. These sequences are zero-padded to a uniform

length, and mini-batch training with size 24 is employed to minimize padding overhead.

6.4.2 Sector Division and Problem Formulation

Because this study relies on a single gateway, determining exact Cartesian coordinates of
the transmitter is infeasible. Instead, a spatial classification approach is adopted, dividing
the coverage map into three directional sectors (Q1, Q2, Q3) defined by angular orientation
relative to the gateway. This division captures distinct signal propagation patterns while
maintaining sufficient data per class for stable learning. The output is represented as a

one-hot encoded vector (e.g., {100, 010, 001}) corresponding to the predicted sector.

6.4.3 Network Architecture

The architecture of the proposed data-driven LSTM model is designed as a multi-stage
sequential framework that progressively encodes temporal dependencies, refines latent repre-
sentations, and outputs class probabilities for spatial sector prediction. The key components

are as follows:
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e Sequence Input Layer: Accepts input feature vectors of dimension five (time, RSSI,
SNR, SN R?, and estimated distance) at each time step, preparing the data for tem-

poral processing.

e LSTM Layer: The first recurrent block is a unidirectional LSTM that captures short-
term temporal dependencies across successive LoRa packets. The output is a sequence
of encoded temporal features, regularized with a 30% dropout rate to mitigate overfit-

ting.

e Bidirectional LSTM (BiLSTM): To capture contextual dependencies in both for-
ward and backward directions, a BiLSTM layer follows the initial LSTM. This dual-
directional processing ensures that each feature representation benefits from complete

temporal context. A dropout of 0.4 is applied to enhance generalisation.

e Dense and Normalization Block: A fully connected layer with 64 neurons aggre-
gates temporal embeddings into a compact representation. It is followed by a ReLU
activation, batch normalization, and an additional 30% dropout layer. This combina-

tion accelerates convergence, prevents internal covariate shift, and improves robustness.

e Output and Classification: A final fully connected layer maps the learned features
to the three target classes (sectors). A softmax activation then converts these outputs
into probability distributions, and the classification layer computes categorical cross-

entropy loss for training.

This hybrid recurrent structure—combining a stacked LSTM, a bidirectional LSTM,
and dense normalization—balances representational power and generalisation. It enables the

model to capture both local signal variations and long-term propagation trends, making it

well-suited for LoRaWAN-based localisation.
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6.4.4 Training Configuration and Optimization

The model was trained using the Adam optimizer, which provides adaptive learning-rate

updates suitable for non-stationary datasets. The loss function is categorical cross-entropy,

defined as:

M
L(p,t) == Yoe10g(Poc), (6.4)
n=1

where M is the number of classes, and y, . and p,. denote the true and predicted
labels for observation o in class ¢, respectively K. L. Tan et al., 2022. Table 6.2 lists the

tested and optimal hyperparameter configurations.

Table 6.2: Hyperparameter settings for the proposed LSTM model.

Parameter Tested Values Optimal Value
Model Type Sequential -
Batch Size 24 24
Max Epochs (75, 100, 125) 100
Optimizer (Adam, SGDM, RMSProp) Adam
Learning Rate (0.001, 0.0001, 0.00001) 0.001
Activation Function Sigmoid / ReLLU ReLLU
Train/Test Split 80% / 20% -

The input dataset comprised 405 real experimental sequences (across different seg-
ment durations) and 300 augmented sequences generated via Gaussian perturbation. Ap-
proximately 80% of these were used for model training, with the remaining 20% reserved for

evaluation. The output is a one-hot encoded vector corresponding to the predicted quadrant.
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6.4.5 Computational Efficiency

The proposed BiLSTM model contains approximately 63,000 trainable parameters, corre-
sponding to a memory footprint of ~0.25 MB in 32-bit floating-point representation. Infer-
ence requires approximately 54,000 multiplications per time step; for a typical sequence of 100
packets, this equals 5.4 million operations (<0.01 GFLOPs). Such computational demands
are modest, enabling real-time inference on LoRaWAN gateways or embedded microcon-
trollers equipped with low-power CPUs. For ultra-constrained devices, lighter alternatives
such as Gated Recurrent Units (GRUs), model pruning, or quantization could further reduce

memory and power requirements without substantial accuracy degradation.

6.5 Results and Validation

This section presents the experimental results of the proposed data-driven Long Short-Term
Memory (LSTM) model and its hybrid variant (CNN-LSTM). The analysis includes model
tuning, validation through cross-validation, overfitting assessment, and comparative eval-
uation of network architectures. The results collectively demonstrate the robustness and
generalisation capability of the proposed localisation framework under realistic LoRaWAN

conditions.

Before presenting the evaluation results, it is important to contextualise the scope
of the localisation performance reported in this chapter. The proposed framework performs
sector-level classification — predicting which of three angular quadrants a transmitting
node occupies relative to a single gateway — rather than estimating precise Cartesian coor-
dinates. The reported classification accuracy, balanced accuracy, and F1-scores should there-
fore be interpreted as measures of coarse-grained spatial inference under a single-gateway

constraint, not as indicators of metre-level positioning precision. This scope is a deliberate

140



Machine Learning-Based Framework for Localisation within LoRaWAN

design choice consistent with the practical constraints of LoRaWAN deployments, where fine-
grained coordinate estimation from a single signal source is neither feasible nor the objective

of this work.

6.5.1 Experimental Setup and Hyperparameter Optimization

Prior to training, a comprehensive tuning procedure was carried out to identify the op-
timal combination of hyperparameters for the proposed LSTM network. The parameters
explored include the number of epochs, hidden-layer neuron configurations, optimizer type,
and learning rate. The effect of layer configuration and epoch number on model accuracy is

summarized in Table 6.3.

Table 6.3: Effect of varying the number of layers and epochs (Adam optimizer, learning rate

~ 0.001).
Model Training and Validation Accuracy (%)
[Fullyconnected, BiLSTM, Fullyconnected]
Number of Epochs [50,100,50] [100,100,100] [50,50,50]
75 85.9 %, 60.1% 85.9%, 69.4% 75.2%,56.3%
100 83.8%, 72.1% 88.2%, 64.8% 84.4%,61.5%
125 84.8% , 62.1% 85.6% , 61.0% 87.2% , 61.5%

Among the optimizers tested—Stochastic Gradient Descent with Momentum (SGDM),
Root Mean Square Propagation (RMSProp), and Adaptive Moment Estimation (Adam)—the
Adam optimizer achieved the highest testing accuracy of 83.8%, outperforming RMSProp
(77.9%) and SGDM (56.2%). Adam’s adaptive learning-rate mechanism and momentum

tracking enabled stable convergence under noisy signal conditions typical of LoRaWAN en-

141



Machine Learning-Based Framework for Localisation within LoRaWAN

vironments.

The learning rate was also varied between 0.001, 0.0001, and 0.00001. The rate of
0.001 consistently achieved the best balance between convergence speed and loss stability.
Lower learning rates resulted in slower convergence without significant gains in accuracy. The
optimal configuration employed 100 training epochs, as increasing beyond this threshold did

not yield measurable improvement in validation accuracy.

6.5.2 Cross-Validation and Generalisation Performance

In our initial split-based evaluation, the proposed model achieved an overall accuracy of
72.1%. To address the possibility of train—test leakage, we employed a leave-one-group-
out evaluation strategy. Since the dataset was aggregated across multiple measurement
campaigns, explicit trajectory/day identifiers were not retained. Instead, we partitioned the
dataset into five non-overlapping groups, each containing distinct measurement sequences.
In each fold, one group was completely excluded for testing, while the remaining four groups
were used for training and validation. This guarantees that no packets from the same group

appear in both training and testing. Figure 6.4 illustrates the classification results across

the five folds.

Under this stricter validation protocol, the proposed LSTM achieved an average accu-
racy of 68.8% + 2.2, balanced accuracy of 76.9% =+ 1.6, and macro-F1 score of 68.8% +
1.9. The slight reduction from the initial split-based accuracy (72.1%) reflects the improved
separation between training and testing sets and confirms the model’s ability to generalise

across independent measurement campaigns.

The confusion matrix (Table 6.4) indicates that the model performs most accurately in

Quadrant 3 (Q3), which corresponds to the region with consistent line-of-sight connectivity
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Figure 6.4: Leave-one-group-out analysis using k& = 5 folds. Each confusion matrix shows
the per-sector classification performance for the held-out test group, with rows representing

true labels and columns representing predicted labels.

143



Machine Learning-Based Framework for Localisation within LoRaWAN

Table 6.4: Mean confusion matrix across 5 folds (values are mean + std).

Pred Q1 | Pred Q2 | Pred Q3
True Q1 | 34.24+2.7 | 28+£1.7 | 44+£08
True Q2 | 6.0+2.7 | 31.6+29 | 16.2+3.5
True Q3 | 7.8 +£29 | 180+ 2.8 | 56.0 = 7.2

and stronger SNR values. Misclassifications occur primarily between Q2 and Q3, likely
due to overlapping signal features and multipath reflections. Overall, these results validate
the model’s reliability and its ability to capture spatio-temporal relationships from single-

gateway LoRaWAN data.

6.5.3 Training Dynamics and Overfitting Analysis

The training and validation accuracies across iterations are shown in Fig. 6.5. The model
exhibits a steady increase in accuracy during training, reaching a stable plateau near 85%
training accuracy and 72% validation accuracy. The validation trend (black markers) closely
follows the training trajectory (blue line), confirming that the model generalises well without
overfitting. The absence of large oscillations or divergence between the curves indicates

consistent convergence behavior across epochs.

The model demonstrates consistent generalisation, as the validation performance
(black markers) closely follows the training accuracy trend (blue line). Despite minor oscil-
lations typical of sequential data learning, the two curves converge smoothly toward stable
performance, indicating that the model effectively captures the temporal dependencies with-
out memorizing noise. No evidence of underfitting (high loss, low accuracy) or overfitting

(large gap between training and validation accuracy) is observed. This stability is attributed
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Figure 6.5: Training and validation accuracy versus iteration for the proposed LSTM model.

The solid blue trace represents training accuracy, which increases progressively and stabilises

beyond approximately 1000 iterations. The dashed black trace with markers represents

validation accuracy, which plateaus in the range of 60-65%, confirming stable convergence

and the absence of significant overfitting. Early stopping was applied once the validation

plateau was reached.
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to the combined use of dropout, batch normalization, and data augmentation, which collec-

tively enhance robustness against noise and class imbalance in LoRaWAN data.

6.5.4 Comparative Evaluation: CNN-LSTM vs. Data-Driven LSTM

Convolutional Neural Networks (CNNs) are a highly effective class of deep learning architec-
tures widely applied across domains such as image classification, object detection, and speech
recognition (Shiri et al., 2023). Their ability to automatically extract hierarchical features
from raw inputs has also made them valuable in time-series prediction tasks (Qin, N. Yu,
and Zhao, 2018). Because the performance of sequential neural models strongly depends on
the quality of extracted features (Gamboa, 2017), CNNs are often integrated with recurrent
models such as Long Short-Term Memory (LSTM) networks to combine spatial feature ex-
traction with temporal sequence modeling (Langkvist, 2014). In such hybrid designs, CNN
layers detect local temporal patterns, while LSTM layers capture long-term dependencies

across time.

To establish a meaningful baseline for comparison, we implemented a hybrid CNN-LSTM
model using the same LoRaWAN dataset. As illustrated in Figure 6.6, the architecture be-
gins with a one-dimensional convolutional block consisting of convolution, ReLU activation,
and dropout layers, which extract localised temporal features from the input signal while
reducing overfitting. These extracted features are passed to an LSTM layer that models se-
quential dependencies, followed by a fully connected layer and a softmax classifier to produce
final class probabilities. This design represents a well-established deep learning paradigm

for time-series classification, allowing direct benchmarking against the proposed data-driven

LSTM model.

Quantitatively, the proposed LSTM model achieved superior performance, obtaining
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Figure 6.6: 1-D CNN-LSTM hybrid architecture combining convolutional feature extraction

with sequential modeling for localisation.

an overall accuracy of 72.1% and a macro-F1 score of 0.69, compared to 65% and 0.64 for
the CNN-LSTM. Moreover, statistical analysis using McNemar’s test on paired predictions
confirmed that this difference was not due to random variation. The resulting chi-squared
statistic of y?> = 9.26 with a p-value of p = 0.0023 indicates that the improvement of
the proposed LSTM over the CNN-LSTM baseline is statistically significant at the 95%

confidence level.

Therefore, while both architectures demonstrate strong localisation capability, the
proposed standalone LSTM offers a better balance between accuracy, generalisation, and
computational efficiency—making it more suitable for real-time or resource-constrained Lo-

RaWAN gateway deployments.
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6.6 Network Evaluation

This section provides a comprehensive evaluation of the proposed LSTM-based localisation
framework. Multiple aspects are examined, including quantitative performance metrics,
sector sensitivity, statistical reliability, angular and spatial consistency, noise robustness,
and the effect of data augmentation. Together, these analyses establish both the accuracy

and resilience of the proposed approach under diverse conditions.

6.6.1 Definition of Performance Metrics

The network prediction results are represented using confusion matrices M, where each class
corresponds to a spatial sector of the deployment area (Q1 — [001], Q2 — [010], Q3 —
[100]). From M, four key quantities are derived for each class: true positives (TP), false
positives (FP), false negatives (FN), and true negatives (TN). Based on these values, several

common performance indicators are calculated (Demir, 2022):

TP +TN
ACC —

CC= P TN+ FPL FN
TP
P
fecall = 757N

Proiaio TP

recitsion — TP + FP
2 x TP

F1 i

T 9xTP+FN+ FP

These metrics collectively quantify the model’s correctness (accuracy), sensitivity (re-
call), reliability of positive predictions (precision), and overall balance between the two (F1-

score).
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6.6.2 Training and Testing Performance

The classification performance of the proposed LSTM is evaluated using both training and
testing datasets, as illustrated in Fig. 6.7. Each matrix cell indicates the number and pro-

portion of correctly or incorrectly classified segments.
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Figure 6.7: Confusion matrices representing the performance of the proposed LSTM model

on (a) training and (b) testing datasets.

As shown in Fig. 6.7(a), the LSTM achieved a mean training accuracy of 83.8%.
Across classes, Q1 reached 87.0%, Q2 achieved 67.3%, and Q3 attained 92.7%. When eval-
uated on unseen data (Fig. 6.7(b)), 73.3% of Q1, 50% of Q2, and 91% of Q3 segments were
correctly classified, yielding an overall accuracy of 72.1%. The most common confusion oc-
curred between Q2 and adjacent sectors, consistent with multipath reflections and partial

line-of-sight overlap observed in the dataset.
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6.6.3 Model Comparison and Metric Evaluation

Figure 6.8 summarizes the F1l-score, recall, and precision across the three sectors for both
the data-driven LSTM and its hybrid CNN-LSTM variant. The proposed model achieved
classification accuracies of 86.3%, 84.4%, and 61.0% for Q1, Q2, and Q3, respectively, out-
performing the CNN-LSTM by 5-10% across most metrics. Specifically, recall improved from
68.3%, 41.1%, and 88.6% (CNN-LSTM) to 73.3%, 48.2%, and 91.0% for the proposed model.
The Fl-score also increased by 6% (Q1), 9% (Q2), and 3% (Q3). These results confirm that
the proposed LSTM model achieves superior generalisation and stability in LoRaWAN-based

localisation tasks.
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Figure 6.8: Evaluation metrics (Fl-score, recall, precision) for multi-sector classification

using the proposed data-driven LSTM and hybrid CNN-LSTM models.

6.6.4 Sensitivity to Sector Partitioning

To assess the sensitivity of the proposed approach to sector angle partitioning, we compared

three-sector (3Q)) and four-sector (4Q) configurations. The number of spatial sectors was
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determined through a combination of geometric reasoning, dataset size constraints, and em-
pirical comparative evaluation. From a geometric perspective, the single-gateway deployment
naturally supports angular partitioning of the coverage area, and three sectors of 120° each
were identified as the minimum meaningful granularity that differentiates distinct spatial
regions while remaining compatible with the available dataset size. A two-sector configura-
tion was considered insufficiently discriminative for practical localisation applications, while
configurations beyond four sectors were not evaluated due to the dataset size constraint as

finer partitioning would produce classes with insufficient samples for reliable training.

To empirically validate the three-sector choice, a four-sector (4Q) [as shown in Figure
6.9] configuration was evaluated as the most challenging alternative, with sector boundaries
fixed from training data and preserved during testing to avoid leakage. The comparison re-
vealed a fundamental trade-off between classification granularity and generalisation:
the four-sector configuration provides finer spatial resolution (90° sectors vs 120°) but at a
significant cost to generalisation. Specifically, the 4QQ model achieved high training accuracy
(84.6%) but suffered a sharp drop at test time (66.7%), with Classes 3 and 4 degrading to
64.7% and 50% respectively — a 17.9 percentage point train-test gap indicative of overfit-
ting. By contrast, the 3Q configuration achieved a lower training accuracy (72.1%) but a
higher testing accuracy (83.8%), with consistent class-level performance across all sectors.
The three-sector setup is therefore selected as the optimal configuration for this dataset,
offering the best balance between spatial resolution and generalisation robustness under the

single-gateway, data constraints of this deployment.

In contrast, the three-sector configuration exhibited a more balanced performance.
While training accuracy was lower (72.1%), the testing accuracy improved to 83.8%, reflect-
ing stronger generalisation capability. Class-level performance was more consistent, with all
sectors achieving reasonably high accuracies, particularly a recovery in Class 3 (61.0% in

training versus 78.4% in testing). This indicates lower sensitivity to deployment conditions
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Testing the training data Proposed LSTM
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Figure 6.9: Confusion matrix for four-sector configuration.

and a more stable model across varying operating environments.

Overall, the three-sector setup emerges as the more optimal configuration for this
dataset, offering reduced sensitivity between training and testing and providing more robust
predictive performance. The four-sector design, while attractive for finer granularity, may
require additional data augmentation, regularization, or optimization strategies to mitigate

overfitting and achieve comparable robustness.

6.6.5 Statistical Reliability and Significance Analysis

To further quantify the robustness of the proposed LSTM classifier, we evaluated the bal-
anced accuracy, confidence intervals, sensitivity, and specificity for each class (Q1, Q2 and
Q3). Balanced accuracy provides a fair measure of performance under class imbalance by
averaging the true positive and true negative rates. Sensitivity and specificity respectively in-

dicate the model’s ability to correctly identify samples of each class and reject non-members.

Table 6.5 summarizes these results. For Q1, the balanced accuracy reached 0.802
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(95% CI: [0.714, 0.877|), with sensitivity of 0.686 and specificity of 0.918—indicating strong
reliability in detecting non-QQ1 cases while maintaining reasonable sensitivity. Q2 and Q3
achieved balanced accuracies of 0.723 and 0.742, respectively, with confidence intervals con-
firming stability across resampling. Sensitivity and specificity values were consistently be-
tween 0.67-0.80, reflecting steady generalisation across spatial sectors. Overall, these results
demonstrate that the classifier performs substantially above chance level (0.50) across all

classes.

Table 6.5: Balanced accuracy, 95% confidence intervals, sensitivity, and specificity for each

class (Q1-Q3).

Class | Balanced Accuracy 95% CI Sensitivity | Specificity
Q1 0.802 [0.714, 0.877| 0.686 0.918
Q2 0.723 [0.637, 0.807] 0.667 0.780
Q3 0.742 [0.661, 0.818| 0.679 0.805

To statistically confirm the improvement over the baseline CNN-LSTM architecture,
McNemar’s test was applied to paired prediction outcomes. The test yielded a chi-squared
statistic of x2 = 9.26 with an associated p-value of p = 0.0023, indicating that the observed
improvement is statistically significant at the 95% confidence level. This confirms that the
proposed data-driven LSTM provides a measurable and reliable enhancement in localisation

performance.

6.6.6 Angular Error and Spatial Consistency

To further assess the spatial precision of the proposed LSTM model, we computed the hard-

label angular error, defined as the deviation between the center of the true sector and the
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center of the sector predicted by argmax decoding of the softmax output. This yielded a
mean angular error of 38.8° and a median of 0°, corresponding to approximately 32.3% of the
sector width. The error distribution was bimodal, with predictions either perfectly correct
(0° error) or shifted into an adjacent sector (120° error). Given that only three sectors are
defined, any misclassification necessarily corresponds to one of two neighboring sectors. For
misclassified samples, the mean distance to the nearest boundary was 39.4°, indicating that
errors tended to occur within neighboring regions rather than near boundary edges. The
model achieved 100% Top-2 accuracy, confirming that the true sector was consistently among

the two most probable predictions.

To obtain a more continuous and probabilistic view of the output, we also derived
softmax-weighted angular estimates. Instead of selecting only the most probable class, the
softmax probabilities were projected onto the unit circle to compute a continuous angular
prediction. Under this approach, the mean error increased slightly to 49.8° with a median
of 28.1°, producing a smoother, unimodal distribution compared with the discrete case. As
illustrated in Figure 6.10, predicted angles remain tightly clustered around the true sector
directions, with moderate dispersion into neighboring areas. This behavior demonstrates that
the model maintains angular consistency and that probability mass is shared meaningfully

between adjacent sectors, reducing random error spread across the angular space.

6.6.7 Robustness to Noise

To evaluate the stability of the proposed LSTM model under realistic signal fluctuations,
a post-hoc robustness analysis was performed using controlled test-time corruption of the
held-out real test set. Received Signal Strength Indicator (RSSI) values were perturbed with
zero-mean Gaussian noise of increasing standard deviation o = {1,2,3,5} dB. The trained

model was kept fixed during evaluation, and no retraining or augmentation was applied.

154



Machine Learning-Based Framework for Localisation within LoRaWAN

True vs Softmax-weighted Predicted Angles
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Figure 6.10: True vs. softmax-weighted predicted angles showing clustering near sector

directions with moderate shifts into neighboring regions.

For each noise level, the model was tested on K = 20 independently corrupted versions
of the same test samples, and the resulting classification accuracy was averaged to estimate
the degradation trend. This protocol ensures that the robustness is evaluated strictly at

inference time, avoiding circularity or bias from training-time synthesis.

As shown in Fig. 6.11, the accuracy remained remarkably stable around 58% across all
noise levels, with only negligible variance across runs. This demonstrates that the proposed
LSTM is resilient to moderate signal perturbations, maintaining its predictive capacity even
when RSSI measurements are distorted by several decibels. Notably, the robustness test was
conducted using only the original experimental dataset, excluding synthetic or augmented
samples, to ensure that the observed stability reflects the inherent generalisation ability of

the trained model.
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LSTM Robustness to RSSI Noise
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Figure 6.11: LSTM robustness to Gaussian noise injected into RSSI values at test time.
Accuracy remains consistent across noise levels, confirming stability to measurement pertur-

bations.

6.6.8 Synthetic Data and Ablation Studies

To isolate the influence of synthetic augmentation on model performance, two experimen-
tal configurations were considered: (i) synthetic samples used only during training, with
evaluation performed exclusively on real experimental data, and (ii) both training and test-
ing performed solely on the original dataset without any augmentation. This design ensures
that augmentation effects are properly disentangled from the model’s inherent generalisation

ability.

When the model was trained with synthetic augmentation but evaluated on the orig-
inal (non-augmented) test set, the balanced accuracy reached 71.6%, only slightly lower
than the 72.1% observed when testing on the combined augmented dataset (Fig. 6.12a).
This marginal difference confirms that augmentation primarily enhances robustness during
training rather than artificially inflating test performance. It is worth noting that Q2 sam-
ples were absent from the held-out test set, which may have slightly elevated the reported

accuracy.
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Figure 6.12: Confusion matrices for different data augmentation scenarios: (a) LSTM trained
on augmented data but tested only on original data, (b) LSTM trained without augmenta-

tion, and (¢) LSTM trained and tested without any synthetic data.

When trained without any synthetic data, the LSTM reflected its pure generalisation
on real measurements, achieving a test accuracy of 59%. However, the class imbalance led
to poor recognition of minority sectors (Fig. 6.12¢). Introducing distribution-based augmen-
tation—via synthetic channel-model samples and stochastic RSSI/SNR jittering—improved
overall test accuracy to 72%, corresponding to a 13% absolute gain. This improvement in-
dicates that augmentation effectively mitigates underfitting due to limited and imbalanced
data. Such behavior aligns with prior literature on RF-based localisation, where distribu-
tional sampling and domain-consistent synthesis enhance generalisation under sparse mea-

surement conditions.

To ensure comprehensive evaluation, we also compared the LSTM models against
classical baselines frequently used in wireless localisation: Logistic Regression, Support Vec-
tor Machines (SVM), k-Nearest Neighbors (kNN), and Hidden Markov Models (HMM). All
static models were trained on scalar RSSI/SNR/distance features without temporal mod-
eling. As summarized in Table 6.6, these methods achieved modest accuracies (27-46%),

with several collapsing to majority-class predictions, confirming their inability to capture
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the temporal and sequential dependencies inherent to LoRaWAN propagation dynamics.

Finally, to assess the role of channel-model features, an ablation experiment was con-
ducted in which the LSTM was trained using only raw sequential RSSI/SNR data, excluding
path-loss and model-derived inputs. This reduced variant achieved 42% accuracy—already
outperforming all static baselines—demonstrating that the network’s temporal learning ca-

pability is the dominant driver of localisation performance.

Table 6.6: Performance comparison of baseline models and proposed LSTM variants.

Model Accuracy (%)
Majority-class predictor 42.8
Logistic Regression (static RSSI/SNR /dist.) 30.0
SVM (static RSSI/SNR /dist.) 30.9
kNN (static RSSI/SNR/dist.) 27.0
HMM (discretized RSSI) 46.1

To visualise the class-level behavior of the baseline methods, Figure 6.13 presents
the corresponding confusion matrices. The static classifiers (kNN, SVM, Logistic Regres-
sion, and HMM) exhibit strong class imbalance and limited inter-class discrimination, with
several models collapsing into dominant sector predictions. The Hidden Markov Model pro-
vides modest temporal smoothing through discrete RSSI transitions, but still underperforms
compared to the LSTM’s sequential learning. These observations reinforce the advantage of

temporal feature modeling for LoRaWAN-based localisation.

The performance gap between the LSTM (72.1%) and the HMM (46.1%) is at-
tributable to two complementary factors. First, and most decisively, long-term memory:

the HMM'’s first-order Markov assumption limits each prediction to the immediately preced-
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Figure 6.13: Confusion matrices for baseline classifiers trained on static RSSI/SNR features.
All models exhibit limited discriminative power and strong class bias, underscoring the ef-

fectiveness of sequential modeling in the proposed LSTM-based approach.

ing state, whereas sector discrimination in a single-gateway setting requires gradual signal
evolution across multiple packets — a capability directly evidenced by the sequence-length
ablation study, where accuracy improves from 57.9% at L = 1 to 72.5% at L = 8. Second,
non-linearity: the HMM operates on discretized RSSI states through linear transition prob-
abilities, whereas the LSTM’s gating mechanism and activation functions capture complex
non-linear relationships between temporal signal patterns and sector labels that are inacces-
sible to a linear probabilistic model. Notably, even the single-packet LSTM (L = 1, 57.9%)
already surpasses the HMM (46.1%), suggesting that non-linear representational capacity
alone accounts for part of the gap, with the full advantage emerging as temporal context

grows — confirming long-term memory as the dominant differentiator in this deployment.
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In summary, these results confirm that synthetic augmentation contributes primarily
to data balance and robustness, rather than to artificial accuracy inflation. The LSTM’s
temporal learning advantage remains evident even without augmentation, but the inclusion
of statistically consistent synthetic samples enables the model to reach its full generalisation

potential under limited real-world data.

6.7 Generalisability and Deployment Limits

The localisation framework presented in this chapter was trained and validated within a
single urban deployment environment; Birmingham City Centre, under a deliberate single-
gateway constraint. While this setup is the central methodological contribution of the thesis,
it is important to discuss its implications for generalisability and transferability to other

deployments transparently.

With respect to localisation granularity, the single-gateway constraint inherently
limits the spatial resolution achievable. Without the geometric diversity provided by multiple
synchronised gateways (as exploited by TDoA and multilateration approaches), sector-level
classification across three angular quadrants represents the practical limit of spatial inference
from a single signal source. The three-sector configuration was selected over a four-sector
alternative following empirical evaluation showing that the four-sector setup produced sig-
nificant overfitting (84.6% training accuracy vs 66.7% test accuracy), confirming that finer
granularity requires either denser infrastructure or substantially larger datasets. These con-
straints should be taken into account when interpreting the reported classification accuracy

as a measure of practical localisation resolution.

As for, environment transferability, the framework is trained on measurements

specific to Birmingham City Centre, and the path-loss model, sector boundaries, and LSTM
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weights all reflect the propagation characteristics of this particular urban morphology. Direct
deployment in a different city or environment without recalibration would therefore not be
expected to yield equivalent performance. However, the framework is designed to be inher-
ently recalibratable: the data collection procedure, path-loss regression, and LSTM training
pipeline are all reproducible from locally collected LoRaWAN measurements, requiring no
specialised hardware beyond a single gateway. In this sense, the contribution is best under-
stood as a methodology for environment-specific single-gateway localisation rather than a

universally transferable model.

With respect to generalisation within the Birmingham deployment, the leave-
one-group-out cross-validation protocol; achieving 68.8% =+ 2.2% accuracy and 76.9% + 1.6%
balanced accuracy across five folds, confirms that the model generalises reliably across mea-
surement campaigns collected on different days and under varying environmental conditions,
including dynamic mobility, seasonal variation, and a natural mixture of LOS and NLOS
propagation conditions inherent to the dense urban morphology of Birmingham City Cen-
tre. This within-environment generalisation is meaningful evidence of robustness, even if

cross-environment transferability remains an open research question.

The single-gateway approach is therefore best positioned as a foundation for the
most constrained deployment scenario — demonstrating that meaningful localisation
is achievable without dense infrastructure — rather than as a replacement for multi-gateway
systems in applications requiring fine-grained coordinate-level positioning. Extensions to
multi-gateway deployments, federated learning across sites, and cross-environment validation

are identified as natural directions for future work in Chapter 7.
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6.8 Summary

This chapter presented the development, training, and evaluation of the proposed data-driven
Long Short-Term Memory (LSTM) model for single-gateway LoRaWAN-based localisation.
The work began with the synthesis and augmentation of the experimental dataset to address
the inherent limitations of real-world LoRa measurements, such as data sparsity, irregular
sampling, and class imbalance. Distribution-based augmentation (DBC) was used to gener-
ate statistically consistent synthetic samples derived from the fitted path-loss distributions
of real measurements. This approach effectively expanded the dataset while preserving the
empirical characteristics of the wireless channel, ensuring that the model learned from both

authentic and statistically relevant conditions.

Following data preparation, a sequential LSTM network was designed and optimized
for spatial sector prediction. The architecture consisted of stacked BiLSTM and fully con-
nected layers, trained to model the temporal dependencies in received signal patterns. Com-
prehensive hyperparameter tuning was performed to determine the optimal layer configura-
tion, learning rate, and training epochs, yielding a final model that achieved stable conver-
gence and strong generalisation. Comparative experiments with the CNN-LSTM hybrid con-
firmed that while convolutional layers improved local feature extraction, the simpler LSTM
architecture achieved comparable accuracy with lower computational complexity, making it

more suitable for real-time or edge deployment in LoRaWAN systems.

The model’s performance was validated through cross-validation and multiple evalua-
tion metrics, including accuracy, macro-F1 score, and balanced accuracy with 95% confidence
intervals. The proposed LSTM achieved an average accuracy of 72.1% under standard test-
ing, and 68.8% =+ 2.2 across five folds, confirming consistent generalisation across different
trajectories. Statistical reliability analysis showed balanced accuracies above 0.70 for all

classes (Q1-Q3), and McNemar’s test indicated that improvements over the CNN-LSTM
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baseline were statistically significant (p = 0.0023). Training and validation curves demon-
strated smooth convergence without signs of overfitting, supported by the use of dropout,

batch normalization, and careful regularization.

The subsequent network evaluation section examined model sensitivity and robust-
ness under various deployment conditions. The LSTM maintained stability under Gaussian
RSSI perturbations up to £5 dB, demonstrating resilience to environmental and hardware-
induced noise. Sector partitioning experiments revealed that a three-sector configuration
provided the best trade-off between granularity and generalisation, avoiding the overfitting
observed in the four-sector case. Moreover, synthetic data ablation studies confirmed that
augmentation primarily enhanced class balance and robustness during training, rather than
artificially boosting test accuracy. Training without synthetic data led to a 13% absolute
drop in accuracy, highlighting the value of statistically grounded augmentation in data-scarce

LoRaWAN environments.

Finally, comparisons with classical baselines (Logistic Regression, SVM, kNN, and
HMM) established that static feature-based models achieved only 27-46% accuracy, under-
scoring the advantage of sequential temporal modeling. The proposed LSTM, leveraging
both temporal dependencies and distribution-based channel features, delivered robust and

interpretable localisation performance with strong generalisation to unseen test conditions.

In summary, this chapter demonstrated that the integration of statistical data aug-
mentation, sequential deep learning, and systematic validation provides a scalable and reli-
able solution for LoRaWAN-based localisation. The findings confirm that the LSTM archi-
tecture effectively captures temporal signal variations and generalises across heterogeneous
environments, establishing a solid foundation for further enhancements in hybrid localisation

and real-world deployment.
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Chapter 7

Conclusions & Recommendations

7.1 Summary of Research

This thesis investigated the feasibility of achieving accurate, low-power, GPS-independent
localisation using a data-driven machine-learning framework within LoRaWAN networks.
The study began with a critical review of existing LPWAN-based localisation methods and
path-loss modeling techniques, identifying the key gaps in experimental validation, model
generalisation, and robustness under real-world signal variability. Motivated by these lim-
itations, a novel single-gateway localisation framework was proposed, integrating empirical
propagation modeling with temporal deep learning using Long Short-Term Memory (LSTM)

networks.

The early stages of the research focused on experimental characterisation of Lo-
RaWAN signal behavior in a dense urban environment (Birmingham, UK). A dedicated
single-gateway testbed was deployed to collect real-world RSSI and SNR data across multi-
ple trajectories, establishing the first large-scale empirical dataset for this region. The dataset
enabled the development of a two-slope, distance-segmented path-loss model that accurately
captured near- and far-field propagation regimes. The results demonstrated clear relation-
ships between environmental geometry, signal attenuation, and spatial coverage—forming

the empirical basis for subsequent machine-learning modeling.
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Building on these foundations, a data-driven localisation framework was developed
using sequential modeling of LoRaWAN signal features. Temporal signal patterns were pro-
cessed through an LSTM network designed for quadrant-based spatial classification, enabling
coarse-grained location prediction without GPS. To overcome data sparsity and imbalance,
the study introduced a statistical data augmentation approach, in which new samples were
generated by perturbing the measured RSSI and SNR values according to their observed
means and variances. This process preserved the physical distribution of the real mea-
surements while expanding the dataset, thereby improving both data diversity and model

generalisation across varying environmental conditions.

Comprehensive validation—including cross-validation, statistical reliability testing,
and robustness analysis—confirmed the model’s effectiveness. The proposed LSTM achieved
mean accuracies of 72.1 % (single split) and 68.8 % + 2.2 % across five folds, with bal-
anced accuracies above (.70 for all classes. Compared to a hybrid CNN-LSTM baseline
and classical models (SVM, kNN, HMM), the LSTM exhibited superior performance with
significantly lower computational complexity, enabling potential real-time deployment on
resource-constrained gateways. The model also maintained stable predictions under con-
trolled noise perturbations up to £5 dB, demonstrating resilience to environmental and

hardware-induced variations.

7.2 Key Findings & Contributions

1. Propagation characterisation: The Birmingham campaign provided the first real-
world, high-resolution analysis of LoRaWAN propagation across an urban environment,
revealing the strong dependence of performance on geometry, line-of-sight (LoS), and
multipath conditions. Traditional empirical models were shown to underperform, while

the proposed regression—clustering framework captured distinct propagation regimes

165



Conclusions & Recommendations

with interpretable, cluster-specific parameters.

. Distribution-Based Clustering (DBC): A novel DBC approach was introduced to
differentiate near-field and far-field propagation behaviors. Compared with K-means,
DBC yielded clusters that aligned closely with physical propagation transitions, im-
proving both interpretability and model fitting quality—thereby providing a more ro-

bust basis for hybrid path-loss modeling.

. Data-Driven Localisation via LSTM: The proposed LSTM framework effectively
modeled temporal signal dependencies within packet sequences, outperforming conven-
tional static classifiers (SVM, kNN, Logistic Regression, HMM). Incorporating statis-
tical data augmentation based on RSSI and SNR variance improved robustness
to class imbalance, achieving up to 13% higher test accuracy and demonstrating

feasibility for single-gateway localisation.

. Model Validation and Statistical Reliability: Cross-validation and statistical
testing confirmed generalisation and significance, with balanced accuracies ranging
from 0.72-0.80 and a McNemar’s test (p = 0.0023) verifying improvement over CNN-LSTM
and conventional baselines. This underscores the reliability and repeatability of the

proposed learning framework.

. Noise Robustness and Environmental Stability: Controlled Gaussian perturba-
tion experiments showed that the model maintained stable accuracy (= 58%) under
+5 dB signal noise, confirming its resilience to measurement variability and practical

applicability under real-world conditions.
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7.3 Limitations

The proposed framework represents a meaningful step toward GPS-free, single-gateway lo-

calisation in LoRaWAN networks. However, a number of limitations should be acknowledged

to ensure transparent interpretation of the reported results:

1. Single-environment validation: The framework was trained and evaluated exclu-

sively within Birmingham City Centre. The path-loss model, sector boundaries, and
LSTM weights all reflect the specific propagation characteristics of this urban morphol-
ogy. Direct deployment in a different environment without recalibration would not be
expected to yield equivalent performance. Cross-environment validation remains an

open research question.

. Sector-level granularity: The framework performs coarse-grained classification across
three angular sectors rather than fine-grained coordinate estimation. This granular-
ity is an inherent consequence of the single-gateway constraint, which provides no
geometric diversity for multilateration. The four-sector configuration was evaluated
and rejected due to overfitting (84.6% training vs 66.7% test accuracy), confirming
that finer spatial resolution requires either denser infrastructure or substantially larger
datasets. Furthermore, the framework does not explicitly model node mobility, includ-
ing the effects of movement speed and trajectory on prediction reliability. The dataset
was collected primarily under pedestrian and slow-vehicular conditions, and the impact
of higher mobility speeds on sequence coherence and classification confidence has not

been systematically evaluated.

. Single-gateway constraint: While the single-gateway setup is the deliberate design
philosophy of this work, it inherently limits spatial disambiguation compared to multi-

gateway approaches. The absence of geometric diversity means that localisation relies
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entirely on temporal signal evolution, which performs best under low-to-moderate mo-
bility conditions consistent with the pedestrian and slow-vehicular scenarios in this

dataset.

. Offline evaluation: The framework was designed and evaluated in an offline setting
where the full packet sequence was available prior to classification. Real-time deploy-
ment would require accumulation of a sufficient temporal window before a prediction
can be issued, introducing a latency inherent to the sequential nature of the approach.
While inference latency is negligible (< 0.15 ms per sequence), the sequence accumu-
lation requirement introduces a deployment consideration not fully evaluated in this

work.

. Dependence on synthetically augmented data: The training dataset combines
real experimental measurements with synthetically generated RSS samples derived
from the Birmingham path-loss model. While KDE divergence metrics confirm statis-
tical consistency between real and synthetic distributions (values below 1.71 x 1074,
Table 6.1), and ablation studies confirm that augmentation does not artificially in-
flate test performance (71.6% without synthetic data vs 72.1% combined), the reliance
on model-derived synthesis introduces a dependency on the accuracy of the path-loss
model itself. Any residual modelling bias at the path-loss stage may propagate into
the synthetic samples and influence the learned decision boundaries, with implications

for real-world representativeness beyond the Birmingham deployment context.

. Absence of large-scale and multi-gateway validation: The framework was val-
idated within a single-gateway, single-environment deployment. No empirical evalua-
tion was conducted under large-scale conditions involving multiple gateways or dense
node populations. While the computational efficiency of the model (< 0.15 ms per
sequence) suggests feasibility for scaled deployment, the absence of multi-gateway or

network-level validation limits conclusions regarding the framework’s scalability and
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performance under real-world IoT deployment conditions.

These limitations do not undermine the core contributions of the thesis but define the bound-
ary conditions within which the results should be interpreted. Each limitation directly
motivates one or more of the future research directions identified in the following section,

establishing a clear and honest research agenda for subsequent work in this area.

7.4 Future Research Directions

While the present work establishes a solid methodological foundation for GPS-independent,
data-driven localisation in LoRaWAN networks, the emphasis of this research remains on
achieving the highest possible localisation accuracy within a low-power, single-gateway in-
frastructure. This focus on minimal hardware and energy efficiency defines the practical
motivation and scalability philosophy of the framework. Nevertheless, several research av-

enues naturally emerge from this study:

e Enhanced Single-Gateway Intelligence: A central continuation of this work lies
in advancing the inference capability of a single LoRaWAN gateway. Future research
can explore whether sequential signal features (e.g., the temporal evolution of RSSI
and SNR) can be used to infer motion directionality—that is, to determine whether
a transmitting node is moving toward or away from the gateway. Such temporal
awareness would significantly enrich localisation context without increasing hardware
complexity, representing a promising new line of investigation for LoRa-based mobility

sensing.

e Low-Power Scalability: While this work focused on single-gateway optimization,

extending the same data-driven principles to multi-gateway or multi-node setups could
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demonstrate how scalable localisation accuracy can be achieved without compromising
power constraints. The challenge is to maintain the system’s lightweight nature while

leveraging spatial diversity when available.

Federated and Edge Learning: To preserve the low-power ethos of LoRaWAN,
future implementations can employ federated learning to enable collaborative model
updates across gateways while keeping raw data localised. Additionally, deploying
TinyLSTM or quantized models on embedded gateways would allow real-time

inference with minimal computational overhead.

Cross-Environment Validation: Testing the trained model across different cities or
environments can evaluate its adaptability and identify the limits of domain transfer.
Future research should examine the generalisation of the proposed framework across
different cities or deployment environments. Because radio propagation strongly de-
pends on local morphology, building density, and terrain, each new environment re-
quires the derivation of its own empirical path-loss model. Establishing this lo-
calised propagation model before training ensures that the LSTM network is fed with
environment-specific signal characteristics rather than distorted or mismatched fea-
tures. Comparing localisation performance across environments—each using its own
calibrated path-loss representation—would reveal how transferable the learned tempo-
ral patterns are and identify whether model adaptation or transfer learning strategies

are needed for robust performance.

Hybrid Sensor Fusion: Integrating auxiliary sensing modalities—such as GPS, in-
ertial measurements, or Wi-Fi fingerprints—can yield hybrid fusion networks capable

of decimeter-level accuracy.

Adaptive and Reinforcement-Based Localisation: Reinforcement learning could

be explored for dynamic parameter adaptation in real time, improving localisation
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under non-stationary channel conditions and evolving urban landscapes.

Together, these future directions reaffirm the central philosophy of this research: that
meaningful localisation accuracy can be achieved through signal intelligence rather than
hardware proliferation. By deepening the understanding of sequential signal behavior, en-
abling low-power deployment of learning models, and exploring motion-aware inference from
temporal LoRaWAN data, future work can further advance this framework beyond static
positioning. Ultimately, this line of investigation envisions a new generation of energy-
efficient, self-adaptive, and context-aware LoRaWAN localisation systems capable of operat-
ing autonomously within large-scale [oT and smart-city infrastructures—realizing practical,
scalable, and sustainable localisation without the need for complex or power-intensive archi-

tectures.
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