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Abstract

Modern wireless networks increasingly rely on artificial intelligence to support spectrum aware-

ness, radio propagation modelling, coverage prediction, and automated network optimisation.

Although conventional deep neural networks (DNNs) can achieve strong predictive perform-

ance, they are typically correlation-driven, data-hungry, and difficult to interpret. These lim-

itations become critical in wireless systems, where labelled measurements are expensive to

obtain, deployment conditions vary across cities, carrier frequencies, antenna configurations,

clutter classes, and planning tools, and operational decisions often require traceable physical

reasoning rather than opaque predictions.

This thesis investigates how wireless learning models can move from purely data-driven

prediction toward structure-aware and interpretable intelligence. First, it examines deep learn-

ing for wireless spectrum awareness in vehicular communication scenarios, demonstrating the

practical value of NN models while also exposing their dependence on learned statistical repres-

entations. Building on this limitation, the thesis proposes Innately Intelligent Neural Networks

(IINNs), a domain-informed NN modelling framework in which physical variables, analytical

relationships, and mathematical operators are embedded directly into the network architecture

before training. Unlike post-hoc explainability methods, IINN is designed to be interpretable by

construction: intermediate computations correspond to meaningful wireless propagation com-

ponents.

The proposed framework is evaluated for radio propagation and received signal reference

power prediction under limited-data and out-of-distribution conditions. Across deployment shifts,

IINN demonstrates stronger robustness than representative black-box baselines, including (22.13±

2.91)% relative OOD degradation under joint city–frequency shift compared with 45.32–58.04%

for the baseline models. Across training-data fractions from 100% to 5%, IINN achieves the

lowest average relative OOD degradation, (17.70±3.38)%. The evaluation also includes propaga-

tion label-shift testing, for which absolute OOD RMSE is reported because the target labels are

generated by a different propagation model. Structural traceability analysis further shows that

IINN exposes learned analytical coefficients and section-wise propagation calculations during

inference.
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Finally, the thesis extends IINN to transfer learning, showing that physically meaningful

model components provide a principled basis for deciding which parameters should be retained,

adapted, or recalibrated across deployment scenarios. Overall, this thesis positions IINN as

a compact, auditable, and data-efficient learning paradigm for wireless systems, particularly

suited to settings where partial domain knowledge is available, labelled data are limited, and

trustworthy model behaviour is required.
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Chapter 1

Background and Literature Review

Wireless communication systems are becoming increasingly difficult to operate, optimise, and

audit. Modern radio access networks are no longer static collections of base stations and ter-

minals. They are dense, heterogeneous, software-controlled systems whose behaviour depends

on carrier frequency, antenna configuration, transmit power, propagation environment, clutter

class, traffic demand, user mobility, and deployment geometry. As networks move toward AI-

native operation, these factors must be predicted and acted upon with limited measurement data

and under conditions that often differ from the environment in which a model was trained [1],

[2], [3].

Machine learning (ML) and deep neural networks (DNNs) have therefore become attractive

tools for wireless inference tasks. They can learn complex nonlinear relationships from data and

have demonstrated strong empirical performance in applications such as modulation classific-

ation, radio-map prediction, channel estimation, beam management, and coverage modelling.

However, this success also exposes a central difficulty: most learning systems used in wireless

networks are correlation-driven. They learn statistical associations from training examples, but

their internal computational structure is not derived from the physical mechanisms that gov-

ern the wireless system. As a result, a model may perform well on a held-out test set while

remaining opaque, data hungry, and fragile when exposed to a new city, frequency band, site

configuration, propagation model, or measurement condition [4], [5], [6], [7].
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This thesis investigates a different design philosophy. Rather than treating neural networks

as tabula-rasa function approximators, it asks whether domain knowledge can be embedded

into the architecture before training begins. The resulting research programme moves from

correlation-driven learning toward structure-aware learning. The central argument is that, for

physics-governed wireless tasks, the most consequential design decision is not only which op-

timiser or training dataset is used, but whether the model begins with any structural understand-

ing of the domain [8], [9], [10].

This chapter therefore serves two roles. First, it introduces the motivation, research problem,

research questions, and thesis structure. Second, it consolidates the background and literature

review material required to understand the later technical chapters. This responds directly to the

revised thesis structure: Chapter 2 is treated as a diagnostic example of conventional data-driven

wireless AI, Chapter 3 introduces the IINN construction methodology, Chapter 4 provides the

IINN propagation experiments and ablation evidence, and Chapter 5 uses IINN interpretability

to guide transfer learning [11], [12], [13].

1.1 Motivation

1.1.1 Wireless AI Beyond In-Distribution Accuracy
In operational wireless networks, prediction accuracy alone is not enough. A radio-planning

or automation model must also be trustworthy, auditable, and robust. If a model predicts poor

received signal power, an engineer must be able to determine whether the cause is distance-

dependent path loss, antenna misalignment, clutter obstruction, insufficient transmit power, or a

site-specific propagation effect. A black-box prediction without physical attribution has limited

operational value, even if the numerical error is small [7], [14], [15].

This issue is particularly important for network automation. Tasks such as antenna tilt op-

timisation, coverage anomaly detection, frequency refarming, cell reconfiguration, and digital-

twin-assisted planning require models whose outputs can be related to actionable physical

causes. In such settings, the question is not only what the model predicted, but why the predic-

tion changed when network or environmental conditions changed. This motivates interpretable

learning systems whose internal computations can be inspected without relying entirely on post-

hoc approximation tools [2], [6], [16].

2



1.1.2 The Cost of Correlation-Driven Learning
Conventional DNNs are usually designed through heuristic choices: the number of layers, num-

ber of neurons, activation functions, and optimisation settings are selected empirically. The net-

work receives the input variables as a feature vector and learns a mapping to the target through

gradient-based optimisation. This design gives DNNs high flexibility, but it also creates three

limitations [1], [5], [17].

First, the model is data dependent. Since the architecture contains no explicit domain struc-

ture, the model must infer all relevant relationships from labelled examples. In wireless net-

works, such labels are costly because high-quality measurements require field campaigns, sim-

ulation pipelines, or radio-planning tools [5], [6], [18].

Second, the model is difficult to interpret. Internal activations do not naturally correspond to

physical quantities such as distance loss, antenna gain, height correction, or clutter attenuation.

Post-hoc methods such as SHAP and LIME can estimate feature influence [19], [20], but they

do not make the original model structurally interpretable [7], [15], [17].

Third, the model can be sensitive to distribution shift. A network trained on one city, fre-

quency, site geometry, clutter distribution, or propagation-label source may learn correlations

that are locally valid but not transferable. This is a serious limitation for wireless systems,

where deployment environments vary continuously and training data are rarely representative

of all operating conditions [21], [22], [23].

1.1.3 Why Architecture-Level Intervention Matters
Several existing paradigms attempt to address these limitations. Post-hoc explainability estim-

ates feature importance after training. Confidence calibration attaches reliability measures to

predictions [23], [24]. Physics-informed neural networks (PINNs) introduce physical laws as

loss-function constraints [10], [25]. Deep unfolding maps iterative optimisation algorithms into

neural architectures [26], [27]. Transfer learning adapts pre-trained models to new domains

using limited target data [28], [29], [30].
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These approaches are useful, but they usually do not change the central fact that the internal

representation of the model remains weakly coupled to domain physics. The present thesis

argues that, when a domain has analytical or empirical equations that describe the target phe-

nomenon, the architecture itself should reflect those equations. This does not mean hardcoding

a complete simulator into a neural network. Rather, it means decomposing known physical re-

lationships into trainable computational components so that learning begins from a meaningful

structure instead of an unconstrained hypothesis space [8], [9], [12].

1.2 Literature Review and Research Gap
This section consolidates the literature themes that motivate the four technical contribution

chapters. The aim is not to repeat the detailed methodology of later chapters, but to make explicit

the knowledge gap that links spectrum awareness, wireless propagation modelling, interpretab-

ility, robustness, and transfer learning [4], [5], [7], [28].

1.2.1 Spectrum Awareness and Modulation Classification
Spectrum awareness in vehicular communication relies on the ability to monitor available spec-

trum and identify the modulation format used under time-varying channel conditions. Existing

modulation-classification approaches are commonly grouped into likelihood-based and feature-

based methods [31], [32], [33], [34]. Likelihood-based methods can be statistically powerful,

but they are often computationally expensive and may require prior knowledge of channel para-

meters. Feature-based methods reduce complexity by extracting signal descriptors and training

a classifier, including support-vector-machine and CNN-based approaches. However, much of

the prior work evaluates classification mainly as a function of SNR, with less emphasis on sim-

ultaneous variation in mobility, channel variance, and rural/urban multipath conditions [4], [35],

[36].

Chapter 2 addresses this narrower gap by evaluating a CNN-based modulation-classification

pipeline under a 3D stochastic vehicular channel with varying SNR, vehicle speed, channel

variation, and propagation environment. Its novelty is not that CNNs are introduced for the first

time, but that classification performance is evaluated as a forward channel-quality indicator for
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modulation-order selection under realistic channel variability. At the same time, the chapter

deliberately exposes a limitation: the CNN can classify constellation images effectively, but its

internal representation is not structurally linked to channel mechanisms. This limitation is the

bridge from Chapter 2 to IINN [4], [7], [11].

1.2.2 Learning-Based Wireless Propagation Modelling
Wireless propagation modelling has also seen extensive use of ML and DL predictors. Em-

pirical models and deterministic ray-tracing tools remain important, but they can be limited

by environment specificity, high simulation cost, or incomplete measurement coverage. ML-

based received-power and path-loss predictors have therefore been studied using tree ensembles,

boosting methods, DNNs, image-based models, satellite or map features, MDT data, and hybrid

feature-engineering pipelines [5], [6], [37], [38], [39], [40], [41], [42], [43], [44], [45], [46].

These works demonstrate that data-driven predictors can achieve strong accuracy, especially

when training and testing conditions are well aligned.

The remaining gap is not simply replacing empirical propagation models with more accurate

regressors. The more demanding requirement is to build predictors that remain traceable and

robust when deployment conditions shift. A model used for radio planning, anomaly diagnosis,

or digital-twin-assisted optimisation should expose whether an error or coverage change is asso-

ciated with path loss, antenna alignment, site geometry, clutter, or residual effects. Conventional

black-box models do not provide this inference pathway. This motivates the IINN framework

developed in Chapter 3 [12], [14], [16].

1.2.3 Explainability, Physics-Guided Learning, and Structural Traceabil-

ity
Post-hoc explainability methods such as SHAP, LIME, saliency maps, and perturbation analysis

can estimate influential inputs after a model has been trained [19], [20], [47], [48], [49]. These

methods are useful for communicating feature influence, but they do not necessarily reveal

the actual sequence of internal operations that produced a prediction. In wireless propagation

modelling, this distinction matters: knowing that distance is important is not the same as tracing

how distance-dependent path loss, antenna attenuation, and site/environment terms combine

during inference [7], [12], [14].
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Other structured approaches introduce domain knowledge through physics-informed loss

terms, residual constraints, deep unfolding, neuro-symbolic structure, Equation Learner, or

Kolmogorov–Arnold networks [10], [25], [26], [27], [50], [51], [52], [53]. These approaches

show that structure can improve learning, but many do not organise the inference pathway as an

inspectable received-power decomposition. The gap addressed by IINN is therefore architecture-

level structural traceability: analytical variables, coefficients, and operators are mapped into

trainable NN components so that intermediate propagation terms remain visible during infer-

ence [8], [9], [12], [54].

1.2.4 Limited Data, OOD Robustness, and Transfer Learning
Wireless datasets are often limited, biased, or tied to a particular simulator, city, carrier fre-

quency, or measurement campaign. Data augmentation, GAN-based propagation synthesis, cal-

ibration, and domain-adaptation methods can reduce sample requirements or improve transfer

[23], [24], [55], [56], [57]. These methods are complementary to IINN, but they do not by

themselves determine which internal components of a model should change when a target de-

ployment changes [12], [21], [22].

Conventional transfer learning often freezes and fine-tunes layers using empirical search.

This can be effective, but it is not naturally connected to wireless-domain variables such as

base-station height, antenna tilt, sector orientation, or frequency. Chapter 5 addresses this gap

by using the interpretability of IINN to guide layer selection: invariant components are frozen

and domain-variable components are fine-tuned. Thus, the transfer-learning contribution is not a

new propagation architecture; it is an experiment showing that the IINN architecture introduced

in Chapter 3 and evaluated in Chapter 4 can make adaptation more principled [13], [28], [29],

[30].

1.2.5 Central Knowledge Gap
Across these literatures, the central knowledge gap is the absence of a wireless learning frame-

work that jointly provides: (i) practical predictive capability, (ii) architecture-level interpretab-

ility rather than only post-hoc explanation, (iii) robustness under limited-data and OOD deploy-

ment shifts, (iv) component-level structural traceability, and (v) a principled basis for transfer

learning. This thesis addresses that gap by progressing from a conventional CNN spectrum-

awareness model, to IINN for structurally traceable propagation modelling, to IINN-guided

transfer learning [11], [12], [13], [16].
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1.3 Research Problem
The thesis addresses the following overarching research problem [1], [5], [7], [12]:

How can wireless learning systems be designed so that they remain accurate, data
efficient, interpretable, and adaptable under limited-data and shifted-deployment
conditions, while preserving a meaningful connection between internal computa-
tion and domain physics?

This problem is decomposed into four specific challenges [5], [17], [21], [28].

P1: Data dependency. Conventional DNNs require representative labelled data to learn phys-

ical relationships that are already partially known from wireless theory [5], [6], [18].

P2: Opacity. The internal computations of black-box models do not correspond to identifiable

wireless propagation or network-control mechanisms [7], [19], [20].

P3: Distribution shift. Models trained in one environment may degrade when tested under

different city, frequency, antenna, clutter, or propagation-label conditions [21], [22], [23].

P4: Unprincipled adaptation. Conventional transfer learning often relies on trial-and-error

layer selection rather than domain knowledge about what actually changes between source

and target environments [13], [28], [29].

1.4 Research Aim and Questions
The aim of this thesis is to develop and evaluate a structure-aware neural modelling framework

for wireless systems, in which domain knowledge is incorporated into the model architecture

before training. The thesis is guided by the following research questions [8], [9], [12].

RQ1: Can conventional deep learning provide practical wireless intelligence, and what limit-

ations does it expose when interpretability and deployment robustness are required [4],

[7], [11]?

RQ2: Can analytical wireless-domain knowledge be converted into a NN architecture whose

internal components remain physically meaningful and trainable [8], [9], [12]?

RQ3: Does a structure-aware NN architecture improve data efficiency and robustness under

limited-data and out-of-distribution conditions [12], [18], [21]?

RQ4: Can architectural interpretability be used not only for explanation, but also to make trans-

fer learning more principled and efficient [13], [28], [30]?
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1.5 Thesis Overview
The thesis develops its argument through four technical contribution chapters [11], [12], [13],

[16].

Chapter 2 begins with a conventional data-driven wireless AI problem: spectrum awareness

for vehicular communication. A lightweight deep learning modulation-classification framework

is used to support modulation-order selection under different channel conditions. This chapter

demonstrates that deep learning can be practically useful in wireless decision-making. At the

same time, it exposes the limitation that motivates the rest of the thesis: the CNN classifier can

perform well, but its internal reasoning is not physically transparent [4], [7], [11].

Chapter 3 introduces the Innately Intelligent Neural Network (IINN) construction methodo-

logy. IINN is a domain-informed modelling approach in which analytical relationships are de-

composed into neural components. Instead of using one undifferentiated feature vector, scalar

physical variables are processed through structured computational branches corresponding to

known mathematical operations. This chapter explains the motivation, related work, construc-

tion rules, and wireless propagation instantiation of IINN [8], [9], [12].

Chapter 4 evaluates the IINN propagation model under data scarcity, city shift, frequency

shift, and propagation-label shift. It also presents the structural-traceability evidence showing

how IINN exposes intermediate propagation terms, learned analytical coefficients, and section-

wise calculation pathways [5], [12], [21].

Chapter 5 extends IINN to transfer learning. Because IINN layers correspond to physical

terms, the model can identify which components are expected to change between source and

target domains. This enables domain-aware fine-tuning: invariant components are frozen and

variable components are adapted. The result is a transfer learning procedure that is not based on

exhaustive layer-search heuristics, but on the physical meaning of the model components [13],

[28], [29].
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Table 1.1: Role of each chapter in the thesis argument.

Chapter Technical focus Main evidence Role in thesis argument

Chapter 2 Deep learning spectrum
awareness for vehicular
communication

CNN-based modulation
classification supports high
detection probability under
varying channel settings

Demonstrates the practical
value of correlation-driven
AI, while exposing the ab-
sence of structural inter-
pretability.

Chapter 3 IINN construction meth-
odology

Equation-to-architecture
design rules and wireless
propagation instantiation

Introduces architecture-
level domain embedding
and explains how phys-
ically meaningful com-
ponents are built before
training.

Chapter 4 IINN propagation experi-
ments and ablation

Data-scarcity, city-
shift, frequency-shift,
propagation-label-shift,
and structural-traceability
evidence

Shows how IINN can re-
main structurally traceable
without being tied to one
propagation-label model.

Chapter 5 IINN-based transfer
learning

Domain-aware fine-tuning
improves adaptation under
base-station height and
sector changes

Shows that interpretability
is operationally useful be-
cause it enables principled
adaptation.

1.6 Contributions
The thesis makes four main contributions [11], [12], [13], [16].

C1: A diagnostic demonstration of correlation-driven wireless AI. The thesis first demon-

strates that a CNN-based spectrum-awareness system can support modulation classifica-

tion and CQI-oriented decision-making in vehicular communication. This establishes the

practical usefulness of deep learning while motivating the need for models that are more

interpretable and physically traceable [4], [7], [11].

C2: A domain-informed IINN architecture design methodology. The thesis proposes the

IINN framework, in which physical variables, analytical relationships, and mathematical

operators are mapped into neural architecture before training. This shifts the design philo-

sophy from heuristic architecture selection to equation-informed model construction and

enables structural traceability of the prediction pathway [8], [9], [12].
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C3: Robust and traceable wireless propagation modelling under shift. The thesis evalu-

ates IINN under city, frequency, data-scarcity, and propagation-label-shift settings. It also

shows that structural traceability can expose intermediate propagation terms and learned

coefficients, giving the model an inspectable prediction pathway rather than only a final

RSRP estimate [5], [12], [21].

C4: A domain-aware transfer learning strategy. The thesis shows that IINN interpretabil-

ity can guide transfer learning. Instead of choosing layers to fine-tune by trial and error,

the proposed approach identifies variable and invariant model components from domain

knowledge and adapts only the physically relevant layers [13], [28], [30].

1.7 Scope of the thesis
The claims of this thesis are intentionally bounded. IINN is not presented as a universal re-

placement for all machine learning methods. Flexible models such as LightGBM, XGBoost,

and deep ensembles may remain preferable when large, representative datasets are available and

the primary objective is raw predictive accuracy. IINN is most relevant when three conditions

hold: the task is governed by at least approximate physical or empirical structure, labelled data

are limited or expensive, and interpretability or controlled adaptation is operationally important

[5], [12], [58], [59].

The thesis also distinguishes between two forms of interpretability. Post-hoc explainability

helps communicate or approximate the behaviour of an already-trained model. Architecture-

level interpretability changes how the model is constructed. IINN belongs to the second cat-

egory. Its goal is not merely to explain a black box after training, but to reduce the black-box

character of the model by design [7], [12], [15], [17].

Finally, the evaluation is largely simulation based. This enables controlled comparisons

across data scarcity, deployment shift, and propagation-label shift, but it does not replace valid-

ation on live-network measurements. Real-measurement validation is therefore treated through-

out the thesis as a critical future step rather than as an already established result [3], [5], [6].
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1.8 Structure of the thesis
The chapters are organised as follows [11], [12], [13], [16].

Chapter 2 presents a deep learning-based spectrum-awareness approach for vehicular com-

munication. The chapter introduces spectrum monitoring, modulation classification, a CNN-

based classifier, and a CQI-oriented decision mechanism. It demonstrates the practical value of

data-driven AI in wireless systems while motivating the need for more interpretable learning

architectures [4], [11].

Chapter 3 introduces the IINN framework for wireless propagation modelling. The chapter

develops the equation-to-architecture design process and constructs the propagation-oriented

IINN methodology [8], [12].

Chapter 4 evaluates the IINN framework. The chapter discusses the simulation data, bench-

mark protocol, OOD robustness experiments, propagation-label-shift evaluation, training-stability

check, and structural-traceability evidence [12], [21].

Chapter 5 extends IINN to transfer learning. The chapter proposes domain-aware fine-

tuning and shows how architectural interpretability can be used to decide which layers should be

adapted under changes in base-station height, sector configuration, and deployment conditions

[13], [28].

Chapter 6 synthesizes the four technical contribution chapters and concludes the thesis. It

summarizes the thesis claims, states the main technical findings, discusses limitations and scope,

and presents future research directions including real-measurement validation, cross-domain

IINN construction, automated equation decomposition, and IINN-LLM explanation interfaces

[3], [9], [60].
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1.10 Chapter Summary
This chapter has introduced the central motivation of the thesis and reviewed the literature

needed to position the work: spectrum awareness, learning-based propagation modelling, post-

hoc explainability, domain-informed learning, limited-data robustness, and transfer learning.

The resulting gap is the need to move beyond purely correlation-driven wireless AI toward

models that are accurate, interpretable, data-efficient, structurally traceable, and robust under

deployment shifts. The next chapter begins this progression by examining a representative deep

learning solution for wireless spectrum awareness, establishing both the practical value and the

limitations of conventional data-driven NN models [4], [5], [7], [11].
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Chapter 2

An Efficient Deep Learning-based Spectrum
Awareness Approach for Vehicular Commu-
nication

Intelligent transportation systems require reliable information exchange between network ter-

minals in different vehicular communication environments. Efficient use of the dedicated spec-

trum is crucial for maximising communication performance, and this requires adapting the mod-

ulation order to changing channel conditions. This chapter proposes a lightweight spectrum-

awareness methodology that combines wideband spectrum monitoring with deep learning-based

modulation classification. The channel-quality indicator block uses the probability of detection,

denoted consistently in this chapter as Pd , as a forward indicator for modulation-order selec-

tion. Using a 3D stochastic vehicular channel, the classifier is evaluated under different speed,

variance, signal-to-noise ratio (SNR), and rural/urban channel conditions. The results show that

conventional CNN-based wireless intelligence can be practically useful, while also motivating

the shift toward the structurally traceable IINN approach developed in Chapter 3.

2.1 Preliminaries and Overview
This section reviews spectrum monitoring and modulation-classification methods from the per-

spective of the contribution made in this chapter. The aim is not only to list prior work, but to

identify the technical gap that motivates a lightweight image-based CNN classifier for vehicular

spectrum awareness.
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2.1.1 Spectrum monitoring techniques
According to the literature presented by Gupta et al. [61], two major schemes are commonly

used for spectrum monitoring: receiver-statistics-based monitoring and energy-ratio-based mon-

itoring. Receiver-statistics approaches detect the presence of primary users by comparing quant-

ities such as bit-error counts against a threshold. Their main limitation is that the statistic can

be distorted by receiver hardware impairments, noise uncertainty, synchronization error, and

channel fading; the detector can therefore confuse a poor receiver condition with true spectrum

occupancy. Energy-ratio approaches avoid some decoding assumptions by observing subcar-

rier or band energy, often through sliding windows. Their limitation is that energy alone does

not identify the modulation order or the suitability of a channel for a particular link adaptation

decision.

More recent systems extend monitoring to wider frequency ranges. Robert et al. [62] pro-

pose a real-time monitoring system that gathers data from a three-axis antenna on three syn-

chronised receiving channels. Shiba et al. [63] introduce a multi-frequency sampling network

for wideband spectrum monitoring in internet-of-things applications. These works demonstrate

that wideband observation is useful, but they do not by themselves solve the modulation-

classification problem needed by the CQI engine in this chapter. Therefore, this work com-

bines wideband monitoring with an image-based modulation classifier. The NI-LabView wide-

band monitoring block is used as the spectrum-observation stage [64], while the CNN classifier

provides the modulation-awareness stage.

2.1.2 Modulation classification techniques
The two major categories of modulation classification techniques are likelihood-based (LB)

[31], [32] and feature-based (FB) [33], [34], as summarised in Fig. 2.1. LB methods formulate

modulation recognition as a multiple-hypothesis test. They can be statistically strong when the

signal and channel assumptions are accurate, but they are computationally expensive and often

require prior knowledge of channel parameters. This is a serious limitation in V2V environments

where Doppler, scatterer motion, and multipath structure vary quickly.

FB methods reduce complexity by first constructing signal descriptors and then applying

a classifier. Shi et al. [31] reduce LB complexity using Gauss-Legendre and Gauss-Hermite

quadrature rules, while Zheng et al. [32] use a maximum average likelihood algorithm for

OFDM modulation-order detection. These methods remain sensitive to modelling assumptions
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and active-subcarrier patterns. Lee et al. [33] convert wireless-signal characteristics into 2D im-

ages and classify them using a CNN; this supports the image-based direction used here, but their

evaluation does not cover all signal forms and does not fully stress vehicular channel variation.

Zhang et al. [34] use feature selection with a tree-like structure and a multi-layer smooth SVM,

but this depends strongly on the selected features.

The limitation across much of this literature is that modulation classification is often eval-

uated mainly as an SNR problem. In vehicular links, however, SNR is only one source of

uncertainty. Mobility, scatterer speed, channel variation, and urban/rural multipath structure

also change the constellation geometry. The unique contribution of this chapter is therefore

not the claim that CNNs are new for modulation classification; rather, it is the integration of

constellation-image classification into a spectrum-awareness pipeline and the evaluation of de-

tection probability under channel variation, vehicle speed, SNR, and urban/rural propagation

conditions.

 

Modulation 
Classification
Techniques

Feature-based:

- Instantaneous time domain. 

- Transform domain. 

- Statistical.

- Constellation shape.

- Zero-crossing features.

Likelihood-based:

- Gauss-Legendre rule.

- Gauss-Hermite quadrature rule.

Figure 2.1: Techniques for modulation classification.

2.2 Role of this Chapter in the Thesis
The broader literature on learning-based coverage and propagation modelling is reviewed in

Section 1.2.2, because it motivates the IINN propagation-modelling contribution developed in

Chapter 3. This chapter is intentionally narrower. It focuses on spectrum awareness for vehicular

communication and uses a CNN-based modulation classifier to show both the practical value

and the limitation of conventional data-driven wireless AI [4], [7], [11].
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The model and dataset used here are different from the IINN studies in Chapter 3 and

Chapter 4. This chapter performs modulation classification from constellation-image inputs

generated under a 3D stochastic V2V channel. In contrast, Chapter 3 and Chapter 4 address

RSRP prediction from radio-planning and propagation features. The comparison across chapters

is therefore not a like-for-like model benchmark. Instead, Chapter 2 establishes the thesis mo-

tivation: a CNN can be useful for wireless decision-making, but its internal reasoning is not

physically traceable. The later IINN chapters respond to that limitation by changing the model-

construction principle [5], [11], [12].

2.3 Introduction
The adoption of intelligent transportation systems contributes to decreasing the number of

road fatalities and improving transportation safety [65]. By allowing wireless communication

between different vehicular ad-hoc network (VANET) terminals, traffic-related messages are

shared among vehicles[66]. These messages include critical traffic information such as loca-

tion, speed, heading, etc. VANET is a mobile communication technology used in the vehicle

domain that facilitates vehicle-to-vehicle (V2V) and vehicle-to-infrastructure (V2I) communic-

ations[65], [66]. Due to the recent influx of wireless technologies, the dedicated short-range

communication (DSRC) spectrum (5.85 to 5.925 GHz) becomes fully occupied, limiting the

communication throughput, especially in traffic congestion scenarios. This matter motivated

researchers to turn to the unoccupied frequency spectrum to increase the network capacity

[67]. Optimizing communication performance in VANET requires terminals to have a good

observation of the channel spectrum, referred to as “spectrum awareness." In general, spectrum

awareness includes interference environment identification and modulation classification [61].

Accordingly, it is imperative to implement reliable spectrum monitoring techniques in order to

ensure reliable communication.

Successful classification of the modulation order helps identify the most suitable modulation

choice for the current channel condition. To keep notation consistent, this chapter reports clas-

sification performance as the probability of detection, Pd . The value of Pd is used as a forward

channel-quality indicator (CQI) in the proposed engine, as shown in Fig. 2.2(a).
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Figure 2.2: The proposed spectrum awareness approach.
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One important factor that can affect data transmission is the modulation order, which refers

to the number of possible states that the carrier signal can take. A higher modulation order al-

lows more data to be transmitted, but it can also make the signal more susceptible to noise,

fading, and interference. In this chapter, the classified modulation classes are 2-PSK, 4-PSK,

8-PSK, 16-PSK, 8-QAM, and 16-QAM. By using a CQI engine to adapt the modulation order,

it is possible to improve the quality and reliability of data transmission over the forward chan-

nel. The CQI decision is based on Pd rather than the traditional integer CQI scale ranging from

0 (poorest channel quality) to 15 (best channel quality). A high value of Pd indicates a better

channel condition and supports maintaining or increasing the modulation order, while a lower

value suggests that a more robust modulation should be selected, as shown in Fig. 2.2(b). Due to

vehicular channel fluctuation between rural and urban areas, the modulation order must be op-

timised between communicating terminals while keeping the probability of error, Pe, acceptable.

The channel’s unpredictable behaviour, including line-of-sight and non-line-of-sight variation,

carrier-frequency offset, and additive noise, increases Pe and motivates a reliable modulation-

classification technique for fast- and slow-fading vehicular channels.

2.3.1 Evaluation Metrics and Modulation-Switching Rule
For a given modulation class k, the probability of detection is defined as

Pd(k) =
Ncorrect(k)

Ntest(k)
, (2.1)

where Pd(k)∈ [0,1], Ncorrect(k) is the number of correctly classified test samples for class k, and

Ntest(k) is the total number of test samples for that class. Tables in this chapter report 100Pd(k)

as a percentage for readability. When the same test population is considered, the corresponding

class error probability is

Pe(k) = 1−Pd(k). (2.2)

The remainder of the chapter therefore uses Pd consistently for reported classifier performance.

In the CQI engine, Pd is used as a reliability indicator rather than as a direct bit-error-rate

estimate. A practical modulation-switching rule can be defined as follows: if Pd ≥ 0.90, the

current or a higher-throughput modulation can be maintained; if 0.80 ≤ Pd < 0.90, the system
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should avoid increasing the modulation order and may hold the current order; and if Pd < 0.80,

the link should switch to a more robust lower-order modulation. These thresholds are design

thresholds for the proposed engine and can be tuned for a target packet-error-rate or latency

requirement.

The current state-of-the-art of modulation optimization for mobile and vehicular commu-

nication depends on channel probing [68], which consumes high communication overhead.

Pilot-based channel estimation schemes are characterized by a high amount of communica-

tion overhead and low spectrum utilization. In this challenging scenario, the author contributes

the following:

1. For effective observation of unoccupied channels, we apply the spectrum aggregation-

based ultra-wideband spectrum monitoring method.

2. By using deep learning, this work develops a lightweight feature-based modulation clas-

sification approach that can detect modulation order with a high Pd and an acceptable

Pe.

3. Based on a 3-dimension (3D) stochastic vehicular channel [69], the proposed approach

was evaluated at various vehicle speeds, signal-to-noise ratios (SNRs), and channel vari-

ations in urban and rural areas.

This section reviews the V2V channel modeled in [69] and discusses the designed deep

learning model.

2.3.2 Review of the 3D stochastic V2V channel
This study adopts the stochastic vehicular channel modeled in [69]. Consider a scenario in

which two vehicles, Alice and Bob, wirelessly communicate at a central frequency fc. In this

case, Bob’s received signal is the combination of a number of L components coming from differ-

ent moving and fixed scatterers, see Fig. 2.3. The lth multipath component has a different fading

coefficient and phase delay denoted by al and φl , respectively. Hence, the channel observation

at the side of Bob at time t is represented by

HB(t) =
L

∑
l=1
|al|exp( jφl)exp( j2πvlt) (2.3)
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Table 2.1: Channel parameter settings

Channel Parameters Value
Number of multipath components (L) Urban: 16, Rural: 5
Speed of Tx/Rx 10,20,30 m/s
Speed of the scatterer 30 m/s
Azimuth departure/arrival angles

(
αA(B),l

)
U [−π,π)

Departure/arrivals’ elevation angles
(
βA(B),l

)
U [−π,π)

Incident reflected scatterers’ angles
(
α1(2),l

)
U [0,π/3)

Weibull distribution - scale coefficient (ρ) 2.985
Weibull distribution - shape coefficient (aw) 0.428

where the doppler parameter vl combines Alice’s, Bob’s, and the l scatterer’s doppler shifts,

denoted by vA,l , vB,l , and vS,l , respectively, as follows.

vl = vA,l + vB,l + vS,l (2.4)

where
vA(B),l = uA(B)max

fc

c
cosαA(B),l cosβA(B),l

vS,l = uS
fc

c

(
cosα1,l + cosα2,l

) (2.5)

Here, HB(t) is a scalar complex channel coefficient observed at time t, while the sum over l

accounts for the vector of L multipath contributions. Similarly, vl in Equation (2.4) is a scalar

Doppler contribution for the lth path, not a vector quantity. The parameters uA(B)max , αA(B),l , and

βA(B),l denote Alice’s and Bob’s maximum vehicle speeds, azimuth angles, and elevation angles

of departure/arrival, respectively, while αS,l and βS,l denote the scatterers’ incident and reflected

angles. According to [69], the randomness of scatterer speed uS follows the Weibull distribution

denoted by

puS (uS) = ρua−1
w

S exp
(
−ρuaw

S /aw
)

(2.6)

where ρ and aw are the Weibull scale and shape parameters, respectively. The symbol aw is

used here to avoid confusion with the multipath fading coefficient al in Equation (2.3). In this

study, we modeled the V2V channel with parameter settings listed in Table I.
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Figure 2.3: Vehicular channel model representation for spectrum awareness.

2.3.3 The proposed image-based deep learning model
This subsection details the CNN classification block highlighted in yellow in Fig. 2.2(a). The

received complex baseband symbols are first represented in the in-phase/quadrature plane and

saved as constellation images. This image representation is used because channel impairments

such as fading, Doppler spread, phase distortion, and additive noise appear as visible geometric

changes in the constellation pattern. A CNN is therefore appropriate because local convolutional

filters can learn spatial distortions of constellation clusters without requiring hand-crafted signal

features. In contrast, using the raw sample sequence alone would require the network to learn

invariances to rotation, spread, and cluster displacement directly from a small dataset [4], [11].

The constellation images used in this study are black-and-white intensity images rather than

colour images. Colour does not encode an additional physical variable in a constellation plot;

the useful information is the location, spread, and density of points in the I/Q plane. Using

grayscale therefore reduces unnecessary input variation and prevents the classifier from learning

artefacts of plotting colour maps. If the implementation toolbox stores the image in an RGB-

compatible format, the colour channels are treated only as replicated intensity information and

not as separate physical features [4].
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Fig. 2.4 presents the flowchart of the proposed image-based model. The input layer accepts

constellation images with dimensions 273×328 pixels, followed by six consecutive 2D convo-

lution layers with filter numbers {16,24,32,48,64,96}. Each convolution layer is followed by

batch normalization, ReLU activation, and 2D max pooling. The increasing number of filters

allows the network to progress from local constellation edges and cluster shapes to higher-level

class-specific patterns, while max pooling reduces sensitivity to small displacements caused by

noise and fading. The final max-pooling output is connected to a fully connected layer with six

classes, corresponding to 2-PSK, 4-PSK, 8-PSK, 16-PSK, 8-QAM, and 16-QAM. The softmax

layer is used because the task is single-label multiclass classification: each input image belongs

to exactly one modulation class, and the output must be a normalized probability distribution

over the six classes. The classification layer is trained using categorical cross-entropy loss:

LCE =−
6

∑
k=1

yk log(ŷk), (2.7)

where yk is the one-hot class label and ŷk is the predicted probability of class k. Cross-entropy

is appropriate because it penalizes confident wrong class assignments more strongly than small

probability errors and directly matches the softmax output. The network has 28 layers in total.

The Adam optimiser is used with an initial learning rate of 0.001, validation frequency of 50

iterations, maximum 30 epochs, and mini-batch size of 64.

This architecture was chosen as a lightweight CNN suited to the available image dataset.

It is deeper than a shallow two- or three-layer classifier, which may not capture the progress-

ive distortion patterns across the six modulation classes, but substantially smaller than generic

image-recognition backbones. Compared with LSTM-style sequence models, the CNN is also

better aligned with the chosen input representation: once I/Q samples are converted to con-

stellation images, the relevant structure is spatial rather than temporal. LSTM models can be

useful when long time sequences are retained, but they add recurrent-state computation and are

less natural for static constellation snapshots. The selected CNN therefore represents a trade-off

between accuracy, computational cost, and interpretability of the input representation [1], [4].
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For repeatability, the dataset is stratified by modulation class before training and validation.

Model selection should be checked using stratified k-fold cross-validation; in this chapter, a five-

fold protocol is used to verify that each class contributes samples to every fold, while the final

reported experiments use the fixed channel-condition test settings in Table 2.2–Table 2.6. The

number of epochs, mini-batch size, learning rate, validation frequency, and channel-condition

settings are stated explicitly so that the experiment can be repeated with the same train/valida-

tion/test construction.
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Figure 2.4: The proposed lightweight CNN architecture for constellation-image modulation
classification. The convolutional blocks learn local I/Q cluster geometry, while the softmax
output produces six class probabilities.

2.4 Spectrum awareness approach
This section describes the overall spectrum-awareness pipeline used in the chapter. The ap-

proach has two linked functions. First, spectrum monitoring observes a frequency span and

identifies whether energy is present around the intended DSRC band. Second, modulation clas-

sification takes the received baseband symbols from the candidate channel and predicts the

modulation class so that the CQI engine can decide whether the current modulation order is

reliable [4], [11], [61].
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In this context, wideband monitoring refers to observing a frequency span that is wider than

the individual communication channel of interest, so that occupied and unoccupied portions

of the band can be compared. Narrowband monitoring refers to observing only the channel

immediately around a specific carrier. Wideband monitoring is useful for spectrum awareness

because it gives a broader occupancy view, while narrowband processing is useful for detailed

demodulation and classification once a candidate carrier has been selected. For the implementa-

tion, we use the NI-LabView wideband monitoring example [70] with the USRP X310 first RF

channel and transmit at fc = 5.9 GHz using the second RF channel. The spectrum-monitoring

plot previously shown for 5.88–5.91 GHz has been removed because the main contribution of

this chapter is the modulation-classification and CQI decision pipeline, not visual inspection of

a single spectrum snapshot.

2.4.1 The training phase
In this phase, the training dataset setting, depicted in Fig. 2.5, is adjusted for acquiring the data-

set used for training the CNN. It is noteworthy that the training dataset includes the internal

additive complex Gaussian noise of the USRP X310 receiver channel. We use an OFDM com-

munication system at fc = 5.9 GHz for DSRC, with 256 subcarriers, 64 cyclic-prefix samples,

and 125 subcarriers holding the transmitted data. The six modulation classes are 2-PSK, 4-PSK,

8-PSK, 16-PSK, 8-QAM, and 16-QAM. For each modulation class, 150 constellation images

with dimensions 273×328 pixels are acquired. Training samples for different constellations in

the polar coordinates (in-phase and quadrature axes) are presented in Fig. 2.6.

The CNN is trained with the categorical cross-entropy loss in Equation (2.7). Validation loss

is checked every 50 iterations during training to monitor convergence and guard against overfit-

ting. The maximum number of epochs is 30, the mini-batch size is 64, and Adam is used with

an initial learning rate of 0.001. For repeatability, the class split is stratified so that each modula-

tion type is represented in training and validation subsets. A five-fold cross-validation protocol

is used for model-selection sanity checking, while the final reported results are produced using

the fixed channel-condition tests described below. Based on the obtained data, the total training

time was [74:13] minutes using a Core-i7 CPU at 2.7 GHz with 16 GB RAM.
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Figure 2.5: Implementation block diagram.

2.4.2 The classification phase
In this phase, using the testing dataset setting depicted in Fig. 2.5, we simulated the 3D stochastic

V2V channel reviewed above. Using the channel parameter settings listed in Table 2.1 and the

complex additive Gaussian noise block, we evaluated the classifier’s performance at different

SNRs, vehicle speeds, and channel variations in urban and rural areas. For urban and rural areas,

we set L to 16 and 5 multipath components, respectively. These components are convoluted with

the received OFDM symbol at the receiver side.

The noise variation is controlled through the additive complex Gaussian noise power and the

resulting SNR. Lower SNR increases the spread of constellation points around their ideal loca-

tions, while higher mobility and channel variation introduce additional phase rotation, Doppler

spread, and cluster displacement. The classifier is therefore tested under separate changes in

channel variation, speed, SNR, and urban/rural multipath structure to isolate which impairment

most strongly reduces Pd .
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(a) 2-PSK (b) 4-PSK (c) 8-PSK 

(d) 16-PSK (e) 8-QAM (f) 16-QAM 

Figure 2.6: Black-and-white constellation-image training samples for the six modulation
classes. The grayscale representation preserves I/Q geometry while avoiding colour features
that have no physical meaning in this task.

2.5 Performance evaluation
In this section, we examine how classification performance is affected under different test para-

meters: channel variation var., vehicle speed, SNR, and urban/rural multipath structure. Four

controlled experiments were conducted. In each experiment, three parameters are kept fixed

while one parameter is varied. This design does not replace a full factorial statistical study, but

it allows the main physical effect of each impairment to be interpreted separately. The desired

behaviour is that Pd remains high on the diagonal class decision and that off-diagonal confusion

remains low enough for the CQI engine to avoid selecting an unreliable modulation order.

2.5.1 Experiment 1: Pd at different channel variations var.

In this experiment, we set the maximum vehicle speeds uA(B)max in Equation (2.5) to 30 m/s

and the SNR to 25 dB in an urban scenario, where L = 16 multipath components. The channel

variation parameter var. is then set to 0.1, 0.3, and 0.6. Table 2.2 shows that Pd decreases as

var. increases. For example, for 8-PSK, the reported value of 100Pd decreases from 90.1% at

var.= 0.1 to 87.1% and 86.5% at var.= 0.3 and var.= 0.6, respectively.
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The physical rationale is that higher channel variation spreads constellation clusters and

makes the observed image less similar to the clean class geometry. The effect is stronger for

modulations whose decision regions become visually close under distortion. In contrast, 16-

QAM remains at 100% in this experiment because its grid-like amplitude/phase structure re-

mains distinctive under the tested variation range. The practical implication is that when chan-

nel variation pushes Pd below the design threshold, the CQI engine should avoid increasing the

modulation order even if the nominal SNR remains high.

2.5.2 Experiment 2: Pd at different vehicle speeds uA(B)max

In this experiment, the channel variation is fixed at var. = 0.3 and the SNR is fixed at 25 dB

in an urban scenario. The maximum vehicle speed uA(B)max is varied between 10, 20, and 30

m/s. Table 2.3 shows that increasing speed generally reduces Pd . For example, for 8-PSK, the

reported value of 100Pd decreases from 89.1% at 10 m/s to 88.6% and 87.1% at 20 and 30 m/s,

respectively.

The reason is that higher speed increases Doppler-related distortion and changes the apparent

constellation during the observation interval. The decrease is moderate rather than catastrophic,

suggesting that the CNN has learned some robustness to mobility-induced spread. However, this

robustness is not uniform across classes: lower-order PSK and mixed amplitude/phase constel-

lations remain more vulnerable because their distorted image patterns can overlap with other

classes. This reinforces the need for a CQI rule based on Pd rather than assuming that a high-

SNR link always supports a high modulation order.

2.5.3 Experiment 3: Pd at different SNRs
In this experiment, the channel variation is fixed at var. = 0.3 and uA(B)max in Equation (2.5) is

fixed at 30 m/s in an urban scenario. The SNR is varied between 15, 20, and 25 dB. Table 2.4

shows that Pd increases with SNR. For example, for 8-PSK, the reported value of 100Pd in-

creases from 82.3% at 15 dB to 84.5% and 87.1% at 20 and 25 dB, respectively.

This trend is expected because higher SNR reduces the additive noise spread around con-

stellation points. The result also shows that the classifier is not equally sensitive for all classes.

2-PSK remains relatively weak even at 25 dB because, in the simulated image representation, its

distorted clusters can be confused with amplitude-separated classes such as 8-QAM. 16-QAM
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remains highly separable in the tested cases, which indicates that the CNN is exploiting the

structured grid pattern of the constellation image. The trade-off is that strong image separabil-

ity in this controlled setting does not guarantee robustness under untested impairments such as

hardware nonlinearity or synchronization errors.

2.5.4 Experiment 4: Pd in urban and rural areas
In this experiment, the channel variation is fixed at var.= 0.3, uA(B)max in Equation (2.5) is fixed

at 30 m/s, and SNR is fixed at 25 dB. The number of multipath components L in Equation (2.3)

is set to 16 for the urban scenario and 5 for the rural scenario, following the stochastic V2V

channel model in [69]. Table 2.5 shows that Pd is higher in the rural scenario for all nontrivial

classes. For example, for 8-PSK, the reported value of 100Pd is 98.5% in the rural scenario and

87.1% in the urban scenario.

The rationale is that the rural setting has fewer multipath components and therefore pro-

duces less severe constellation distortion. The urban setting contains richer scattering, which

increases overlap between constellation clusters and makes classification harder. This result is

important because it shows that the classifier is not only responding to SNR; it is also sensit-

ive to propagation morphology. The limitation is that only two stylized environment types are

tested. A broader dataset with measured urban canyons, suburban roads, tunnels, and intersec-

tions would be required before using the threshold rule as an operational standard.

Finally, we summarise a case experiment in the form of a confusion matrix, as presented in

Table 2.6. These results are obtained at var. = 0.3, uA(B)max = 30 m/s, and SNR = 25 dB in an

urban scenario. The desirable outcome is a dominant diagonal, meaning that each true mod-

ulation class is assigned to its own predicted class with high probability. Off-diagonal entries

indicate modulation-switching risk: if the classifier confuses a robust low-order modulation

with a higher-order class, the CQI engine may choose a modulation that is too aggressive for

the channel.
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Table 2.2: Pd at different channel variations

Modulation order SNR = 25dB, Speed = 30m/s, Urban
var.= 0.1 var.= 0.3 var.= 0.6

2-PSK 76.9% 76.2% 72.7%
4-PSK 98.7% 98.6% 98.1%
8-PSK 90.1% 87.1% 86.5%

16-PSK 87.5% 86.5% 85.9%
8-QAM 79.3% 78.7% 77.3%

16-QAM 100% 100% 100%

Table 2.3: Pd at different vehicle speeds

Modulation order
SNR = 25dB, var.= 0.3, Urban

Speed = 10m/s Speed = 20m/s Speed = 30m/s
2-PSK 77.8% 76.9% 76.2%
4-PSK 98.9% 98.9% 98.6%
8-PSK 89.1% 88.6% 87.1%
16-PSK 88.7% 88.1% 86.5%
8-QAM 81.5% 79.5% 78.7%

16-QAM 100% 100% 100%

As shown in the matrix, there are two major confusing cases. In case 1, the network confuses

2-PSK with 8-QAM. In case 2, the network confuses 16-PSK with 16-QAM. Both errors are

plausible because noise, mobility, and multipath spread the constellation points, reducing the

separation between nearby phase/amplitude structures. In a practical CQI engine, these cases

should trigger conservative adaptation: when Pd falls below the target threshold or when con-

fusion is concentrated toward a higher-order class, the system should switch down rather than

up.

The lower-SNR effect is visible in Table IV even without a separate off-diagonal confusion

matrix. At SNR = 15 dB, Pd decreases for all nontrivial classes: 2-PSK drops to 68.3%, 8-QAM

to 73.4%, and 8-PSK to 82.3%. The exception is 16-QAM, which remains at 100% in this

experiment because its constellation geometry remains more distinctive under the simulated

impairment settings. These results indicate that the unlikely off-diagonal cases become more

likely when SNR decreases, particularly for constellations whose noisy clusters overlap in the

in-phase/quadrature image plane.
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Table 2.4: Pd at different signal-to-noise ratios

Modulation order Speed = 30m/s, var.= 0.3, Urban
SNR = 15dB SNR = 20dB SNR = 25dB

2-PSK 68.3% 72.4% 76.2%
4-PSK 91.7% 97.7% 98.6%
8-PSK 82.3% 84.5% 87.1%

16-PSK 84.9% 85.7% 86.5%
8-QAM 73.4% 74.7% 78.7%

16-QAM 100% 100% 100%

Table 2.5: Pd in urban and rural areas

Modulation order Speed = 30m/s, var.= 0.3, SNR = 25dB
Urban Rural

2-PSK 76.2% 99.1%
4-PSK 98.6% 100%
8-PSK 87.1% 98.5%
16-PSK 86.5% 100%
8-QAM 78.7% 97.9%

16-QAM 100% 100%

2.5.5 Data-set publication
The data collected during experiment as shown in Fig. 2.7 has been published with the following

DOI and is made public for reproducibility and reuse with the DOI: 10.5525/gla.researchdata.1420.
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Figure 2.7: Dataset deposit; DOI: 10.5525/gla.researchdata.1420
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Table 2.6: The confusion matrix at Speed = 30m/s, var. = 0.3, and SNR = 25dB in urban
area

Tr
ue

2-PSK 76.2 0 0 0 23.8 0
4-PSK 0 98.6 0 0 0 1.4
8-PSK 0 0 87.1 12.8 0 0.01

16-PSK 0 0 0.3 86.5 0 13.2
8-QAM 0 0 1.3 9.2 78.7 1.8

16-QAM 0 0 0 0 0 100
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2.6 Chapter Summary
This chapter has demonstrated that deep learning can provide effective wireless spectrum-

awareness capabilities under realistic vehicular communication conditions. The proposed CNN

uses black-and-white constellation images to classify six modulation classes and uses the res-

ulting probability of detection Pd as a CQI-oriented reliability indicator. The experiments show

that Pd is affected not only by SNR, but also by channel variation, vehicle speed, and urban/rural

multipath structure. This supports the central technical message of the chapter: modulation se-

lection in vehicular communication should account for channel dynamics rather than rely only

on a static SNR view [4], [11].

At the same time, this chapter also exposes important limitations. First, the CNN is a black-

box classifier. Although the input image has a clear physical interpretation, the learned con-

volutional filters are not explicitly tied to channel mechanisms such as Doppler, scatterer mo-

tion, phase rotation, or multipath delay. Second, the threshold rule based on Pd is a design

rule for this CQI engine and would need calibration against packet-error-rate or bit-error-rate

targets before deployment. Third, the dataset is generated from a stochastic V2V model and

a controlled USRP-based setup; broader validation with measured vehicular data, additional

hardware impairments, and more environment types would be required for operational use.

Fourth, the model solves a multiclass modulation-classification problem, whereas the later IINN

chapters solve a different RSRP regression and propagation-modelling problem [4], [5], [7].
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These limitations motivate the shift made in the next two chapters. The thesis does not move

to IINN because the spectrum-awareness CNN is ineffective; it moves to IINN because useful

wireless AI also needs structural traceability, robustness under deployment shift, and a way

to connect model decisions to physical mechanisms. Chapter 3 therefore changes the design

question from “Which generic neural architecture should classify or predict from data?” to

“How can known domain structure be built into the architecture before training begins?” [7],

[8], [12].
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Chapter 3

IINN Construction Methodology and Mod-
elling Framework

This chapter develops the construction methodology of Innately Intelligent Neural Networks

(IINNs). The central idea is that a neural network does not need to begin as a generic black-box

function approximator when reliable domain structure is available. Instead, physical variables,

analytical equations, coefficients, and mathematical operators can be translated into a neural ar-

chitecture before training begins. The resulting model remains trainable, but its internal pathway

is aligned with physically meaningful components [8], [9], [12].

The purpose of this chapter is methodological. It explains why IINN is needed, how it is

positioned relative to existing interpretable and physics-guided learning approaches, and how

an analytical wireless propagation model can be decomposed into neural components. The data-

generation procedure, benchmark evaluation, OOD experiments, ablation study, and structural-

traceability audit are presented separately in Chapter 4. This split keeps the construction logic

distinct from the experimental evidence and addresses the concern that the original IINN chapter

was too long [5], [7], [12].

3.1 Motivation and Problem Definition
Conventional DNNs can learn useful mappings for wireless prediction tasks, but their internal

representations are usually not tied to physical mechanisms such as path loss, antenna align-

ment, site height, clutter, or residual propagation effects. This creates three practical problems.

First, the model may require large representative datasets because it must infer all relationships
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from examples. Second, the model may be brittle under deployment shift because learned cor-

relations can be specific to the training city, frequency, or simulator. Third, the model is difficult

to audit because an erroneous prediction cannot be traced through physically named computa-

tional components [5], [7], [21].

IINN addresses these problems by moving domain knowledge from post-hoc explanation

into the model architecture itself. The model is not merely regularised by physics after training;

it is constructed so that the computation path follows the structure of the domain. For wireless

propagation, this means that distance-frequency path loss, antenna-gain terms, height-related

effects, clutter terms, and residual corrections can be represented as explicit neural components.

The resulting network is interpretable by construction because each intermediate branch has a

physical meaning before training starts [8], [9], [12], [54].

This chapter answers the following methodological questions:

• How can analytical domain knowledge be converted into neural-network structure?

• Which parts of a propagation equation should become fixed operators, trainable paramet-

ers, or bounded residual components?

• How does IINN differ from conventional feature engineering, post-hoc explainability,

PINNs, and generic DNNs?

The chapter first reviews related work, then presents the general IINN design rules, and

finally instantiates the method for wireless received-power modelling. The experimental valid-

ation of these design choices follows in Chapter 4 [5], [12].

3.2 Related Work
This section reviews prior work on explainability, interpretable models, and domain-informed

learning, and highlights the limitations that motivate the proposed approach [7], [8], [9], [17].

3.2.1 Post-Hoc Explainability in Wireless and Data-Driven Models
Post-hoc explainability has been widely adopted to interpret data-driven wireless models after

training, particularly through feature-attribution and surrogate explanation methods. In a re-

cent study [71], multiple algorithms including linear regression, k-nearest neighbors, decision

tree, random forest, extremely randomized trees, adaptive enhancement, extreme gradient en-

hancement, LightGBM, categorical boosting, and DNN were evaluated for large-scale path loss

prediction using a radio propagation dataset. However, in their study, SHAP analysis was used
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as a post-hoc feature importance approximation method, meaning that the explanations were

addressed after algorithm development to identify influential features. Although SHAP analysis

lists the influential features in the predictions, it offers no structural transparency into how those

predictions were generated, leaving the model opaque during both training and inference.

Similarly, while the work in [72] makes an important contribution by integrating explainab-

ility into DRL-based V2X resource allocation and optimizing model complexity, it still relies

on SHAP-based post-hoc methods for interpretability. This reflects the ongoing reliance on ex-

ternal explanation tools rather than inherently interpretable model designs. For instance, the

XAI-CHEST framework [73] enhances interpretability in channel estimation by identifying rel-

evant and irrelevant subcarriers through a perturbation-based noise model. While this approach

provides valuable input-level insights, it still relies on externally analyzing a pre-trained closed-

box model, limiting transparency into the model’s internal computational processes. This reli-

ance on post-hoc explainability is not unique to wireless communication; similar techniques are

widely employed in other domains, such as healthcare, where sensitivity analysis and feature

attribution methods are applied after training to interpret model predictions [74].

Overall, these studies demonstrate the usefulness of post-hoc explanation tools, but they do

not make the underlying model inherently interpretable. The reasoning process remains external

to the trained model and therefore cannot fully reveal the internal computational pathway from

input variables to prediction.

3.2.2 Intrinsically Interpretable and Knowledge-Distilled Models
Alternatively, intrinsic or pre-training interpretability methods aim to build transparency into

the model architecture from the outset. These models are designed so that explainability and

interpretability emerge naturally from the algorithm itself. For example, [75] proposed an ad-

aptive multiple linear regression framework that offers intrinsic interpretability via explicit local

and global effect calculations. However, its reliance on adjusting linear relationships limits

its ability to capture complex nonlinear dependencies, and its coefficient-based explanations

may oversimplify variable interactions. In another example, [76] used feature attribution-based

knowledge distillation to enhance the performance of intrinsically interpretable models by dis-

tilling feature attribution knowledge from deep networks. However, its interpretability remains

partial, as the student’s reasoning reflects approximations of a closed-box teacher’s attributions,

potentially inheriting biases or inaccuracies.
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Thus, although intrinsically interpretable and distilled models improve transparency com-

pared with purely post-hoc methods, they may still rely on simplified functional assumptions or

inherit approximations from closed-box models.

3.2.3 Data Scarcity, Representation Bias, and Synthetic Data Generation
As can be concluded from the above discussion, present-day methods of introducing inter-

pretability remain fundamentally limited, relying on approximations or indirect constraints that

fail to fully explain the true decision logic of a model. As such, they fail to deliver models

with transparent reasoning aligned with domain principles, leading to a prevailing reliance on

purely data-driven learning, where all knowledge is extracted from training data [71], [77]. The

current DNN paradigm assumes abundant and representative training data, an assumption often

challenged in complex real-world domains. Traditional DNNs are highly dependent on large,

high-quality datasets and their performance often deteriorates with limited samples, as they lack

strong inductive inferences and must learn domain relationships from available data [78], [79].

Although DL benefits from hierarchical feature extraction in large datasets, its dependence

on data makes it fragile in data-scarce settings, particularly in wireless networks, where high-

quality measurements require costly and time-consuming drive-test campaigns, and experiment-

ation on live networks is often impractical or impossible [80], [81]. In this context, recent work

has explored strategies to mitigate data scarcity in wireless networks, such as increasing tabular

datasets using multistage generative adversarial networks (GANs) with an attention-through-

segmentation training scheme [55], or initializing GAN generators with data derived from ana-

lytical propagation equations to improve synthetic data quality [56]. Although these approaches

alleviate the shortage of training samples, they remain dependent on GAN-based data genera-

tion and do not offer inherent interpretability or explainability of the resulting models.

Beyond training data scarcity, another challenge lies in acquiring representative and com-

prehensive datasets, particularly in wireless networks, where factors such as the use of gold-

standard parameter ranges in most deployment settings, seasonal variations, hardware diversity,

changing mobility patterns, and network topology changes make such collection infeasible [77].

In [82], this is defined as representation bias within the broader context of data imbalance, re-

ferring to situations where certain groups are underrepresented due to biased data collection or

an uneven underlying distribution.
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In [83], an LLM-based framework is presented for interpretable log-based fault diagnosis.

By combining model fine-tuning with a fault-oriented log summarization module, the method

still depends on domain-specific training data and the reliability of generated explanations may

vary across unseen systems and evolving log patterns. In [52], an Equation Learner (EQL)

network is integrated with deep learning architectures to perform symbolic regression in an

end-to-end manner. The proposed approach depends on predefined functional operators and

may face difficulty in learning highly complex real-world relationships that do not match the

assumed symbolic structure. In [53], a Kolmogorov-Arnold Networks (KAN)-based method is

presented for eavesdropping node localization in Power Internet of Things (PIoT) networks by

learning nonlinear mappings from node features to attack locations. However, its performance

depends on high-quality feature engineering and controlled data conditions, which can limit

robustness in highly dynamic real-world grid environments.

These studies address important aspects of data scarcity, representation bias, and nonlin-

ear modelling. However, most of them either remain dependent on large or carefully curated

datasets, rely on synthetic data generation, or provide interpretability only indirectly. They do

not directly construct a neural architecture whose internal computation mirrors domain-level

physical reasoning.

3.2.4 Physics-Informed and Domain-Guided Neural Learning
However, the argument is to create architectures that endow domain intelligence, where the

reasoning process is guided by embedding analytical knowledge rather than learning solely

from data. Such models can leverage prior domain constraints to maintain stable performance

even when data imperfections occur, thereby mitigating the risks posed by corrupted or incon-

sistent training inputs. A recent example in this context is the adoption of physics-informed

neural networks (PINNs), which integrate known physical laws into the learning process as soft

constraints during training [50].

For example, in [84], while the use of PINNs introduces physics-based constraints that could

enhance interpretability, the paper does not verify whether learned parameters align with phys-

ical expectations or provide sensitivity analyses to illustrate their behavior under controlled

variations. Similarly, [85] proposed a PINN-based approach that reduces reliance on labeled

data by embedding PDE constraints. However, its interpretability remains implicit, focusing on

physics compliance without exposing the model’s internal reasoning. Moreover, its perform-

39



ance still depends on dense spatial-temporal sampling, which limits applicability in wireless

scenarios with sparse or irregular data. While PINNs promote physical consistency and have

demonstrated improved performance in low-data regimes, they still rely on closed-box neural

architectures. This limits their ability to offer fully interpretable insights into the internal flow

of computations.

Therefore, while PINNs and related methods improve physical consistency, they usually

impose physics through the optimization objective rather than through an explicitly interpretable

computational topology. This limits their ability to provide step-by-step structural explanations

of the model’s internal reasoning.

3.2.5 Toward Inherently Interpretable Domain-Embedded Architectures
However, when a model is designed from the outset with built-in self-explanatory mechanisms,

both interpretability and explainability become intrinsic to its structure. Such models allow

direct inspection, auditing, and tracing of the computational pathway from input to output, fos-

tering greater transparency and trust. As interpretability increases, the model functions as a

primary source of knowledge rather than relying solely on data, making its reasoning more

transparent, sometimes with a trade-off in predictive accuracy [77].

An analogous principle can be observed in biological neural systems, where useful struc-

tural organization exists prior to postnatal learning. Motivated by this perspective, we note two

desirable properties that remain challenging for many conventional DNNs: 1) the presence of

useful task-relevant priors before exposure to training data, arising from purposeful architec-

tural structure and initialization; and 2) efficient few-shot learning with limited representative

data, enabling faster adaptation to new environments. These principles inspire the proposed

IINN framework, where domain knowledge is embedded into the network architecture prior to

data-driven optimization.

In [57], a dual strategy is presented that combines expert knowledge-based feature com-

pression and disentangled representation learning for low-altitude network coverage prediction

under limited-data conditions. However, the method relies on handcrafted domain knowledge

and sparse measurement data, which may restrict scalability and adaptability across different

deployment scenarios.
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These observations motivate a design philosophy in which interpretability is not added after

model training, but is embedded into the architecture itself through physically meaningful vari-

ables, operators, and computational pathways.

3.2.6 Positioning of IINN Relative to Existing Paradigms
Inspired by these requirements, this work introduces a framework for constructing IINNs. The

core idea is to embed domain knowledge directly into the architecture by incorporating pre-

known functional dependencies, mathematical operators, and domain-specific relationships.

This results in a network whose structure reflects the underlying physics, providing it with

an innate inductive bias and aligning its internal reasoning with established domain principles.

By starting from a model-aware architecture rather than a randomly initialized one, the learning

process becomes guided from inception, reducing the dependence on large annotated datasets

for effective training.

This design philosophy yields five core advantages, collectively referred to as the PRIME

properties:

• Purposeful – rather than relying on arbitrary design choices, the IINN architecture is in-

tentionally constructed using established domain knowledge rather than heuristic choices;

• Resilient – the embedded physics enable the model to remain robust under training data

scarcity and distributional shifts;

• Interpretable – each internal operation corresponds to a meaningful physical computation,

ensuring transparent learning pathways;

• Mathematical – the network architecture explicitly mirrors the domain’s functional and

analytical relationships; and

• Explainable – intermediate computations can be articulated step-by-step, enabling clear

attribution of model behaviour to underlying physical terms.

Together, these properties position IINN as an inherently interpretable alternative to conven-

tional closed-box NNs.

While prior structured-learning approaches often separate heterogeneous propagation factors

through specialized subnetworks, IINN instead assigns architectural components according to

known analytical relationships, resulting in a more intuitive equation-based design.
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Table 3.1: Conceptual and architectural comparison of IINN with related learning paradigms.

Dimension IINN Deep Unfolding PINNs Classical ML/DL

Foundational idea Equation-native
architecture motivated by
pre-structured neural
systems and useful priors
before learning.

Unrolls iterative
optimization algorithms,
such as ISTA or AMP, into
finite-depth NNs [26],
[27].

Approximates governing
PDE solutions using
physics residuals during
training [10], [25].

Learns statistical
mappings using trees or
NNs without explicit
physical constraints [58],
[59].

Prior-knowledge
mechanism

Analytical relationships
are encoded directly into
topology and operators.

Algorithmic structure is
preserved from an
optimization procedure.

Physical laws enter
through the loss function
using PDE residuals and
boundary conditions.

Prior knowledge enters
indirectly through feature
engineering or input
selection.

Nature of domain
knowledge

Algebraic and empirical
models used in wireless
engineering, including
propagation and antenna
relationships.

Procedural knowledge
describing iterative
numerical solvers.

Differential operators
describing continuous
spatiotemporal systems.

Statistical correlations
inferred from observed
data distributions.

Network structure Directed acyclic graph
reflecting symbolic
equation decomposition.

Sequential layers
corresponding to solver
iterations.

Generic MLP/CNN
architectures augmented
with automatic
differentiation.

Decision trees, ensembles,
or fully connected NNs
with unconstrained
topology.

Trainable parameters Physically interpretable
coefficients, such as
path-loss exponents and
correction terms.

Learnable algorithmic
parameters, such as step
sizes and thresholds.

Neural weights
approximating solution
fields, typically without
direct physical meaning.

Statistical weights or split
rules without explicit
physical interpretation.

Drawing from the key insights identified in the literature survey, Tables 3.1 and 3.2 position

IINN relative to deep unfolding, PINNs, and representative data-driven models, highlighting

that IINN embeds analytical domain knowledge directly into network topology rather than in-

troducing physics through optimization structure, loss-level constraints, or post-hoc explana-

tions.

To clarify the conceptual positioning of the proposed framework, Table 3.1 and Table 3.2

compare IINN with deep unfolding, PINNs, and classical ML/DL paradigms. The comparison

is split into two parts for readability. Table 3.1 focuses on how prior knowledge is incorpor-

ated into the model architecture, while Table 3.2 summarizes interpretability, data efficiency,

generalization, scalability, and relevance to radio propagation.
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Table 3.2: Interpretability, generalization, and deployment comparison of IINN with related
learning paradigms.

Dimension IINN Deep Unfolding PINNs Classical ML/DL

Interpretability Structural interpretability:
internal components
correspond to identifiable
physical terms.

Limited to optimization
dynamics rather than
physical subsystems.

Limited to
physics-constraint
satisfaction; internal
representations remain
opaque [25].

Usually requires post-hoc
tools such as SHAP [71],
[86].

Data efficiency High data efficiency due to
a restricted physics-guided
hypothesis space.

Moderate; depends on
learning stable solver
parameters.

Often data-intensive due
to collocation-point
requirements and
loss-balancing challenges.

Typically data-hungry and
degrades under severe data
scarcity [71].

Generalization under
NID

Improved extrapolation
due to enforced physical
dependencies, such as
distance, angle, and
height.

Limited; algorithmic
invariance does not
guarantee physical
consistency.

Sensitive to model
mismatch and PDE
specification errors [25].

Generally weak unless
domain shifts are
explicitly represented in
features.

Computational
scalability

Lightweight architecture
with small parameter
count, suitable for edge
deployment.

Scales with the number of
unrolled iterations; depth
can affect stability.

Computationally
expensive for large-scale
or high-dimensional
domains.

Highly scalable with
mature software stacks,
such as LightGBM and
XGBoost.

Radio-propagation
relevance

Aligned with standardized
propagation and antenna
models used in RAN
planning.

Limited because
closed-form path-loss
equations are not iterative
solvers.

Ill-suited for city-scale
propagation unless
full-wave PDE solvers are
used.

Can achieve strong
empirical accuracy but
lacks physical
decomposition [71].

Primary limitation Requires at least an
approximate analytical or
empirical model.

Restricted to problems
with known iterative
algorithms.

Training instability and
scalability challenges for
large domains.

Poor robustness under
data scarcity and
distributional shift [71].

3.3 Innately Intelligent Neural Networks: Modeling Frame-

work

3.3.1 General Framework for Designing IINN
This section first presents the general design methodology of the Innately Intelligent Neural Net-

work (IINN) framework. The methodology is then instantiated through a wireless propagation

use case, where analytical propagation relationships are decomposed into interpretable neural

components. In this formulation, the objective is not to construct a generic closed-box neural

network, but to design a model whose internal computational structure reflects known domain

relationships before training begins.
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3.3.1.1 Domain-Informed Equation Formulation
Let x∈Rn denote the set of physical variables, including controllable parameters and exogenous

environmental factors. A domain-informed model expresses the target variable as

y = fdom (x; ψ,κ)+ ε, (3.1)

where ψ denotes adjustable coefficients that can be learned from data, κ denotes fixed constants

obtained from domain knowledge or standards, and ε captures unmodelled effects, measure-

ment noise, or mismatch between the analytical approximation and the observed system.

3.3.1.2 Analytical Decomposition into Physical Components
After formulating the domain equation, the next step is to decompose it into its constituent

variables, coefficients, constants, and mathematical operators. Each physical parameter is rep-

resented as an independent scalar input stream, in contrast to conventional neural networks that

typically concatenate all features into a single vector and immediately mix their roles through

dense weight matrices. This scalar-based representation preserves the semantic and mathemat-

ical identity of each variable within the analytical formulation.

Let the input variables be denoted as

x1,x2, . . . ,xn ∈ R, (3.2)

where each xi represents a distinct physical parameter. These scalar inputs are individually pro-

cessed through dedicated affine mappings. In this work, such mappings are referred to as para-

metric linear operations (PLOs), since they implement trainable linear transformations while

preserving the physical role of the corresponding input variable.

The set of analytical operations can be represented as

O = {O1,O2, . . . ,On} , (3.3)

where each function Oi : Rn → R corresponds to an operation such as addition, subtraction,

multiplication, division, logarithm, minimum, or maximum. In compositional form, the target

can be expressed as

y = (◦n
i=1Oi)(x) = On (On−1 (· · ·O1(x) · · ·)) . (3.4)
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Thus, the output is obtained by applying a sequence of physically meaningful transformations

to the scalar input variables. This decomposition provides the blueprint for constructing an

interpretable neural architecture.

3.3.1.3 Mapping Analytical Operations to Neural Components
In conventional deep learning, network architecture is often designed heuristically, with the

number of layers, neurons, activation functions, and other hyperparameters selected through

trial and error or hyperparameter optimization. IINN adopts a different design principle. Since

the domain equation specifies how variables interact through mathematical operations, the ar-

chitecture is constructed purposefully so that intermediate computations correspond to known

physical relationships.

Each analytical operation Oi is mapped either to a trainable affine PLO, when the operation

represents an adjustable coefficient, or to a fixed differentiable operator layer, when the oper-

ation corresponds to a known mathematical transformation such as addition, subtraction, mul-

tiplication, division, logarithm, squaring, minimum, or maximum. For a trainable affine layer,

the operation can be written as

Li(x) = wix+bi, (3.5)

where wi and bi are the trainable weight and bias of the corresponding PLO. The adjustable

coefficients of the analytical model are denoted as

ψ = {ψ1,ψ2, . . . ,ψm}. (3.6)

These coefficients are incorporated into the neural model as trainable parameters:


wi,bi for i = 1,2, . . . ,L,

{wi,bi} ≈ Ξi,

(3.7)

where Ξi denotes the analytical coefficient or prior value associated with the corresponding

operation. During training, these parameters are updated through backpropagation, allowing

the model to adapt to data while preserving the structural information provided by the analytical

formulation.
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Identify controlled and random variables.
Identify mathematical operators.

2

3

Figure 3.1: Workflow for constructing an IINN model. The example illustrates how a portion of
a radio propagation equation can guide interpretable and domain-aligned architecture design.

3.3.1.4 General Construction Rules for IINN Design
The transformation from an analytical model to an IINN architecture follows a systematic set

of construction rules:

1. Known constants or predefined analytical coefficients are implemented as fixed non-

trainable nodes or layers.

2. Parameters that vary across environments or are only approximately known are represen-

ted as trainable weights.

3. Analytical operations such as addition, subtraction, multiplication, division, logarithms,

exponentials, minimum, maximum, or attenuation laws are mapped to differentiable com-

putational blocks.

4. Distinct physical effects, such as distance-dependent loss, antenna alignment, clutter loss,

and height-dependent correction, are represented through separate branches or modules.

5. Outputs of individual branches are combined according to the structure of the original

analytical model.

6. Optional trainable refinement layers may be added to capture mismatch between the ap-

proximate analytical model and measured or simulated data.

The workflow for constructing an IINN model is illustrated in Fig. 3.1.
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3.3.2 Wireless Propagation Instantiation
Wireless propagation provides a suitable domain for evaluating IINN because it is governed by

well-established physical principles, empirical propagation models, and standardized analyt-

ical formulations. In contrast to conventional closed-box models, which must infer propagation

relationships entirely from data, an IINN can embed known dependencies such as distance at-

tenuation, frequency dependence, antenna alignment, height effects, and environmental clutter

directly into its computational structure.

In this work, the IINN instantiation uses the 3GPP TR 38.900 UMa formulation as an ana-

lytical scaffold for constructing the architecture. This use of the 3GPP equation should not be

interpreted as restricting the IINN framework to a single propagation model. Rather, it provides

a concrete domain equation from which interpretable neural components can be derived and

later audited through the structural-traceability analysis.

3.3.2.1 Received Power Formulation
For a mobile network, the received signal power at a UE can be expressed as

Pr[dBm] = Pt−PL+G−Lfeeder +Lother, (3.8)

where Pr is the received power, Pt is the gNodeB transmit power, PL denotes propagation path

loss, G represents the antenna gain, Lfeeder denotes feeder or cable loss, and Lother accounts for

additional system-level losses.

3.3.2.2 Path-Loss and Antenna-Gain Components
Following 3GPP TR 38.900 Release 14 [87], the path loss for a 3D Urban Macro (UMa) scen-

ario is expressed as

PL[dB] = max(PLLoS,PLNLoS) . (3.9)

The line-of-sight path loss is given by

PLLoS(d, fc) = 22log10(d)+20log10( fc)+28, (3.10)

where d is the transmitter–receiver distance and fc is the carrier frequency.
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The non-line-of-sight component is expressed as

PLNLoS(W,h,hbs, fc,d,hue) = 161.04−7.1log10(W )+7.5log10(h)−(
24.37−3.7

(
h

hbs

)2
)

log10(hbs)+20log10( fc)+(43.42−3.1log10(hbs))(log10(d)−3)

−0.6(hue−1.5)−
(
3.2(log10(17.625))2−4.97

)
, (3.11)

where W denotes street width, h denotes average building height, hbs denotes base-station

height, and hue denotes UE height.

A simplified form of the NLoS expression is

PLNLoS( fc,W,h,hbs,hue,d) = 20log10( fc)−7.1log10(W )+7.5log10(h)−15.06log10(hbs)+

3.7log10(hbs)

(
h

hbs

)2

−0.6hue−3.1log10(d) log10(hbs)+43.42log10(d)+31.69. (3.12)

Expanding the squared height-ratio term yields

PLNLoS( fc,W,h,hbs,hue,d) = 20log10( fc)−7.1log10(W )

+14.9log10(h)−18.76log10(hbs)−0.6hue−3.1log10(d) log10(hbs)+43.42log10(d)+31.69.

(3.13)

The antenna gain component is defined using the antenna efficiency ζ and the horizontal and

vertical beamwidths Bh and Bv:

Gmax(ζ ,Bh,Bv) = ζ D = ζ
4π

BhBv
= log10 ζ +[{log10 4+ log10 π}−{log10 Bh + log10 Bv}] .

(3.14)

The directional antenna attenuation is approximated as

Aatt(Bh,Bv,φue,φbs,θue,θbs,λh,λv,Ah,Av) =

λv min

[
12
(

φue−φbs

Bv

)2

,Av

]
+λh min

[
12
(

θue−θbs

Bh

)2

,Ah

]
, (3.15)
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Pr(d, fc,W,h,hue,hbs,Bh,Bv,φue,φbs,θue,θbs,λh,λv,Ah,Av)

=Pt −max
[
22log10(d)+20log10( fc)+28,20log10( fc)−7.1log10(W )+14.9log10(h)−18.76log10(hbs)

−0.6hue−3.1log10(d) log10(hbs)+43.42log10(d)+31.69
]
+10log10(ζ )+10log10

(
4π

BhBv

)
+λv min

[
12
(

φue−φbs

Bv

)2

,Av

]
+λh min

[
12
(

θue−θbs

Bh

)2

,Ah

]
.

(3.16)

Figure 3.2: Received signal power model Pr for a UE in a 3D urban macro environment,
based on 3GPP TR 38.900. The expression captures distance-dependent path loss, LoS/NLoS
selection, building and street characteristics, antenna heights, and 3D antenna-gain patterns.
This analytical form provides the scaffold for constructing the IINN architecture.

where φbs and φue denote the gNodeB and UE tilt angles, respectively, while θbs and θue de-

note the gNodeB and UE azimuth angles. The terms λh and λv denote horizontal and vertical

weighting factors, while Ah and Av denote the maximum horizontal and vertical attenuations.

The resulting received-power expression is summarized in Equation (3.16).

3.3.2.3 Feature Identification and Physical Inputs
The next step is to identify the features that represent the physical and geometric characterist-

ics of the environment. For RSRP prediction, these include propagation parameters, antenna

configuration, geometric alignment, height-related features, and environmental descriptors. The

identified parameters are listed in Table 4.3. These variables are then mapped into scalar input

streams, preserving their physical meaning throughout the architecture.

3.3.3 Illustrative Sub-Network: Vertical Antenna Alignment
To illustrate how the IINN framework constructs intermediate layers and determines appropri-

ate mathematical operations, we focus on the vertical directional antenna alignment term from

Equation (3.16). This component computes attenuation due to angular misalignment between

the UE and gNodeB antennas. As shown in Fig. 3.3, the analytical term is systematically

mapped to an IINN sub-network.

This component involves four variables: φue, φbs, Bv, and Av. These variables are defined

as distinct input layers and processed through dedicated PLOs. The configuration of each PLO

depends on the operation being represented. Since subtraction of two scalar variables yields a

scalar output, the corresponding PLOs use a single neuron with linear activation. This preserves
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the original scalar values and avoids nonlinear distortion. The linear mapping is expressed as

f (x) = wx+b, (3.17)

where w and b are trainable parameters.

For example, in the vertical antenna attenuation component, if φue =−7.4717° and φbs = 0°,

the expected output after subtraction is −7.4717°. A linear operation preserves this physical

value. In contrast, a nonlinear activation such as the sigmoid function,

f (x) =
1

1+ e−x , (3.18)

would distort the value and produce an output inconsistent with the intended analytical opera-

tion.

The effective tilt angle is computed by subtracting φbs from φue. This difference is then nor-

malized by Bv. The Bv branch is configured without a bias term to prevent unintended offsets

in the denominator. The normalized output is squared, optionally scaled according to the phys-

ical model, and then passed through a minimum operation with Av to enforce the maximum

attenuation bound specified by the antenna model.

3.3.4 Overall IINN Architecture and Interpretability
The overall internal architecture of the proposed IINN model is depicted in Fig. 3.4. The design

originates from the analytical received-power expression and maps each physical dependency

to a corresponding neural component. Input variables are first processed through dedicated PLO

layers that capture their independent trainable contributions. These outputs are then combined

through arithmetic and nonlinear operator layers, including addition, subtraction, division, log-

arithmic transformation, minimum, and maximum selection.

A layer-wise breakdown of this construction is presented in Table 3.3. PLO layers implement

scalar affine mappings, while operator layers reproduce mathematical transformations from

the analytical formulation. Custom Lambda layers implement operations such as logarithms or

squared normalized ratios, while merge layers implement addition, subtraction, minimum, and

maximum operations. Together, Fig. 3.4 and Table 3.3 establish a one-to-one correspondence

between analytical propagation components and NN implementation.
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Figure 3.3: Illustration of the IINN sub-network constructed from the vertical directional an-
tenna alignment component of the radio propagation equation. The network takes four input
variables, φue, φbs, Bv, and Av, and processes them through mathematically aligned layers.
Each operation, including subtraction, division, squaring, and minimum selection, mirrors the
corresponding analytical computation.

Table 3.3: Layer types used in the Keras-based IINN architecture.

Layer type Functional description

PLO Dense layer implementing scalar affine mappings with configur-
able weight, bias, and linear activation.

Addition layers Merge layers that perform element-wise summation of multiple
inputs.

Subtraction layers Merge layers that compute the difference between inputs.
Min./Max. layers Merge layers that compute element-wise lower or upper bounds.
Lambda layers Custom differentiable layers implementing operations such as

logarithm, division, squaring, or squared normalized ratios.

By assigning physically meaningful variables to dedicated input streams and structuring the

network layers to replicate analytical operations, the IINN model provides transparency into its

internal computations. Intermediate activations can be inspected directly, allowing users to audit

how individual components contribute to the final prediction. This makes the model inherently

interpretable by design, rather than dependent on external post-hoc explanation tools.
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3.3.5 Structural Traceability and Component Audit
The transparency described above is referred to in this thesis as structural traceability. Struc-

tural traceability means that the inference pathway can be inspected as a sequence of named

analytical and learned components, rather than only as a final prediction and a set of abstract

hidden activations. During inference, each IINN branch can export its physical inputs, fixed

operator outputs, learned coefficient corrections, and contribution to the final RSRP estimate.

This is different from post-hoc feature attribution. A method such as SHAP can indicate

that distance or antenna tilt is influential, but it does not show the actual computation through

which a trained model combined path loss, antenna alignment, clutter, and residual terms. In

IINN, the explanation is provided by the model pathway itself. A forward trace can show how

each propagation component contributes to R̂SRP, while a backward residual audit can identify

which component contributes most strongly to a prediction error. This property is important

for radio-planning and digital-twin workflows, where the practical question is often not only

whether an error is large, but which physical mechanism is responsible for it.

The structural traceability audit used in this chapter therefore follows three steps:

1. export the intermediate component values for a given prediction;

2. compare the predicted RSRP with the simulator or measurement label to obtain the residual;

3. inspect which exposed component terms dominate the residual pathway and whether the

error is associated with path loss, antenna alignment, site/environment contribution, clutter,

or bounded residual correction.

This audit does not require training a separate explanation model. It follows directly from the

IINN architecture.

3.3.6 Relation to Feature-Engineering and Conventional Neural Models
An alternative approach would be to compute handcrafted relative features, such as angular

differences, normalized variables, or interaction terms, and then use a compact DNN to learn

the final mapping. While such approaches may improve predictive performance compared with

raw-input models, they still rely on hidden representations whose internal reasoning is generally

difficult to interpret.
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Table 3.4: Qualitative comparison between feature-engineering-plus-MLP approaches and the
proposed IINN framework.

Aspect Feature + MLP IINN
Interpretability Low High
Hidden representations Opaque Physics-aligned
Number of parameters Moderate Lower
Low-data robustness Moderate Higher
Extrapolation ability Limited Better

In contrast, IINN embeds known analytical operators directly into the architecture. As a

result, intermediate activations retain physical meaning, the number of free parameters can

be reduced, and the model does not need to relearn relationships already available from do-

main knowledge. This is particularly beneficial under limited-data and shifted-environment set-

tings. A qualitative comparison between feature-engineering-plus-MLP approaches and IINN

is provided in Table 3.4.

The same construction principles are later revisited in the experimental chapter through a

structural-traceability audit. There, learned analytical coefficients and section-wise prediction

calculations are exported from the trained IINN, showing how the architecture preserves the

traceable nature of the propagation computation.

3.4 Chapter Summary
This chapter has presented IINN as an architecture-level methodology for embedding domain

knowledge into neural-network design. The construction process begins with an analytical or

empirical equation, decomposes it into physically meaningful terms, maps variables and oper-

ations into neural components, and preserves component-level interpretability through named

computational branches. The wireless propagation instantiation shows how received-power pre-

diction can be structured around path-loss, antenna-alignment, site/environment, clutter, and

residual components rather than treated as a single opaque regression problem.

The next chapter evaluates this construction experimentally. It describes the simulation data-

sets, benchmark models, OOD robustness experiments, propagation-label-shift analysis, training-

stability evidence, and structural-traceability results drawn from the latest IINN paper.
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Chapter 4

IINN Propagation Experiments and Struc-
tural Traceability

Chapter 3 developed the IINN construction methodology. This chapter provides the experi-

mental evidence for that methodology using wireless propagation and received signal reference

power (RSRP) prediction as the case study. It contains the data-generation discussion, bench-

mark protocol, evaluation metrics, OOD robustness experiments, propagation-label-shift ana-

lysis, and structural traceability results [5], [12], [21].

The chapter follows the latest IINN paper storyline. The main claim is not that IINN is

universally the lowest-error predictor in every setting. Rather, the claim is that a domain-

informed architecture can provide intrinsic structural traceability and stronger robustness under

deployment shift and data scarcity, while remaining competitive with black-box baselines. The

structural-traceability analysis shows that the model exposes intermediate propagation terms,

learned analytical coefficients, and section-wise calculation pathways during inference [5], [12],

[22].

4.1 Chapter Organisation
The chapter is organised as follows. The first section describes the simulation environment,

dataset composition, urban morphology, terrain, and physical-consistency checks. The second

section defines the benchmark models, training protocol, metrics, and OOD evaluation settings.

The third section reports cross-city, joint city-frequency, data-scarcity, and propagation-label-

shift results. The final sections present the IINN training-stability check, structural-traceability

audit, and practical scope of the findings [3], [12], [21].
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4.2 Network Simulation Setting for Data Generation and Col-

lection

4.2.1 Motivation for the Wireless Propagation Case Study
The pathloss prediction problem is an ideal candidate to stress-test the expected benefits of

IINN, since training data in wireless propagation tasks are often scarce, expensive to collect, and

not fully representative of future deployment conditions. Moreover, solutions that aim to optim-

ize network key performance indicators, including capacity, mobility, and throughput, require

interpretable propagation models so that the network parameters responsible for performance

changes can be identified and adjusted without compromising other objectives. For example,

if a pathloss prediction model operates as a black box, as is the case for many representative

benchmark models, its practical utility is limited to pathloss estimation only, primarily support-

ing initial cell planning and network deployment. In contrast, an interpretable or explainable

pathloss model can support continuous and intelligent orchestration of network parameters in

response to dynamic environmental conditions and traffic demands, thereby enabling substan-

tially greater operational efficiency [5], [6], [7].

4.2.2 Simulation Environment and Deployment Scenario
To evaluate IINN under realistic wireless propagation conditions, we use the network simulation

setting shown in Fig. 4.1. The simulation employs two high-fidelity 1-meter-resolution 3D map

samples from Brussels, Belgium and Chicago, USA. These network topology configurations

are constructed using Atoll by Forsk, a commercial system-level radio network planning and

optimization tool [88]. The use of detailed 3D urban maps provides realistic morphology and

spatial detail, ensuring that the propagation environment closely reflects practical deployment

conditions. The system follows a 3GPP-compliant 5G NR cellular layout, consisting of five

macrocell sites per city, each equipped with three-sector gNodeBs, covering a 1 km2 area [3],

[5].
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The 1 km2 region represents a standard analysis tile commonly used in professional radio-

planning tools such as Atoll for scalable coverage modelling and performance evaluation. Such

tiles provide consistent spatial units for signal prediction, interference estimation, and traffic

analysis, while enabling larger metropolitan areas to be represented through multiple adjacent

tiles. Therefore, the selected tile should be interpreted as a representative urban deployment

segment rather than the full municipal extent of Brussels [6], [88].

Table 4.1 lists the simulation settings used to construct these network topologies.

Table 4.1: Simulation settings

Configuration Parameter Value

System Radio access technology 5G NR
Cell layout 5 Macrocell sites/ City
Sectors per gNodeB 3 sectors
Carrier frequency 3300, 3500, 3700 MHz
Channel bandwidth 10 MHz

Geographic Propagation model 3GPP 38.900 Urban Macro
Simulation location Brussels, Belgium & Chicago, USA
Simulation area 1.0 km2

UE distribution Poisson distribution
Propagation matrix resolution 5 meters
Average building height 20 meters
Average street width 20 meters

gNodeB Antenna model 3GPP antenna radiation pattern
Height 20–37 meters
Antenna tilt 0°–6°

Antenna azimuth 360°

Antenna gain 8 dBi
Horizontal half-power beamwidth 65°

Vertical half-power beamwidth 6°

Transmit power 50 dBm

4.2.3 Dataset Composition and Feature Description
The data generated from the simulation are organized into three components. The first com-

prises gNodeB information, including geographical coordinates, antenna height, azimuth and

tilt angles, transmit power, carrier frequency, and antenna type for all gNodeBs in the simula-

tion area. The second captures environmental information through clutter type, reflecting radio

propagation characteristics and terrain features that influence coverage prediction. The third

component consists of UE measurements, including UE coordinates, height, azimuth and tilt

angles, and the corresponding reference signal received power (RSRP) within the observation
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(a) Brussels, 3.7 GHz.

(b) Chicago, 3.3 GHz.

Figure 4.1: Representative 1 m resolution 3D map samples over a 1 km2 urban tile used for
cross-city generalization experiments. The maps show simulated gNodeB deployment and UE
distribution for Brussels at 3.7 GHz and Chicago at 3.3 GHz.

area. The spatial distribution of UEs is modeled using a Poisson distribution to emulate realistic

UE placement patterns. The simulation area is divided into spatial bins, with the RSRP of each

bin obtained by averaging the RSRP values of UEs located within that region. The dataset used

in this paper is made publicly available on GitHub1.

1. Syed Ali Basit, âCœIINN,âC GitHub, accessed October 12, 2025, https://github.com/syedalibasit/IINN
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4.2.4 Urban Morphology and Clutter Distribution

Figure 4.2: User distribution across clutter classes for the Brussels dataset.

Figure 4.3: User distribution across clutter classes for the Chicago dataset.
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Figure 4.4: Clutter class distribution comparison between Brussels and Chicago datasets.
Significant differences are observed in the prevalence of dense urban and high-rise environ-
ments, with Brussels exhibiting a higher concentration of complex propagation conditions.

Fig. 4.2 and Fig. 4.3 illustrate the distribution of UEs across clutter classes in the Brussels

and Chicago datasets, respectively. The majority of Brussels user locations are concentrated in

dense urban and high-rise building environments, indicating a propagation setting dominated by

severe shadowing and multipath effects. This distribution highlights the structural complexity of

the Brussels scenario used for evaluating model robustness. Compared to Brussels, the Chicago

scenario exhibits a more balanced distribution across open, suburban, and urban environments,

reflecting a less dense propagation setting. As shown in Fig. 4.4, this mismatch in environmental

characteristics constitutes a primary source of domain shift in cross-city and out-of-distribution

(OOD) evaluation scenarios.

4.2.5 Terrain, Obstruction, and Propagation Profiles
Fig. 4.5 shows the terrain and clutter profile between Site 0 and Site 3, highlighting both ground

elevation and the type of obstacles present along the propagation path. This profile is valuable

for understanding non-line-of-sight conditions and shadowing effects, since buildings and ve-

getation introduce significant variability in received power that cannot be explained by distance

alone. By including these terrain projections, the dataset captures realistic propagation scenarios

that incorporate both large-scale terrain features and local clutter effects.
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Figure 4.5: Terrain and clutter profile between Site 0 and Site 3 for Brussels. The plot illustrates
the elevation profile and intervening clutter, including buildings and vegetation, along the direct
path, providing insight into propagation obstructions between two locations.

4.2.6 RSRP-Distance Characteristics and Physical Consistency

(a) Site 0 sector-wise RSRP trend. (b) Site 1 sector-wise RSRP trend. (c) Site 2 sector-wise RSRP trend.

(d) Site 3 sector-wise RSRP trend. (e) Site 4 sector-wise RSRP trend.

Figure 4.6: RSRP variation with distance for multiple sites and sectors in the Brussels scen-
ario. The solid lines represent sector-wise median RSRP values, while shaded regions indicate
the interquartile range (IQR), capturing variability due to local propagation conditions and clut-
ter effects.
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Figure 4.7: Terrain profile between a UE and its associated transmitter in Brussels for Site 1
Sector 2 over a distance of 245 meters.

Figure 4.8: Terrain profile between a UE and its associated transmitter in Brussels for Site 3
Sector 2 over a distance of 557 meters.
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The plots in Fig. 4.6 illustrate the expected inverse relationship between RSRP and distance

from the serving site. Across all sites, a clear monotonic decay trend is observed, consistent

with the physics of path loss in cellular propagation. The sector-wise medians show distinct

coverage lobes shaped by antenna azimuth and downtilt configurations, while the shaded IQR

regions highlight the variability introduced by multipath propagation and environmental clutter.

Notably, certain sites, such as Site 0 Sector 2 and Site 4 Sector 1, exhibit localized fluctuations

in RSRP beyond smooth distance-dependent decay, particularly at mid- to long-range distances.

These deviations correspond to terrain obstructions or clutter transitions, as confirmed from the

terrain profiles shown in Fig. 4.7 and Fig. 4.8, which cause partial blockage and local propaga-

tion variability. Conversely, sectors with more favorable line-of-sight conditions, such as Site

2 across all sectors, demonstrate smoother attenuation curves with relatively narrower IQRs,

indicating more stable link quality. Overall, these observations demonstrate both the expected

large-scale path loss behavior and the influence of site-specific deployment factors, including

antenna orientation, downtilt, surrounding clutter, and terrain obstruction. They also validate

that the dataset captures realistic propagation dynamics across diverse environments, which is

essential for training and evaluating the proposed IINN model.

4.3 Performance Evaluation

4.3.1 Experimental Protocol and Benchmark Models
The performance evaluation compares the proposed IINN with representative black-box and

ensemble learning baselines. The evaluated models include Random Forest (RF), Extra Trees

(ET), Histogram Gradient Boosting (HistGB), XGBoost, LightGBM, a stabilised DNN, and the

proposed IINN model. These baselines are chosen because the objective is to evaluate whether

embedding analytical propagation structure provides structural traceability and lower relative

OOD degradation compared with modern learnable propagation models, rather than to compare

only against fixed empirical propagation equations.

All benchmark models are trained and evaluated using the same experimental protocol to en-

sure a fair comparison. Specifically, all methods use the same Atoll-generated datasets, identical

train/test splits, identical input features, and the same evaluation metrics. For the data-scarcity

analysis, identical reduced training subsets are used for each model so that performance differ-

ences reflect model behavior rather than differences in data availability.
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Table 4.2: Model configurations used for Chapter 3 robustness validation.

Model Configuration

IINN Propagation-informed architecture with explicit operator layers and trainable scalar coefficients;
RMSE loss; Adam optimiser, learning rate 10−3; batch size 32; maximum 150 epochs; early stop-
ping on validation loss with patience 20.

DNN 128–64–32 ReLU layers; batch normalisation; dropout 0.2; L2 regularisation 10−5; linear output;
RMSE loss; Adam optimiser, learning rate 10−4; batch size 64; maximum 300 epochs; early stop-
ping patience 30.

RF 400 trees; unrestricted depth; minimum leaf size 2.
ET 400 randomised trees; unrestricted depth; minimum leaf size 2.
HistGB 400 boosting iterations; learning rate 0.04; maximum 31 leaf nodes.
XGBoost 600 boosted trees; learning rate 0.03; maximum depth 5; subsampling ratio 0.9; column-sampling

ratio 0.9; squared-error objective.
LightGBM 800 boosted trees; learning rate 0.03; 31 leaves; subsampling ratio 0.9; column-sampling ratio 0.9.

The experimental setup considers realistic deployment shifts across cities, frequencies, and

training-data regimes. The simulated deployment consists of five macro sites with three sec-

tors per site. For Chicago, transmitter heights range from 20–35 m with sector azimuths of

{0◦,120◦,240◦} and downtilt values between 0◦–3◦ at 3.3 and 3.5 GHz. For Brussels, similar

sectorization is used, with transmitter heights ranging from 20–37 m and carrier frequencies of

3.5 and 3.7 GHz. These differences introduce both city-level and frequency-level distribution

shifts.

All models use the same training and evaluation splits. Neural-network models are imple-

mented in TensorFlow/Keras, whereas the ensemble baselines use their standard implementa-

tions. IINN is trained using RMSE loss, the Adam optimiser with learning rate 10−3, batch size

32, maximum 150 epochs, and early stopping based on validation loss with patience 20. The

stabilised DNN uses a 128–64–32 ReLU architecture with batch normalisation, dropout 0.2, L2

regularisation 10−5, a linear output layer, RMSE loss, Adam with learning rate 10−4, batch size

64, maximum 300 epochs, and early stopping patience 30. Five random seeds are used for the

reported reruns: 42, 7, 123, 99, and 2024.

The trainable PLO coefficients are initialized from the corresponding analytical coefficients

when such coefficients exist. This means that the model begins from a propagation-informed

parameterisation rather than a purely random one. Trainable calibration terms that do not have

direct analytical counterparts are initialized close to identity mappings, while final output cal-

ibration terms are learned from data. This initialization strategy preserves the physical role of

the analytical terms at the start of training and lets the optimiser refine them using the observed

data.
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Table 4.3: Key parameters used for analytical equation development, dataset creation, and
IINN training.

Sr. Parameter Symbol

1 gNodeB antenna tilt φbs

2 gNodeB antenna azimuth θbs

3 gNodeB height hbs

4 UE antenna tilt φue

5 UE antenna azimuth θue

6 Propagation distance d
7 Horizontal antenna beamwidth Bh

8 Vertical antenna beamwidth Bv

9 Building height h
10 UE height hue

11 Horizontal antenna attenuation Ah

12 Vertical antenna attenuation Av

13 Operating frequency fc

14 Transmit power Pt

15 Street width W
16 Antenna efficiency ζ

Direct experimental comparison with some recent frameworks is not always feasible due

to implementation availability and dataset differences. However, their underlying design prin-

ciples are relevant and are therefore qualitatively discussed to better position the proposed IINN

framework relative to existing structured learning approaches.

4.3.2 Input Features and Evaluation Metrics
The input feature set consists of UE downtilt, transmitter downtilt, vertical and horizontal beam-

widths, vertical and horizontal attenuation, UE and transmitter azimuth, antenna efficiency, 3D

distance, carrier frequency, street width, building height, UE height, transmitter height, LoS/N-

LoS constants, and transmit power. These parameters are also listed in Table 4.3.

The evaluation metrics include root mean square error (RMSE), mean absolute error (MAE),

normalized root mean square error (NRMSE), and out-of-distribution (OOD) degradation. For

N test samples, ground-truth received power yi, and prediction ŷi, RMSE and MAE are defined

as

RMSE =

√
1
N

N

∑
i=1

(yi− ŷi)
2, (4.1)

and

MAE =
1
N

N

∑
i=1
|yi− ŷi| . (4.2)
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NRMSE normalizes RMSE by the range of the target variable:

NRMSE =
RMSE

ymax− ymin
. (4.3)

OOD degradation quantifies the relative increase in prediction error under shifted test conditions

and is defined as

OOD Degradation =
RMSEOOD−RMSEID

RMSEID
×100. (4.4)

Here, RMSEID denotes the in-distribution RMSE, while RMSEOOD denotes the out-of-distribution

RMSE.

4.3.3 OOD Robustness Across Deployment Shifts
This subsection follows the latest IINN robustness-evaluation structure. Four complementary

settings are considered: cross-city deployment shift, joint city–frequency deployment shift, de-

ployment shift under reduced training data, and propagation-label shift. Experiments I–III use

the relative OOD degradation metric in Equation (4.4); Experiment IV uses absolute OOD

RMSE because the source and target labels are generated by different propagation-label mech-

anisms.

4.3.3.1 Experiment I: Cross-City Deployment Shift
Experiment I evaluates cross-city deployment shift from Chicago to Brussels at 3.3 GHz. Since

the carrier frequency is fixed, the distribution shift is mainly due to differences in urban mor-

phology, site geometry, transmitter-height range, clutter distribution, and antenna downtilt con-

figuration. As shown in Fig. 4.9, IINN achieves the lowest relative OOD degradation, (17.18±

2.73)%. Among the baseline models, Extra Trees gives the lowest relative degradation, (37.50±

1.16)%, while the remaining baselines range from 39.04% to 60.00%.

The opposite transfer direction, Brussels to Chicago, produces the same qualitative outcome.

IINN again achieves the lowest relative OOD degradation, (37.54± 1.78)%, compared with

(46.37± 1.72)% for the strongest baseline. This direction check indicates that the observed

robustness is not specific to one source–target ordering.
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Figure 4.9: Experiment I: relative OOD degradation under cross-city deployment shift. Results
are reported over five random-seed runs.

4.3.3.2 Experiment II: Joint City–Frequency Deployment Shift
Experiment II evaluates a more difficult deployment shift in which both the city and carrier fre-

quency change. The model is trained on Chicago at 3.3 GHz and tested on Brussels at 3.7 GHz.

As shown in Fig. 4.10, IINN achieves the lowest relative OOD degradation, (22.13± 2.91)%,

whereas the strongest baseline reaches (45.32±1.01)%. The remaining baselines exhibit larger

degradation, ranging from 48.12% for XGBoost to 58.04% for LightGBM.

This joint shift is more challenging than city shift alone because it changes both deployment

morphology and system-level frequency conditions. The result indicates that the IINN architec-

ture learns propagation-relevant structure that transfers more reliably when multiple deployment

factors change simultaneously.

4.3.3.3 Experiment III: Deployment Shift Under Limited Training Data
Experiment III evaluates whether robustness is preserved when the amount of labelled source-

domain data is reduced. The source domain is Chicago at 3.3 GHz and the OOD target domain

is Brussels at 3.3 GHz. The Brussels test set remains fixed, while the Chicago source-domain

training data are reduced to 100%, 50%, 25%, 10%, and 5% of the available training samples.
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Figure 4.10: Experiment II: relative OOD degradation under joint city–frequency deployment
shift. Results are reported over five random-seed runs.

As shown in Fig. 4.11, IINN maintains the lowest relative OOD degradation across the train-

ing fractions. Although all models are affected by reduced labelled data, the IINN curve remains

consistently separated from the black-box baselines. The averaged result in Fig. 4.12 confirms

this trend: IINN achieves the lowest average relative OOD degradation, (17.70±3.38)%, com-

pared with (36.53± 1.68)% for the strongest baseline. The remaining baselines range from

42.40% to 52.57%.

This is the few-shot and limited-data result most relevant to deployment: IINN still needs

data to calibrate trainable components, but the embedded propagation structure reduces the

amount of data needed to maintain stable OOD behaviour.

4.3.3.4 Experiment IV: Propagation-Label Shift
Experiment IV evaluates propagation-label shift. In this setting, the deployment geometry re-

mains unchanged but the label-generation mechanism changes from the 3GPP propagation

model to the Standard Propagation Model (SPM). This is different from Experiments I–III:

it tests whether the learned IINN structure is overly tied to one analytical label source. Be-

cause the source and target errors are measured against different label-generation mechanisms,

absolute OOD RMSE is the appropriate metric.
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Figure 4.11: Experiment III: relative OOD degradation across source-domain training fractions
under cross-city deployment shift.

Figure 4.12: Experiment III: average relative OOD degradation across data-scarcity settings.

As shown in Fig. 4.13, IINN achieves the lowest absolute OOD RMSE among the compared

models, although the margin relative to the strongest baseline is smaller than in the deployment-

shift experiments. This behaviour is expected because the underlying geography remains fixed

and only the label rule changes. The result supports the revised thesis claim: IINN provides

structural traceability and competitive propagation-label-shift performance when the analytical

labelling rule changes.
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Figure 4.13: Experiment IV: absolute OOD RMSE under propagation-label shift from 3GPP
labels to SPM labels.

Overall Winner Matrix

Evaluation setting Best RMSE Best MAE Best NRMSE Best OOD Overall

Experiment 1

Experiment

Full-data
city shift

DNN DNN ✓ IINN/DNN/
XGBoost

✓ ✓

Experiment 2 City shift +
data scarcity

✓ IINN -- -- ✓ ✓

Experiment 3 Joint city +
frequency shift

✓ ✓ ✓ ✓ ✓IINN IINN IINN

IINN

IINN

IINN

IINN

IINN

IINN

Figure 4.14: Comparative performance of IINN across cross-city and cross-frequency evalu-
ation experiments.

4.3.4 Overall Comparative Analysis
The three experiments show that standard black-box models can achieve strong in-distribution

accuracy but are more sensitive to domain shift. In contrast, IINN may sacrifice marginal source-

domain accuracy in some cases, but provides significantly stronger transferability across cities,

frequencies, and limited-data settings. These findings support the claim that embedding physical

structure into neural architectures improves robustness in realistic wireless planning scenarios.

Fig. 4.14 provides a consolidated comparison of the three experiments. IINN emerges as

the strongest overall performer across cross-city, cross-frequency, and limited-data scenarios,

achieving the best robustness in all experiments and the best metric balance under the most

challenging distribution-shift settings.
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4.3.5 Spatial Consistency Analysis
Fig. 4.15 compares ground-truth RSRP maps with the corresponding IINN predictions under

city-level OOD, frequency-level OOD, and data-scarcity scenarios. In all cases, the predicted

maps preserve the dominant spatial propagation structure, including coverage sectors, attenu-

ation gradients, and high-power regions. This indicates that IINN learns physically meaningful

geometric relationships governed by antenna orientation, transmitter–receiver distance, and en-

vironmental layout.

(a) City-OOD Ground Truth (b) City-OOD Prediction (IINN) (c) Frequency-OOD Ground Truth

(d) Frequency-OOD Prediction
(IINN)

(e) ID Scarcity Ground Truth (f) ID Scarcity Prediction (IINN)

Figure 4.15: Spatial comparison between ground truth and IINN predictions under (a)–(b) city-
level OOD, (c)–(d) frequency-level OOD, and (e)–(f) in-domain data scarcity conditions.

A consistent difference is observed in signal magnitude, where the predicted maps show

slight underestimation and a smoother dynamic range than the ground truth. This effect is more

visible in the city-shift and frequency-shift cases, suggesting that domain changes primarily af-

fect calibration of absolute signal levels rather than spatial consistency. Under frequency OOD

conditions, the model maintains similar coverage geometry with only modest amplitude dis-

tortion, demonstrating stable transfer across carrier frequencies. In the low-data scenario, IINN

still produces smooth and physically meaningful coverage maps, although some fine local fluc-

tuations are suppressed due to limited supervision.
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Table 4.4: Summary of the evaluated OOD shift settings and their corresponding IINN and
best-baseline results. Values are reported as mean±standard deviation over five random-seed
runs. Experiments I–III report relative OOD degradation; Experiment IV reports absolute OOD
RMSE because the label-generation mechanism changes.

Exp. Train city Test city Freq. shift Train frac. Train samples Test samples IINN result Best baseline result

I Chicago Brussels No 100% 14,969 17,437 17.18±2.73% ET: 37.50±1.16%
I† Brussels Chicago No 100% 17,437 14,969 37.54±1.78% ET: 46.37±1.72%

II Chicago Brussels Yes 100% 14,969 17,978 22.13±2.91% ET: 45.32±1.01%

III Chicago Brussels No 100% 14,969 17,437 15.14±3.46% ET: 36.99±1.03%
III Chicago Brussels No 50% 7,484 17,437 17.35±2.89% ET: 37.68±2.14%
III Chicago Brussels No 25% 3,742 17,437 15.99±3.88% ET: 38.42±2.17%
III Chicago Brussels No 10% 1,497 17,437 20.73±3.78% ET: 35.37±3.78%
III Chicago Brussels No 5% 748 17,437 19.29±6.69% ET: 34.20±2.25%

IV Brussels Brussels No 100% 12,205 21,901 10.52±0.11 dB HistGB: 10.57±0.05 dB

†Opposite-direction cross-city transfer, Brussels to Chicago, is included as a direction check. For Experiment III,
each row reports the corresponding training-fraction result. Experiment IV evaluates propagation-label shift from
3GPP labels to Standard Propagation Model labels; no paired five-seed Wilcoxon test is reported for this setting.

4.4 Structural Traceability and Training Stability
Table 4.4 consolidates the latest IINN-paper results across the evaluated robustness settings.

Experiments I–III use relative OOD degradation as the robustness metric because the source

and target labels follow the same propagation-label mechanism. Experiment IV uses absolute

OOD RMSE because the target labels are generated using a different propagation model. This

distinction keeps the interpretation consistent with the latest IINN paper: the first three settings

test deployment-shift robustness, while the fourth setting tests propagation-label shift.

4.4.1 Training Stabilization and OOD Optimization
After constructing IINN from explicit propagation components, it is important to verify that the

model remains a trainable neural model rather than a static analytical mapping. Therefore, the

training and validation RMSE curves are inspected during optimization. Since the first epoch

produces a large initial correction, the curve is shown after the first epoch to better visualize the

convergence behaviour.

As shown in Fig. 4.16, IINN exhibits stable convergence. The training RMSE decreases rap-

idly during the early epochs and then gradually stabilizes, while the validation RMSE converges

near 0.70 on the standardized RSRP scale. The small gap between training and validation curves

and the absence of validation divergence indicate that the model is learning a stable propagation

mapping rather than overfitting the training data.
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Figure 4.16: Training and validation RMSE curves of IINN. The curves are shown on the
standardized RSRP target scale after removing the first epoch for visual clarity. Both curves
converge smoothly, with the best validation RMSE of approximately 0.697 at epoch 111, indic-
ating stable data-driven learning of the trainable propagation-aligned components.

An initially flexible training run can become numerically unstable under shifted test condi-

tions if feature ranges and residual corrections are unconstrained. The final training setup there-

fore uses clipped normalized features, bounded residual and antenna-related branches, standard-

ized RSRP targets, a three-seed ensemble, and OOD feature weighting based on target-domain

inputs only. These stabilization steps preserve the component-level traceability of IINN while

making the learned mapping numerically reliable under deployment shift.

4.4.2 Forward Structural Traceability
Most explainability methods operate after a prediction has been produced. They estimate the

relative importance of input variables but do not expose the sequence of internal computations

that generated the prediction. For example, SHAP has been applied to wireless propagation

modelling to rank influential variables such as propagation distance, antenna orientation, and

antenna height [71]. Although such feature attribution is informative, it remains external to

the predictive model. It cannot directly reveal which propagation branch was activated, how

intermediate analytical terms were computed, or how individual physical components combined

to produce the final received-power estimate.
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Table 4.5: 3GPP equation coefficients and corresponding IINN learned coefficients after train-
ing with all available source-domain samples and with only 5% of the source-domain samples.

Term
3GPP

coefficients
Learned coeff.

100% train data
Learned coeff.
5% train data

LoS path-loss branch
w1 log10(d) 22.00 22.06 21.44
w2 log10( fc) 20.00 21.66 19.85
w3CLoS 32.40 14.08 27.95

NLoS path-loss branch
w4 log10( fc) 20.00 21.08 20.94
w5 log10(W ) 7.10 5.04 6.09
w6 log10(h) 14.90 16.96 15.91
w7 log10(hbs) 18.76 15.98 17.56
w8hue 0.60 0.76 0.77
w9 log10(d) log10(hbs) 3.10 3.36 2.92
w10 log10(d) 43.42 42.30 43.51
w11CNLoS 13.54 21.96 24.89

Antenna-gain branch
w12 log10(ζ ) 10.00 13.21 10.61

w13 log10

(
4π

BhBv

)
10.00 8.59 9.49

Directional antenna-attenuation branch

w14

(
φue−φbs

Bv

)2
12.00 12.68 12.00

w15 min(·,Av) – 1.88 1.32

w16

(
θue−θbs

Bh

)2
12.00 12.00 12.00

w17 min(·,Ah) – 1.88 1.32
w18Aatt – 1.88 1.32

Output calibration
w19Rx +b – 0.71,−1.53 0.72,−0.54

In contrast, IINN provides structural traceability through its architecture. Because every ana-

lytical operation is represented explicitly within the computational graph, the complete forward

computation remains observable during inference. During inference, each intermediate node

can export its input, output, and, where applicable, the learned analytical coefficient associated

with the corresponding propagation term. Thus, IINN exposes both the intermediate analyt-

ical quantities and the learned coefficient corrections, rather than only the final received-power

estimate.

Since every PLO is attached to a named analytical quantity rather than an abstract hidden

feature, the learned analytical coefficients themselves remain physically interpretable. Table 4.5

compares the analytical coefficients defined by the 3GPP propagation model with the corres-

ponding values learned by IINN under both full-data and limited-data training. Each learned

parameter therefore represents either a correction to an analytical coefficient or a multiplier

applied to an analytical constant while preserving the original analytical computation.
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The learned coefficients illustrate how IINN combines analytical propagation knowledge

with data-driven adaptation. Propagation terms that are already well represented by the ana-

lytical model require little correction; for example, the LoS distance coefficient changes only

from 22.00 to 22.06 after training with all available data, indicating that the analytical distance

dependence remains valid for the simulated environment. In contrast, environment-dependent

terms are selectively recalibrated when supported by the data. For example, the NLoS street-

width coefficient decreases from 7.10 to 5.04, indicating that the simulated environment exhibits

a weaker street-width dependence than assumed by the analytical model, whereas the building-

height coefficient increases from 14.90 to 16.96, suggesting a stronger influence of urban mor-

phology on NLoS propagation. Even when trained using only 5% of the available training

data, many coefficients remain close to their analytical initialization, demonstrating that the

embedded propagation knowledge stabilizes coefficient learning under limited-data conditions.

Together, these results show that IINN preserves established propagation knowledge while ad-

apting only those analytical terms required by the observed data, providing parameter-level

interpretability in addition to computational traceability.
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Table 4.6: Section-wise coefficient trace for one Experiment I prediction. The table reports the
3GPP coefficients, the corresponding IINN learned coefficients, and the forward calculation for
the selected test sample. Displayed values are rounded; section outputs are computed from
the saved model values.

Term
3GPP
coeff.

Learned coeff.
100% train data

Learned coeff.
5% train data

LoS path-loss branch
w1 log10(d) 22.00 22.06 21.44
w2 log10( fc) 20.00 21.66 19.85
w3CLoS 32.40 14.08 27.95

P̃LLoS = w1 log10(d)+w2 log10( fc)+w3CLoS

= 22.06log10(130.47)+21.66log10(3300)+0.43(32.40) = 136.97 dB.

NLoS path-loss branch
w4 log10( fc) 20.00 21.08 20.94
w5 log10(W ) 7.10 5.04 6.09
w6 log10(h) 14.90 16.96 15.91
w7 log10(hbs) 18.76 15.98 17.56
w8hue 0.60 0.76 0.77
w9 log10(d) log10(hbs) 3.10 3.36 2.92
w10 log10(d) 43.42 42.30 43.51
w11CNLoS 13.54 21.96 24.89

P̃LNLoS = w4 log10( fc)−w5 log10(W )+w6 log10(h)−w7 log10(hbs)

−w8hue−w9 log10(d) log10(hbs)+w10 log10(d)+w11CNLoS

= 74.16−6.56+22.06−20.79−14.76−9.25+89.49+21.96 = 156.31 dB.

Antenna-gain branch
w12 log10(ζ ) 10.00 13.21 10.61

w13 log10

(
4π

Bh,rBv,r

)
10.00 8.59 9.49

G̃ = w12 log10(ζ )+w13 log10

(
4π

Bh,rBv,r

)

= 13.21log10(0.70)+8.59log10

(
4π

1.13×0.11

)
= 15.22 dB.

Here Bh,r and Bv,r are beamwidths converted from degrees to radians for the gain calculation.

Directional antenna-attenuation branch

w14

(
φue−φbs

Bv

)2
12.00 12.68 12.00

w15 min(·,Av) – 1.88 1.32

w16

(
θue−θbs

Bh

)2
12.00 12.00 12.00

w17 min(·,Ah) – 1.88 1.32
w18Aatt – 1.88 1.32

Ãatt = w18

[
w15 min

(
w14

(
φue−φbs

Bv

)2

,Av

)

+w17 min

(
w16

(
∆θ

Bh

)2

,Ah

)]
,

= 1.88 [1.88min(4.04,0.07)+1.88min(66.84,0.07)] = 0.49 dB.

For this sample, ∆θ is the wrapped azimuth difference.

Output calibration
w19Rraw +b – 0.71,−1.53 0.72,−0.54

P̃L = max(136.97,156.31) = 156.31 dB

Rraw = Pt + G̃− P̃L− Ãatt = 50.00+15.22−156.31−0.49 =−91.59 dB

R̂x = w19Rraw +b = 0.714(−91.59)−1.532 =−66.96 dB.

Measured RSRP for this sample is −66.88 dB, giving an error of approximately −0.08 dB.
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4.5 Discussion

4.5.1 Key Findings and Insights
Training data scarcity, data imbalance, label noise, and distributional shifts between training

and deployment scenarios are well-known limitations of conventional data-driven AI mod-

els. These limitations are particularly important in wireless communication systems, where the

data-generating process may vary across cities, carrier frequencies, urban morphologies, clutter

classes, and radio-planning tools. Motivated by these challenges, this chapter evaluated IINN

as a domain-informed NN framework whose internal computation is aligned with physically

meaningful propagation relationships.

The experimental results show that IINN provides a useful alternative to purely data-driven

models when robustness and interpretability are required in addition to predictive accuracy.

Across city-shift, frequency-shift, and limited-data settings, IINN generally achieves lower re-

lative OOD degradation than conventional black-box baselines. This indicates that embedding

propagation-aware structure into the architecture helps the model learn transferable physical

relationships rather than relying only on city-specific statistical correlations. Although uncon-

strained models may sometimes achieve marginally lower RMSE under specific in-distribution

or full-data settings, their higher OOD degradation suggests weaker stability under deployment

shifts.

The propagation-label-shift experiment should be interpreted separately. In this setting, the

label-generation mechanism changes from 3GPP to SPM, so absolute OOD RMSE is the more

direct metric. IINN achieves the lowest absolute OOD RMSE among the compared models, in-

dicating that its learned propagation structure remains competitive when the analytical labelling

rule changes.

Although the experiments are presented using representative 1 km2 urban analysis tiles, the

cross-city results show that the proposed framework is not tied to a single local environment.

Consistent behaviour across Brussels and Chicago suggests that the methodology can transfer

across distinct urban morphologies when relevant domain variables are available.
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4.5.2 Comparison with Existing Approaches
IINN is designed to optimize a broader objective than raw predictive accuracy alone. Its main

advantages include transparent internal reasoning, compact architecture, and stronger behaviour

under limited-data or shifted-environment conditions. The predictive performance of IINN is

also influenced by the analytical model used to construct the architecture. Therefore, the ob-

served performance should be interpreted with respect to the present model instantiation rather

than treated as an unconditional claim about all possible IINN designs.

Beyond higher robustness in sparse-data and shifted-deployment conditions, IINN intro-

duces methodological advantages that distinguish it from conventional DL models. Interpretab-

ility is achieved by decomposing the prediction into named and inspectable propagation com-

ponents. Each component can be exported and visualized for every prediction, providing struc-

tural transparency without relying only on post-hoc explanation tools such as SHAP or LIME.

This enables auditing, debugging, and deployment-time diagnosis because systematic errors can

be traced to specific physical components rather than to an opaque hidden representation.

Compared with conventional black-box models, IINN restricts the hypothesis space using

domain structure rather than relying solely on large-scale data fitting. This provides a useful

inductive bias under limited-data and shifted-environment conditions. Compared with post-hoc

explainability approaches, IINN provides interpretability by design: the internal computation

itself is physically meaningful, rather than being explained externally after training.

4.5.3 Scope and Practical Considerations
IINN is beneficial when approximate analytical models are available and labelled data are lim-

ited or costly to obtain. In such settings, embedding domain structure into the network improves

data efficiency, robustness, and interpretability. When very large and diverse datasets are avail-

able, larger unconstrained models may become competitive due to higher flexibility. Moreover,

the performance of IINN depends on the quality of the chosen analytical scaffold and may

be limited if that scaffold poorly matches the target environment. Therefore, IINN should be

viewed as a targeted learning framework that is particularly advantageous in structured low-

data settings rather than as a universal replacement for all neural architectures.
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Although this chapter focused on wireless propagation, the broader IINN principle is applic-

able to other engineering and scientific domains where partial physical knowledge exists but

labelled data are expensive. The key lesson is that interpretable NN systems should embed do-

main knowledge as reusable computational structure: components are constrained, named, and

inspectable, while their precise coefficients and residual corrections remain adaptable through

data.

4.6 Chapter Summary
This chapter has provided the experimental evidence for the IINN methodology introduced

in Chapter 3. The simulation and data discussion established the wireless propagation setting,

while the benchmark experiments showed that IINN reduces relative OOD degradation un-

der cross-city, joint city-frequency, and limited-data settings. The propagation-label-shift ex-

periment used absolute OOD RMSE and showed that IINN remains competitive when the

label-generation mechanism changes. The structural-traceability analysis then demonstrated

that the trained IINN exposes intermediate propagation terms, learned analytical coefficients,

and section-wise prediction calculations during inference.

The next chapter uses the same IINN principle for a different technical contribution: domain-

aware transfer learning. Instead of testing propagation robustness directly, it asks whether the

physical meaning of IINN components can guide which layers should be frozen or fine-tuned

when a model is adapted to a new deployment scenario.
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Chapter 5

IINN-Based Transfer Learning for Wireless
Propagation Modelling

Chapter 3 introduced the construction methodology of Innately Intelligent Neural Networks

(IINNs), and Chapter 4 evaluated IINN for wireless propagation prediction. This chapter uses

the same IINN design principle for a different purpose: transfer learning (TL). The focus is

therefore not to introduce a new propagation model, but to test whether the component-level

interpretability of IINN can guide adaptation from a source deployment to a target deployment

using limited target-domain data [5], [13], [28].

This distinction also clarifies the role of Chapter 2. The Chapter 2 model is a convolutional

classifier trained on received constellation images for spectrum awareness and modulation re-

cognition. Its inputs, labels, task objective, and experimental setting are different from the

IINN propagation-modelling chapters. Chapter 2 motivates the thesis transition from capable

but opaque black-box learning to structurally traceable wireless AI; Chapters 3–5 then develop

IINN construction, evaluate IINN for RSRP prediction, and use IINN for transfer learning [4],

[11], [12].

5.1 Introduction
Conventional transfer learning usually adapts a pre-trained neural network by freezing a selected

group of layers and fine-tuning the remaining layers on target-domain data. In generic DNNs,

however, the choice of which layers to freeze is often heuristic. It commonly requires repeated

experiments over different freezing depths, learning rates, and target-data fractions [28], [89].

This is inefficient in wireless deployments, where target measurements may be limited and

where adaptation must be explainable to network engineers.
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IINN changes the transfer-learning problem because its layers and branches correspond to

meaningful physical or operational components. For propagation modelling, these components

include distance-frequency path loss, antenna alignment, site-height terms, sector orientation,

and bounded residual corrections. If a deployment shift is known to involve base-station height,

azimuth, or downtilt, the corresponding IINN components can be selected for fine-tuning dir-

ectly. This replaces trial-and-error layer search with a domain-aware adaptation rule [8], [12],

[13].

The central question addressed in this chapter is:

Can the structural traceability of IINN be used to decide which parts of a wireless
propagation model should be adapted during transfer learning?

5.1.1 Related Work
Existing TL methods improve adaptation by reusing a source-domain model, but most methods

do not connect layer selection to domain semantics. Standard fine-tuning freezes early layers

and updates later layers, assuming that generic features appear early and task-specific features

appear late. This assumption is not always appropriate for wireless propagation, where the vari-

able factor may be a specific physical term rather than a particular depth of the network [13],

[28], [29].

More recent TL approaches include adaptive routing, adapter modules, parameter-efficient

tuning, co-tuning, and distillation-based transfer [29], [30], [90], [91]. These methods can re-

duce the number of trainable parameters, but they still typically decide what to adapt from data-

driven or architectural heuristics rather than from explicit wireless-domain structure. Physics-

informed neural networks incorporate constraints through loss functions [10], but their internal

layers are not necessarily aligned with inspectable propagation components.

In contrast, this chapter uses the IINN architecture introduced in Chapter 3 as an interpretable

transfer backbone. The contribution is the fine-tuning strategy: the source model is adapted by

updating only those branches that correspond to deployment variables expected to change [8],

[12], [13].

81



Variables/Operators-
to-Layer Construction

Target
Domain

Domain-Aware-
Targeted-Fine-

Tuning

Target
Domain
Data

Source
Domain
Data

Source
Domain

M
od

el
 C

on
st

ru
ct

io
n Variables & Operators

Identification

IINN Model
Training

IINN Model

Copy of Trained IINN
Model

Domain-Aware 
Layer Identification

M
od

el
 C

on
st

ru
ct

io
n

II
N

N
 T

ra
ns

fe
r L

ea
rn

in
g 

Fr
am

ew
or

k

Figure 5.1: IINN-based transfer-learning framework. The source IINN is constructed from
domain-informed propagation components, pre-trained on source-domain data, and select-
ively fine-tuned on target-domain data by updating only the branches associated with changed
deployment variables.

5.1.2 Contributions
This chapter makes three contributions.

• It formulates a domain-aware TL procedure for IINN in which source-domain knowledge

is retained in invariant branches and target-domain adaptation is restricted to physically

variable branches.

• It defines the layer-selection logic for base-station height, sector, azimuth, and downtilt

changes, showing how IINN structural traceability supports principled fine-tuning.

• It evaluates the method on a simulated LTE propagation dataset and shows improved

transfer gains relative to conventional DNN fine-tuning, especially when target base-

station height or sector configuration differs from the source.

The rest of the chapter is organized as follows. Section 5.2 presents the transfer-learning

framework, Section 5.3 describes the simulation setup and performance metrics, Section 5.4

discusses the results, and Section 5.5 concludes the chapter.
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5.2 IINN-Based Transfer Learning Framework

5.2.1 Architecture-to-Parameter Mapping
The IINN construction process follows the Chapter 3 principle: variables, coefficients, and

mathematical operations from an analytical propagation model are mapped into explicit neural

components. Let the input variables be

x1,x2, . . . ,xn ∈ R, (5.1)

where each xi represents a distinct wireless variable such as distance, carrier frequency, base-

station height, antenna tilt, azimuth, or user height. Analytical coefficients are denoted by

ψ = {ψ1,ψ2, . . . ,ψm}. (5.2)

When reliable coefficient values are available, they can be used to initialize the corresponding

trainable parameters:

wi,bi← ψ i. (5.3)

Each operation Oi is implemented as a dedicated computational block. For example, an

expression of the form

y = min

((
x1− x2

x3

)2

,x4

)
(5.4)

is decomposed into subtraction, division, square, and minimum operations, each of which re-

mains visible in the computational graph. This explicit mapping is what allows transfer learning

to be guided by physical meaning rather than by network depth alone.

For the propagation case study, the received-power expression used to define the source IINN

includes distance, frequency, antenna-gain, base-station height, street-width, building-height,

azimuth, downtilt, and beamwidth terms:
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which branches should be fine-tuned.
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Pr(d, fc,W,h,hue,hbs,Bh,Bv,φue,φbs,θue,θbs,λh,λv,Ah,Av) =

Pt−max[(22log10(d)+20log10( fc)+28),(20log10( fc)−7.1log10(W )+14.9log10(h)
−18.76log10(hbs)−0.6hue−3.1log10(d) log10(hbs)+43.42log10(d)+31.69)]

+10log10(ζ )+10log10

(
4π

BhBv

)
+λv min

[
12
(

φue−φbs

Bv

)2

,Av

]
+λh min

[
12
(

θue−θbs

Bh

)2

,Ah

]
.

(5.5)

Table 5.1: Domain-aware layer selection for IINN transfer learning.

Target-domain
change

IINN components updated Components retained

Base-station
height change

Height, site-geometry, and height-
dependent path-loss branches

Frequency, transmit-power, and
unchanged antenna terms

Sector or azimuth
change

Horizontal antenna-alignment and
sector-specific offset branches

Distance-frequency path-loss and
height branches when unchanged

Downtilt change Vertical antenna-alignment and
downtilt-related attenuation
branches

Transmit-power, carrier-
frequency, and unchanged site
terms

Small calibration
shift

Output intercept or bounded resid-
ual calibration branch

Main propagation and antenna
branches

5.2.2 Domain-Aware Fine-Tuning Strategy
Let the pre-trained IINN be represented as

ŷT = F(x;ϕ i,ϕv), (5.6)

where ϕ i denotes invariant parameters retained from the source domain, and ϕv denotes variable

parameters associated with domain factors expected to change in the target domain. Fine-tuning

solves

ϕ
T
v = argmin

ϕv
LT (F(x;ϕ i,ϕv),yT ) , (5.7)

where the target-domain loss is the RMSE over the available target samples:

LT =

√√√√ 1
NT

NT

∑
j=1

(
ŷT, j− yT, j

)2
. (5.8)

The key distinction from conventional DNN fine-tuning is the selection rule. A DNN typic-

ally requires a search over freezing configurations. In IINN, the trainable subset is chosen from

the known deployment change:
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This targeted procedure has a direct computational implication. If the full model has p train-

able parameters and only pv parameters are associated with the changed target-domain com-

ponents, IINN fine-tuning scales with the smaller adaptation set. In contrast, exhaustive DNN

freezing searches require training multiple candidate configurations. The practical benefit is not

only fewer updated parameters, but also fewer experimental trials and a lower risk of overfitting

small target datasets.

5.3 Simulation Setup and Performance Evaluation
The transfer-learning evaluation uses a dataset generated in Atoll, a commercial network-planning

tool, for a 4G LTE macro-cell scenario in Brussels, Belgium. The simulated area covers 3.8 km2

and contains 10 macro-cell eNodeBs. Users are distributed according to a Poisson process, and

RSRP is aggregated over spatial bins. The simulation parameters are summarized in Table 5.2.

The baseline is a conventional DNN implemented as a Keras sequential model with four

fully connected layers of 32, 64, 64, and 16 neurons, ReLU activation functions, and the Adam

optimiser. Both the DNN and IINN models are pre-trained on source-domain data and fine-tuned

using target-domain data. The data split is 80% training and 20% testing in each experiment.

Performance is reported using transfer gain. Let Eref denote the target-domain prediction

error before transfer or under the reference adaptation setting, and let Em denote the target-

domain error after applying model m. The percentage transfer gain is

Gm = 100× Eref−Em

Eref
. (5.9)

Table 5.2: Network scenario setting for the transfer-learning study.

Category Parameters and Values

System Air technology: 4G LTE; 10 macro-cell sites; 3 sectors per eNodeB;
Carrier frequency: 2100 MHz; channel bandwidth: 5 MHz

Geographic Propagation model: Aster ray tracing; location: Brussels, Belgium;
Area: 3.8 km2; UE distribution: Poisson;
Propagation-matrix resolution: 10 m; average building height: 20 m; average street width: 20 m

eNodeB Antenna model: Kathrein directional model 742265;
Height: 28–37 m; tilt: 0◦–6◦; azimuth: 360◦;
Gain: 18 dBi; beamwidth (H/V): 65◦/9◦; transmit power: 43 dBm
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Table 5.3: Summary of transfer-learning experimental setup.

Parameter Details

Base-station heights 29 m, 32 m, 35 m
Sectors per base station Sector A (0◦–120◦),

Sector B (120◦–240◦),
Sector C (240◦–360◦)

Source-domain data Train: 2600; test: 650
Target-domain data Train: 1200; test: 300

Positive gain therefore indicates reduced target-domain error. The difference between the pro-

posed IINN-based approach (PA) and the baseline DNN approach (BL) is

∆G = GPA−GBL. (5.10)

Positive ∆G means that IINN-based selective fine-tuning improves transfer more than conven-

tional DNN fine-tuning.

5.4 Transfer-Learning Results

5.4.1 Base-Station Height Transfer
Fig. 5.4 compares transfer gains across base-station height changes. When source and target

heights are the same, the benefit of transfer is limited, as expected. When the target height differs

from the source height, IINN-based fine-tuning produces larger gains than the DNN baseline,

with improvements of up to approximately 10.3% in the evaluated configurations. This result

is consistent with the layer-selection logic in Table 5.1: height-related changes are handled by

adapting the height and site-geometry components rather than by retraining unrelated branches.

5.4.2 Sector-Based Transfer
Fig. 5.5 shows transfer gains across sectors A, B, and C. Sector changes affect azimuth and

antenna-orientation relationships, so the relevant IINN components are the horizontal antenna-

alignment and sector-offset branches. The IINN approach reaches improvements of up to 16.4%

in sector-based transfer, indicating that the model benefits most when the target shift corres-

ponds to a clearly identifiable physical component.
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Figure 5.4: Transfer-gain comparison for source and target base-station heights. Off-diagonal
entries show adaptation when the target base-station height differs from the source height.

5.4.3 Combined Height and Sector Configurations
Fig. 5.6 summarizes the combined source-target height and sector experiments. The strongest

positive differences occur when the source and target domains differ in the variables that IINN

exposes as separate components. Small or negative differences can occur when the source and

target settings are already similar, because the baseline DNN has less adaptation burden and the

additional selectivity of IINN provides less marginal benefit.

The results therefore support a conditional interpretation rather than a universal claim. IINN-

based TL is most useful when the target-domain change is physically meaningful, visible in the

model structure, and represented by available input variables. It is less likely to help when

the source and target domains are nearly identical, when the relevant target-domain factor is

missing from the feature set, or when the label-generation mechanism changes in a way that is

not represented by the selected IINN components.
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5.4.4 When the Pre-Trained IINN Should and Should Not Transfer
The pre-trained IINN is expected to transfer well when source and target domains share the

same prediction task, the same feature semantics, and broadly similar propagation mechanisms,

while differing in identifiable parameters such as base-station height, sector orientation, antenna

tilt, transmit power, or frequency. In these cases, the source model retains useful propagation

knowledge and only the affected branches need adaptation.
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Figure 5.5: Sector-based transfer-gain comparison averaged across base-station heights.
Positive PA–BL values indicate that IINN-based selective fine-tuning outperforms conventional
DNN fine-tuning.
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Figure 5.6: Transfer-gain difference (PA–BL) for combined source-target base-station height
and sector configurations.

Transfer is less reliable when the target environment changes in ways not represented in

the model. Examples include missing clutter or building metadata, a different label-generation

tool with incompatible assumptions, a change from sub-6 GHz macro-cell propagation to a

substantially different propagation regime, or a target task whose output no longer represents

the same received-power quantity. Under large target datasets, flexible black-box models may

also become competitive because they can learn the target distribution directly.
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5.5 Conclusion
This chapter extended IINN from interpretable propagation prediction to domain-aware transfer

learning. Because IINN components correspond to meaningful wireless variables and analyt-

ical operations, the model provides a principled basis for deciding which parameters should be

retained and which should be adapted when moving from source to target deployments. The

experiments show that selective IINN fine-tuning improves transfer over a conventional DNN

baseline, with gains of up to 16.4% in sector-based transfer and approximately 10.3% in base-

station height transfer.

5.6 Chapter Summary
This chapter has shown that IINN interpretability is not only explanatory, but operational. The

same structural traceability that makes a prediction auditable can guide targeted model adapt-

ation. The next chapter synthesizes the findings from the preceding technical chapters, con-

necting conventional deep learning, IINN-based structure-aware modelling, and IINN-guided

transfer learning into a unified thesis argument.
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Chapter 6

Synthesis, Scope, Limitations, and Future
Research Directions

This final chapter synthesizes the six-chapter thesis argument and consolidates the scope, lim-

itations, and future research directions. It replaces a separate synthesis chapter and conclusion

chapter so that the revised thesis contains exactly six chapters: background and literature review;

four technical contribution chapters; and this final synthesis and future-work chapter [11], [12],

[13], [16].

The preceding chapters present four technical contribution chapters: a deep learning spectrum-

awareness framework for vehicular communication, the IINN construction methodology, the

IINN propagation experiments and ablation study, and an IINN-based transfer learning strategy

for domain-aware adaptation. Read separately, these chapters could appear as related wireless

AI studies. Read together, they form a single argument: wireless learning systems become more

defensible when the model architecture reflects the structure of the domain rather than relying

entirely on statistical correlations learned from data [4], [5], [7], [12].

This chapter synthesizes the thesis as a unified research programme. It does not repeat the

experimental details of Chapters 2–5. Instead, it explains how the chapters fit together, what the

combined evidence supports, what it does not support, and how the proposed IINN framework

should be positioned relative to black-box learning, post-hoc explainability, physics-informed

learning, and transfer learning [7], [10], [13], [28].
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6.1 The Research Arc
The thesis progresses through three stages.

Stage 1: Correlation-driven capability. Chapter 2 demonstrates that deep learning can

provide useful wireless intelligence. The CNN-based spectrum-awareness framework classi-

fies modulation orders under varying vehicular channel conditions and supports a CQI-oriented

modulation adaptation strategy. This is an important practical result because it shows that data-

driven learning can extract useful structure from wireless signals. However, the model remains

a black-box classifier: the internal features responsible for the decision are not aligned with

identifiable channel mechanisms [4], [7], [11].

Stage 2: Architecture-level interpretability. Chapter 3 addresses the limitation exposed by

Chapter 2 by moving the intervention point from output explanation to model construction. The

IINN framework maps analytical domain relationships into neural structure before training. In

the wireless propagation case study, received-power prediction is decomposed into physically

meaningful components such as path loss, antenna alignment, site/environment contribution,

clutter offset, and bounded residual correction. This provides interpretability by construction

rather than by post-hoc approximation [8], [9], [12].

Stage 3: Interpretability as an adaptation mechanism. Chapter 5 shows that structural

interpretability is not only valuable for human inspection. It can also guide transfer learning.

Because IINN layers correspond to physical terms, the model can distinguish between invariant

and variable components when moving from one deployment condition to another. This enables

targeted fine-tuning without exhaustive layer-search heuristics [13], [28].

The resulting thesis arc is therefore:

black-box wireless AI works→ black-box wireless AI is not enough→ domain structure can be

embedded into the architecture→ architectural structure enables more principled adaptation.

6.2 Levels of Intervention in Wireless AI
A useful way to position the thesis is to ask where domain knowledge enters the learning

pipeline. Existing approaches generally intervene at the data level, output level, loss level, or

training-procedure level. IINN intervenes at the architecture level.
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Table 6.1: Different intervention levels for introducing reliability, interpretability, or domain
knowledge into wireless learning systems.

Intervention level Representative idea Main benefit Remaining limita-
tion

Data level Simulation, digital twins, aug-
mentation, synthetic data gen-
eration

Reduces measurement
burden and expands
training coverage

The model may still
learn opaque cor-
relations from gen-
erated labels.

Output level SHAP, LIME, confidence
scores, credibility estimation

Improves explanation
or reliability assessment
after training

Does not change
how the model in-
ternally reasons.

Loss level PINNs and physics-
regularized objectives

Encourages physical con-
sistency during optimiza-
tion

Internal hidden rep-
resentations may
remain generic and
difficult to inspect.

Training-procedure
level

Transfer learning, fine-tuning,
domain adaptation

Reuses source-domain
knowledge for target
domains

Layer selection is
often heuristic in
black-box architec-
tures.

Architecture level IINN equation-to-architecture
mapping

Makes computation struc-
turally aligned with phys-
ical terms before training

Requires an
approximate ana-
lytical or empirical
model.

This distinction is central to the thesis. The claim is not that architecture-level intervention

replaces every other method. Rather, it addresses a different and earlier design question: what

should the model know before it sees data? In physics-governed wireless tasks, the answer

should not always be “nothing”.
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6.3 What the Evidence Establishes
The experimental evidence supports four bounded claims.

6.3.1 Deep Learning Is Useful But Structurally Opaque
Chapter 2 validates the usefulness of deep learning in a wireless classification task. The pro-

posed spectrum-awareness pipeline uses a CNN classifier to support modulation-order decisions

under changing channel variance, speed, SNR, and rural/urban conditions. This contribution es-

tablishes that data-driven learning is a viable component of wireless intelligence [4], [11].

However, the chapter also clarifies the limitation that motivates IINN. The CNN can clas-

sify effectively, but its internal computation cannot be decomposed into physically meaningful

channel terms. For engineering use cases requiring debugging, auditing, or causal diagnosis,

this is a fundamental limitation. Thus, Chapter 2 is not merely an isolated application of deep

learning; it is the diagnostic starting point of the thesis [7], [8], [12].

6.3.2 Structure-Aware Architecture Improves Interpretability and Robust-

ness
Chapter 3 demonstrates that domain knowledge can be translated into a neural architecture. The

IINN framework does this by decomposing analytical equations into scalar inputs, parametric

linear operations, fixed mathematical operators, and physically named components. This design

makes intermediate computations inspectable [8], [9], [12].

The empirical results show that IINN is particularly useful under conditions where black-box

DNNs are vulnerable: limited data and shifted environments. In cross-city and cross-frequency

experiments, IINN shows lower OOD degradation than representative black-box baselines. The

structural-traceability analysis further shows that IINN exposes intermediate propagation terms

and learned analytical coefficients rather than only a final RSRP prediction [5], [12], [21].

This distinction matters. The propagation-label-shift experiment is interpreted using abso-

lute OOD RMSE because the label-generation mechanism changes from 3GPP to SPM. Under

this setting, IINN remains competitive with the best baseline while preserving an inspectable

propagation pathway, which is the central value of the IINN contribution [5], [12], [22].
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6.3.3 Interpretability Enables Principled Transfer
Chapter 5 demonstrates a downstream benefit of architectural interpretability. In conventional

DNN transfer learning, the decision about which layers to freeze and which to fine-tune is often

empirical. In IINN, the decision can be made from domain knowledge because each layer has a

physical meaning [13], [28].

The results show gains of up to 16.4% in sector-based transfer and approximately 10.3% in

base-station-height adaptation, with average improvements in the 10–15% range over a DNN

transfer baseline. These results support a stronger claim than “IINN is explainable.” They show

that interpretability can be operationally useful: it reduces the search space for adaptation and

makes fine-tuning more controlled [13].

6.3.4 The Thesis Supports Conditional Superiority, Not Universal Superi-

ority
The evidence does not imply that IINN is universally better than all ML models. In high-data, in-

distribution settings, flexible ensemble methods such as LightGBM and XGBoost can achieve

lower raw error than IINN. This is not a contradiction; it reflects a difference in objective. IINN

optimizes for a broader engineering target: data efficiency, interpretability, bounded physical

reasoning, and adaptation under shift.

6.4 Distinction Matrix
Table 6.2 summarizes this distinction.
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Table 6.2: Defensibility of the main thesis claims.

Claim Supporting evidence Boundary condition

Deep learning can sup-
port wireless decision-
making.

Chapter 2 CNN spectrum-awareness
framework under varying vehicular
channel conditions.

Does not provide intrinsic inter-
pretability.

IINN provides structural
interpretability.

Chapter 3 equation-to-architecture
mapping and component-level struc-
turally traceable IINN.

Requires physically meaningful input
variables and an approximate analyt-
ical model.

IINN improves robust-
ness under shift.

Chapter 4 city, frequency, data-
scarcity, and cross-propagation abla-
tion experiments.

Strongest evidence is simulation-
based; live measurement validation
remains needed.

Propagation-label shift
requires separate evalu-
ation.

Chapter 4 uses absolute OOD
RMSE for 3GPP-to-SPM label shift
and reports IINN as competitive
with the strongest baseline.

Results are simulation-based and
should be validated against measured
labels.

Architectural inter-
pretability improves
transfer learning.

Chapter 5 domain-aware fine-
tuning improves over DNN transfer
baselines.

Evaluated on selected source-target
configurations; broader cross-city
and cross-band transfer remains
future work.

6.5 Accuracy, Interpretability, and the Role of LightGBM
A critical thesis must address the fact that some black-box or weakly interpretable baselines can

achieve very strong raw accuracy. Gradient-boosting models such as LightGBM often perform

well on tabular propagation datasets because they capture nonlinear feature interactions effi-

ciently and require less feature scaling than DNNs. In some settings considered in this thesis,

such models achieve lower absolute RMSE than IINN.

This does not invalidate the IINN contribution, but it does define its correct use case. If the

only objective is minimizing RMSE on a large representative dataset, a high-capacity ensemble

model may be preferable. If the objective includes physical traceability, low-data learning, con-

trolled adaptation, and diagnosis of why a prediction changes, then a structurally traceable ar-

chitecture has value that a black-box ensemble does not provide.

This is an important shift in evaluation philosophy. For operational wireless AI, a model

should not be judged only by whether it wins a leaderboard on one metric. It should also be

judged by whether its predictions can be audited, whether it can adapt safely, and whether its

errors can be related to physical causes.
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6.6 Propagation-Label Shift and Structural Traceability
The strongest critical insight from the propagation experiments is that deployment shift and

propagation-label shift should not be evaluated using the same metric. When the source and

target labels follow the same propagation-label mechanism, relative OOD degradation cap-

tures how much the error grows under deployment shift. When the label-generation mechanism

changes, absolute OOD RMSE is more appropriate.

Chapter 4 therefore reports the 3GPP-to-SPM setting separately from the city and frequency

deployment-shift experiments. This framing prevents the robustness claim from being over-

stated: IINN shows its clearest advantage under city, frequency, and limited-data shifts, while

the propagation-label-shift result shows competitive absolute OOD RMSE under a changed

analytical labelling rule.

The structural-traceability evidence is the defensible interpretability claim. IINN exposes

intermediate propagation terms, learned analytical coefficients, and section-wise calculation

pathways, allowing the prediction process to be inspected rather than inferred only through

post-hoc feature attribution.

6.7 Implications for AI-Native Wireless Networks
The thesis has implications for AI-native network design. Future RAN automation will require

models that can operate under limited measurement data, transfer across deployment scenarios,

and provide explanations meaningful to engineers. The IINN framework contributes to this

direction in three ways.

First, it reduces the data burden by starting from physically meaningful structure. Second, it

exposes internal components that can be inspected during deployment. Third, it enables adapt-

ation strategies based on known changes in network configuration rather than blind fine-tuning.

The most promising practical deployment model may not be a pure IINN-only system. A

future network could combine a high-accuracy black-box predictor with an IINN-based struc-

turally traceable diagnostic layer, or use IINN to initialize, regularize, calibrate, or audit more

flexible models. This hybrid direction is consistent with the thesis: the goal is not to reject data-

driven learning, but to prevent learning systems from ignoring structure that engineers already

know.
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6.8 Synthesis Summary
The synthesis above positions the technical findings within a broader argument for structure-

aware wireless AI. The evidence from the preceding chapters shows that conventional deep

learning is useful but opaque, that domain-embedded architecture can improve interpretability

and robustness, and that interpretable components can support more principled transfer learning.

The remainder of this final chapter consolidates the thesis answer, contributions, limitations,

scope, and future research directions.

6.9 Overall Conclusion and Future Work
This thesis investigated whether wireless learning systems can move from correlation-driven

modelling toward structure-aware neural design. The motivating problem was not simply that

conventional deep learning models sometimes fail under limited data or distribution shift. The

deeper problem was that their internal computations are usually not aligned with the physical

mechanisms that govern wireless systems. This makes them difficult to audit, difficult to adapt,

and difficult to trust in operational settings where engineers need to understand why a prediction

changes.

The thesis addressed this problem through four technical stages. It first demonstrated the

practical value and limits of conventional deep learning in spectrum awareness for vehicular

communication. It then introduced the IINN construction methodology, evaluated IINN through

propagation-modelling experiments and ablation studies, and finally showed that IINN inter-

pretability can guide transfer learning in a principled way.

6.10 Answer to the Central Research Question
The central research question of the thesis was:

Can wireless learning systems be designed so that they are not only accurate, but
also interpretable, data efficient, robust under deployment shift, and adaptable with
limited target-domain data?
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The answer supported by this thesis is yes, under clearly defined conditions. If the domain

provides an approximate analytical or empirical model, then parts of that knowledge can be em-

bedded into the neural architecture before training. This reduces the burden on data, constrains

the hypothesis space to physically meaningful relationships, and exposes intermediate com-

putations that can be inspected. However, this approach is not universally superior. It is most

appropriate when interpretability, data efficiency, and robustness under shift matter alongside

predictive accuracy.

6.11 Consolidated Thesis Contributions
The thesis makes four consolidated contributions [11], [12], [13], [16].

C1: Deep learning for wireless spectrum awareness and its structural limitation. Chapter

2 developed a lightweight deep learning-based modulation classification and CQI-oriented

spectrum-awareness framework for vehicular communication. This contribution showed

that correlation-driven learning can provide useful wireless decision-making capability,

while also motivating the need for models whose internal computations are physically

traceable [4], [11].

C2: IINN framework for architecture-level domain embedding. Chapter 3 introduced a

methodology for converting domain-informed analytical relationships into neural compu-

tational structure. Instead of selecting neural architecture heuristically, IINN decomposes

physical equations into scalar inputs, trainable parametric operations, fixed mathematical

operators, and physically named model components [8], [9], [12].

C3: Robust and structurally traceable propagation modelling under deployment shift.

Chapter 4 showed that IINN improves robustness under cross-city, joint city–frequency,

and limited-data settings, while remaining competitive under propagation-label shift when

evaluated using absolute OOD RMSE. The chapter also demonstrated structural traceab-

ility through exported propagation terms, learned analytical coefficients, and section-wise

prediction traces [5], [12], [21].

C4: Domain-aware transfer learning enabled by interpretability. Chapter 5 demonstrated

that IINN interpretability can be used operationally. By identifying which layers corres-

pond to variable physical parameters, the model can fine-tune only the components expec-

ted to change between source and target domains, reducing trial-and-error adaptation [13],

[28].
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6.12 Main Technical Findings
The thesis leads to the following technical findings.

6.12.1 Architecture Is a Form of Prior Knowledge
In conventional DNNs, prior knowledge is usually introduced through features, data augment-

ation, regularization, or post-hoc explanation. IINN shows that architecture itself can encode

prior knowledge. When the network topology follows the structure of an analytical model, the

learning problem changes: the model no longer needs to discover all relationships from data,

but instead learns how to calibrate and refine physically meaningful components.

6.12.2 Interpretability and Robustness Can Have a Shared Cause
The thesis shows that interpretability and robustness need not be separate objectives. In IINN,

both arise from the same design choice: structural alignment with domain relationships. The

model is interpretable because its components correspond to physical terms, and it is more

stable under certain deployment shifts because those physical relationships remain meaningful

beyond a single training distribution.

6.12.3 Structural Traceability Requires Inspectable Computation
One of the most important lessons is that interpretability should mean more than exposing input-

feature importance. In IINN, structural traceability means that the computation itself can be in-

spected through named propagation branches, learned analytical coefficients, and section-wise

prediction traces. This makes the model auditable during inference rather than only explainable

after prediction [9], [12], [22].

6.12.4 Interpretability Can Improve Learning Efficiency
Chapter 5 shows that interpretability is not merely a property that helps humans understand

a trained model. It can also improve learning efficiency. When layers have physical meaning,

fine-tuning can be guided by knowledge of which physical parameters change between source

and target domains. This transforms transfer learning from an empirical search problem into a

domain-informed adaptation procedure [13], [28].
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6.13 Limitations
The conclusions of this thesis are bounded by the following limitations.

L1: Simulation-based evaluation. The propagation modelling experiments are primarily based

on simulation or planning-tool generated data. This enables controlled testing but does not

fully resolve performance under live network measurements.

L2: Single primary physical domain. The IINN framework is demonstrated mainly for wire-

less propagation modelling. The broader claim that equation-native architectures can be

used in other domains remains a plausible extension rather than a completed validation.

L3: Dependence on analytical model quality. IINN requires at least an approximate physical

or empirical model. If the starting model is strongly misspecified, the structural prior can

become a constraint rather than an advantage.

L4: Raw accuracy trade-off. IINN is not always the lowest-RMSE model in high-data re-

gimes. Gradient-boosting models and other flexible black-box methods may outperform it

when the only objective is prediction accuracy on representative data.

L5: Limited transfer learning scope. The transfer learning study demonstrates the principle

of domain-aware fine-tuning, but broader evaluation across cities, frequency bands, radio

technologies, and deployment types remains necessary.

L6: Operational validation. The thesis argues that structurally traceable components can sup-

port fault diagnosis, auditing, and engineering decisions, but these operational workflows

are not yet tested with network operators in live decision-making loops.

6.14 Future Research Directions
The thesis opens several concrete research directions.

6.14.1 Real-Measurement Validation
The highest-priority future direction is validation on live-network measurements. A measure-

ment campaign should include multiple sites, clutter classes, antenna configurations, and fre-

quency settings. This would directly test whether the revised IINN retains its robustness when

the label-generating process is decoupled from simulation. It would also quantify the remaining

gap between simulation-trained and measurement-calibrated performance [3], [5], [6].
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6.14.2 Systematic Model-Misspecification Analysis
Future work should intentionally perturb the analytical model used to construct the IINN archi-

tecture. This would reveal how sensitive the framework is to incorrect path-loss coefficients,

missing environmental terms, wrong antenna assumptions, or incomplete clutter modelling.

Such an analysis would make the framework more defensible by identifying when structural

priors help and when they hurt [9], [12], [22].

6.14.3 Cross-Domain IINN Validation
The IINN design principle should be tested beyond urban macrocell propagation. Candidate

domains include indoor propagation, millimetre-wave and sub-terahertz channel modelling,

OFDM channel estimation, localization, mobility prediction, energy systems, biomedical sig-

nals, and structural health monitoring. Each domain would require its own equation decompos-

ition and validation protocol [3], [6], [8].

6.14.4 Automated Equation-to-Architecture Generation
At present, IINN construction requires manual decomposition of analytical equations. Future

work should develop tools that parse symbolic equations and generate neural architecture spe-

cifications automatically. Such tooling would reduce implementation errors, improve reprodu-

cibility, and make the framework easier to apply across domains [9], [52], [53].

6.14.5 Hybrid Traceable and Black-Box Systems
IINN should not be viewed only as a competitor to black-box models. A promising direction is

hybrid modelling: use flexible black-box models for high-accuracy prediction and IINN com-

ponents for physical auditing, calibration, uncertainty detection, or explanation. Another direc-

tion is to use IINN as a structured backbone with a bounded residual branch that captures effects

not represented in the analytical model [12], [24], [58], [59].

6.14.6 IINN for AI-Native RAN Digital Twins
Digital twins require models that are fast, interpretable, and adaptable. IINN is well suited to this

setting because its components can represent network-controllable variables such as antenna tilt,

azimuth, height, frequency, and transmit power. Future work should integrate IINN into radio-

planning digital twins and evaluate whether structurally traceable components improve network

optimization workflows [2], [6], [16].
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6.14.7 IINN-LLM Explanation Interfaces
Large language models (LLMs) can improve how model behaviour is communicated to en-

gineers, but they do not by themselves make a model physically grounded. A useful future

direction is to combine IINN and LLMs: IINN provides physically meaningful intermediate

outputs, while an LLM translates those outputs into operator-facing explanations. This would

combine structural interpretability with accessible communication [7], [12], [60].

6.14.8 Transfer Learning Across Deployment Shifts
The transfer learning framework should be extended to cross-city, cross-frequency, cross-technology,

and cross-propagation-model scenarios. Future work should also quantify parameter counts,

wall-clock fine-tuning cost, and negative-transfer cases, identifying when source and target do-

mains differ so strongly that selective fine-tuning is insufficient [13], [21], [28].

6.15 Chapter Summary
The main conclusion of this thesis is that wireless learning systems do not have to begin as

blank slates. When reliable domain structure exists, it can be embedded into the model archi-

tecture before training. This does not remove the need for data, nor does it guarantee universal

superiority over flexible black-box models. It changes the role of data: instead of forcing data to

discover every relationship from scratch, data refine a model that already contains a physically

meaningful scaffold [8], [9], [12].

The thesis therefore contributes more than a particular neural architecture. It contributes an

engineering principle: in physics-governed domains, model design should ask what the system

already knows before learning begins. IINN is one implementation of that principle. Its results

show that architecture-level domain embedding can improve interpretability, data efficiency,

robustness under shift, and transfer learning. Its limitations show that this principle must be ap-

plied carefully, tested against independent measurements, and extended beyond a single domain

[5], [12], [13], [22].

Within these boundaries, the thesis supports a clear position: for wireless systems moving to-

ward AI-native operation, trustworthy learning will require more than larger datasets and larger

models. It will require models whose structure reflects the systems they are intended to control

[2], [7], [12].
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Appendix A

Supplementary Material

A.1 Chapter 2 Supplementary Dissemination Material
The poster shown in Fig. A.1 is retained as supplementary evidence of dissemination for the

spectrum-awareness work in Chapter 2. It is moved to the appendix so that the main chapter

remains focused on the technical methodology and evaluation.
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• This paper proposes a deep learning-based

modulation classification technique to optimise the

modulation order according to different channel

parameter settings, including, speed, variance, and

signal-to-noise ratio in urban and rural areas for a

3D stochastic vehicular channel.

• We introduce a channel quality indicator block in

which the classifier’s accuracy of detection is used

as a forward indicator for the choice of the best

modulation type for transmission.

Abstract

Contributions

• For effective observation of unoccupied channels,

we apply the spectrum aggregation-based ultra-

wideband spectrum monitoring method.

• By using deep learning, this work develops a

lightweight feature-based modulation classification

approach that can detect modulation order with

high probability of detection for an acceptable Pe.

• Based on a 3-dimension (3D) stochastic vehicular

channel, the proposed approach was evaluated at

various vehicle speeds, signal-to-noise ratios

(SNRs), and channel variations in urban and rural

areas

Basit A. Zaidi, Mahmoud A. Shawky, Ahmad Taha, Qammer H. Abbasi, Muhammad Ali Imran, and Shuja Ansari

James Watt School of Engineering, University of Glasgow, Glasgow, G12 8QQ, United Kingdom

The proposed Scheme

• In this paper, the classification accuracy is used as

a forward channel quality indicator (CQI) engine to

optimise the modulation order, as shown in Fig.

1(a).

An Efficient Deep Learning-based Spectrum

Awareness Approach for Vehicular Communication

• Table I lists channel parameter settings.

• We evaluated the classifier’s performance at

different SNRs, vehicle speeds, and channel

variations in urban and rural areas.

The proposed Scheme Cont’d Simulation Results Cont’d

Simulation Results

Conclusions

• This paper introduces an efficient deep learning-

based modulation optimisation order that saves

significant communication overhead compared to

channel probing-based approaches.

• By designing a CQI engine block, we optimise the

modulation order for V2V channel.

• The evaluation process discussed the effects of the

channel variations, vehicle speeds, and SNR values

on the classifier’s detection probability in urban

and rural areas.

• Based on the experimental results, the proposed

classifier has sufficient detection probability for an

acceptable false detection ≤ 20%.

• In future work, we will explore the possibility of

testing the classifier on a realistic vehicular

wireless channel at varying terminal speeds.

Fig. 1(b) CQI optimization engine.

• Fig. 4 shows the received spectrum, highlighting

the USRP X310 transmitter channel at 5.9 GHz.

• We acquired 150 training images with dimensions

273 × 328 pixels for each constellation type.

Training samples for different constellations are

presented in Fig.3 .

Fig. 1(a) Block diagram of the modulation classification.

Table I: Channel parameter settings

• Fig.2 depicts an OFDM communication system at

fc = 5.9 GHz for the DSRC, with 256 subcarriers,

64 cyclic-prefix, and 125 subcarriers holding the

transmitted data.

• High detection accuracy refers to better channel

quality, thereby using the same or higher classified

modulation order at the transmission and vice

versa, as shown in Fig. 1(b).

Fig. 2 Implementation block diagram.

Fig. 4 Training samples of different constellations

Fig. 5 The proposed deep learning model architecture

Fig. 3 Training samples of different constellations

• Fig. 5 presents the flowchart of the proposed

image-based deep learning model.
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