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Abstract

Radio channel modelling is a crucial technique for the development of sixth generation (6G)
and beyond 6G (B6G) networks. With the increase in environmental complexity and technical
diversity, channel modelling techniques are eventually required to cover environmental
information as a digital twin channel (DTC) for complete simulation information, acceptable
prediction accuracy, and low modelling complexity. However, current mainstream channel
models, the geometry-based stochastic channel models (GSCMs), are rooted in statistical
distributions without physical surrounding information, and so they cannot be further evolved
into an alternative option for future channel models.

Under these circumstances, in this thesis, we propose a potential method for enhancing
current GSCMs with environmental considerations for the future development of channel
modelling. We develop the adaptive multiple path loss exponent (AMPLE) framework
and its large-scale parameter (LSP) extension (AMPLE-LSP), incorporating environmental
information directly into statistical modelling. This framework bridges the gap between
deterministic ray-based models and conventional statistical models, achieving significantly
improved prediction accuracy while preserving LSP simulation efficiency. Extensively
validated via measurements and ray-based simulations, these models consistently outperform
widely used models such as those defined by the Third Generation Partnership Project
(3GPP) and the Fifth Generation Channel Model Special Interest Group (SGCMSIG), at a
comparable computational cost. These results provide a practical and scalable solution for

realistic vehicular and wireless network studies, opening a new direction for future GSCMs.
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Chapter 1

Introduction

1.1 Background and Motivation

Channel modelling in the 6G and B6G systems must address significantly more complex
propagation scenarios across a wider range of frequencies [1-3]. As a key component of the
modelling process, the prediction of LSPs—including path loss, shadow fading, the Ricean
K-factor, root mean square (RMS) delay spread (DS), and angular spread (AS)-plays a
crucial role in the statistical channel models. These parameters characterise various aspects
of the wireless channel, such as channel gain, temporal dispersion, and spatial information,
under diverse propagation scenarios. Moreover, in statistical channel models, LSPs serve as
essential constraints in the overall channel modelling process, influencing the prediction of
small-scale parameters (SSPs) and the construction of the channel matrix [4—14]. In other
words, to further enhance the statistical channel models based on current efforts, neglecting
LSPs and focusing solely on refining the characterisation of SSPs yields limited improvement
and requires considerable effort [15-20].

For the characterisation of LSPs and wireless channels, one of the key modelling ap-
proaches is the deterministic channel model. These models are either based on the full-wave
solutions, such as the finite-difference time domain (FDTD) [21-23], the finite element
method (FEM) [24, 25], the method of moments (MOM) [26, 27], and the finite integration

technique (FIT) [28]; or the ray-based methods, such as the ray-tracing and ray-launching
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methods [29-31]. Since full-wave solutions are significantly more complex and are primarily
used for modelling electromagnetic problems [32-35], deterministic models for LSP pre-
diction typically refer to ray-based models. Based on ray-optics [29-31], these ray-based
models predict LSPs by incorporating detailed environmental information and simulating
the full propagation process. By applying Maxwell’s equations with appropriate bound-
ary conditions [36], they simulate the entire propagation channel, with LSPs obtained as
part of the modelling outcome. Further, channel models like the Institute of Electrical and
Electronics Engineers (IEEE) 802.11ay channel model [37, 38] and the Millimetre-Wave
Evolution for Backhaul and Access (MiWEBA) channel model [39] combine ray-based
approach with statistical parameters to predict LSPs and channels. However, to maintain
high accuracy, deterministic models require complete environmental information and involve
large computational complexity. In more complex environments envisioned for 6G and B6G
systems [1-3], ray-based models require more detailed and precise environment information,
and the intricate nature of such environments also results in higher computational costs,

making it challenging to deploy such models in practical scenarios [40].

In contrast, for simplicity, LSPs can also be modelled under specific propagation sce-
narios using measurements, and then regressed simply into statistical LSP models based on
log-distance. These models cover parameters such as path loss [41, 42], the Ricean K-factor
[43, 44], DS [45] and AS [46]. Despite its simplicity, this model type lacks generality
and cannot be applied across diverse scenarios and frequency bands, let alone to the more
complex and various environments in 6G & B6G. To generally model LSPs under different
scenarios with low computational complexity, GSCMs predict LSPs through statistics and
distributions. These GSCMs include the Wireless World Initiative New Radio Phase IT (WIN-
NER II) channel model [4], the 3GPP channel model [5, 6], the Quasi Deterministic Radio
Channel Generator (QuaDRiGa) [7, 8], the SGCMSIG channel model [9], the Millimetre-
Wave Based Mobile Radio Access Network for Fifth Generation Integrated Communications
(mmMAGIC) channel model [10], the Mobile and Wireless Communications Enablers for
Twenty-twenty (2020) Information Society (METIS) channel model [11], the International
Mobile Telecommunications-2020 (IMT-2020) channel model [12], the European Coop-
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eration in Science and Technology (COST) 2100 channel model [13], and the New York
University Channel Model Simulator (NYUSIM) [14]. For path loss, those models include
the alpha-beta-gamma (ABG) model, the close-in (CI) free space reference distance model,
and the CI model with a frequency-dependent path loss exponent (PLE) (CIF) [9, 47]. For
other LSPs (Ricean K-factor, DS, and AS), based on measurements and reliable ray tracing
simulations under different propagation scenarios, these LSPs are characterised via normal
distribution in decibels, with different means and standard deviations. However, these LSP
prediction methods are limited to scenarios with simple environments. Without redesigning
the model structures, these models are limited by their lack of environmental considerations,

which gradually leads to large prediction errors as environmental complexity increases.

1.2 Contribution

This thesis proposes a new method for empirically predicting path loss and other channel
LSPs while considering environmental factors. Specifically, the aims of this research include:
1) developing a framework for empirical path loss modelling considering environmental
factors; 2) refining the proposed path loss model for general and practical usage; and 3)
expanding the proposed path loss model to other LSPs to achieve unified LSP prediction
with a single consistent formulation. In this section, we first present the contribution of each

chapter, followed by an outline of the publications derived from the research.

1.2.1 Contribution of the Thesis

In this section, we give a quick view of the contribution within this thesis. Detailed presen-
tations can be found in the corresponding chapters. Overall, the main contribution of this

thesis is summarised as follows:

Chapter 3

* We propose AMPLE-a novel multiple PLE radio propagation model that can adapt

to different environmental factors. To the best of our knowledge, this is the first time
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that a practical multi-slope model precisely maps PLEs and region types. Besides, this
model can be integrated into map systems by creating a new path loss attribute for

digital maps.

* We validate the AMPLE model from both measurements and ray-based simulations.
Then, we give the process of extracting the AMPLE model based on the datasets we
collect. We also compare the AMPLE model with the current path loss models in the
3GPP channel model and the SGCMSIG channel model.

Chapter 4

* Based on our previous works in Chapter 3 [15-17], we enhance the AMPLE model by
introducing an additional frequency coefficient to support path loss prediction across

different carrier frequencies.

* We use Ranplan Professional, a measurement-validated ray-based simulator, to simulate
and collect path loss data for the fifth generation new radio (SGNR) 0.85 GHz, 2.1 GHz,
and 5 GHz under the urban macrocell (UMa) and urban microcell (UMi) scenarios.
Four cities are selected as propagation environments to set up the simulations, and the
basic information including environments and propagation is based on the definitions

of the typical UMa and UM scenarios [5, 9, 47].

* We conduct a simple validation for the ray-based simulations, specifically under the
field of path loss model characterisation. That is, we extract the CI model parame-
ters from the simulations including UMa line-of-sight (LOS), UMa non-line-of-sight
(NLOS), and UMi NLOS environments. Then, we compare the simulation-based
parameters with those extracted from measurements reported by the research group of
Theodore S. Rappaport in [47]. The comparison results show close alignment between

the simulation-based and measurement-based CI model parameters.

* We characterise and validate the AMPLE model using Ranplan simulation data across

the 0.85-5 GHz range for the UMa LOS, UMa NLOS, UMi LOS, and UMi NLOS
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environments. The whole characterisation and validation process is given, which can
be considered as the standard characterisation process of the AMPLE model for future

research.

* We compare the AMPLE model with the current path loss models in the 3GPP channel
model [5] and the SGCMSIG channel model [9] under the UMa/UMIi scenarios with
LOS/NLOS environments. Beyond general metrics such as the root mean square error
(RMSE) and the mean absolute error (MAE), we propose the prediction-measurement
distribution error (PMDE) to show overall alignment between predictions and mea-
surements, and the mean simulation time per point to show model complexity. The
overall results show that the AMPLE model outperforms the current empirical models

by considering environments while maintaining similar model complexity.

* Based on the results of the AMPLE model in this chapter, we found that the map-based
path loss and radio channel models should also account for scenario types (i.e., by
modelling under scenario types such as UMa, UMi, and rural macrocell (RMa), rather
than treating them identically). This conclusion is expected to significantly influence

the future development of both map-based and artificial intelligence (Al)-based models.

Chapter 5

* We review the theoretical basis of the proposed model for different LSPs, that is,
the distance-based log-normal modelling methods especially for the Ricean K-factor,
DS, and AS [43-46]. To the best of our knowledge, although these methods were
introduced in previous studies, they remain largely unfamiliar to researchers in this
field. Even without the work of this chapter, the distance-based LSP model structure

can be considered a future direction for current GSCMs.

* An LSP prediction framework considering environmental factors is proposed based on
the AMPLE radio propagation model that we proposed in the previous works [15-18],
and is referred to as the AMPLE-LSP model [19]. This model prototype provides a

potential path for the future development of GSCMs in radio communications.
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* We use Ranplan Professional [108], a commercial ray-tracing simulator, to generate
channel multipath simulations in both outdoor UMa and indoor hotspot (InH) scenarios

and validate the proposed AMPLE-LSP model.

* We comprehensively compare the proposed AMPLE-LSP model with the current 3GPP
and SGCMSIG models in both outdoor and indoor scenarios. The results show that the
AMPLE-LSP model outperforms these two models while maintaining similar model

complexity.

1.2.2 Papers Included in the Thesis

* Paper I: AMPLE: An Adaptive Multiple Path Loss Exponent Radio Propagation
Model Considering Environmental Factors. Lingyou Zhou, Jie Zhang, Jiliang
Zhang, Oktay Cetinkaya, and Stephen A. Jubb. This paper has been published in
IEEE Transcations on Vehicular Technology, Volume: 74, Issue: 2, Pages: 3395-3400,
February 2025.

* Paper II: An Environment-Adaptive Radio Propagation Path Loss Model With
Ray-Based Validation. Lingyou Zhou, Jie Zhang, Jiliang Zhang, and Kehai Qiu. This
paper has been published in IEEE Antennas and Wireless Propagation Letters, Volume:
23, Issue: 10, Pages: 3217-3221, October 2024.

* Paper III: Ray-Based Characterization of the AMPLE Model From 0.85 to 5
GHz. Lingyou Zhou, Xin Dong, Kehai Qiu, Gang Yu, Jie Zhang, and Jiliang Zhang.
This paper has been published in IEEE Transactions on Antennas and Propagation,

Volume: 73, Issue: 10, Pages: 8174-8188, October 2025.

* Paper IV: A Site-Specific Channel Large-Scale Parameter Model with Ray-Based
Validation. Lingyou Zhou, Jie Zhang, Jiliang Zhang, Kan Lin, Weijie Qi, and Jiming
Chen. This paper has been published in IEEE Transcations on Vehicular Technology
with early access, December 2025, DOI: 10.1109/TVT.2025.3640770.
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It should be noted that, Chapter 3 contains the works of Paper I and Paper II, of which
we combine two papers together with revisions, Chapter 4 contains the revised work of Paper

I1I, and Chapter 5 contains the revised work of Paper IV.

1.3 Organisation

The remainder of this thesis is organised as follows. Chapter 2 provides a brief review
of existing channel modelling approaches, including deterministic and stochastic models,
followed by an overview of LSP modelling based on statistical methods. Chapter 3 introduces
the proposed AMPLE radio propagation model considering environmental factors, along with
the model validations by both measurements and ray-based simulations. Chapter 4 further
enhances the AMPLE model with a frequency coefficient to handle the path loss predictions
under multiple carrier frequencies, along with the ray-based model characterisation from 0.85
to 5 GHz in the UMa and UMIi scenarios. Chapter 5 expands the modelling to other LSPs
and present the AMPLE-LSP model with ray-based validations, of which the AMPLE-LSP
model covers LSPs including path loss, the Ricean K-factor, DS, and AS. Finally, Chapter 6

draws the conclusion and presents future work of the research.






Chapter 2

Literature Review

In this chapter, we first briefly review the current channel models for radio communications,
including deterministic channel models such as ray-based models [29, 30, 48] and full wave
solutions [34], and the statistical channel models based on probabilities and distributions
[3, 10, 49, 50]. Then, since the main focus of this thesis is on LSPs within the statistical
channel models, we also introduce the current methods on modelling path loss [41, 47, 51],

and other LSPs including the Ricean K-factor, DS, and AS [10, 43-46].

2.1 Deterministic Channel Models

In this section, we review the deterministic channel models based on electromagnetic theory
and Maxwell’s equations [36]. The current deterministic models can be classified as the

ray-based models (in Section 2.1.1) and the full wave solutions (in Section 2.1.2).

2.1.1 Ray-Based Methods

To accelerate the modelling speed, ray-based models are proposed which simplify the
electromagnetic waves to rays [29]. Within the ray-based models, the complete information
of propagation environment is required to build up the modelling process. A typical process
of ray-based models, in essence, involves asymptotically tracing the propagation of rays

from the source to the field point. During propagation, rays may interact with surrounding
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environments, leading to different types of rays that are classified according to various
electromagnetic mechanisms and modelled using distinct methods. The modelling of the
complete multipath propagation via rays aims to generate the channel impulse response (CIR)
and channel matrix, in order to capture key channel characteristics, including channel gain,
temporal, and spatial information [48].

Since the main topic of this thesis is not about ray-based models, we here only cover
the basic information, including types of rays and basic ray-tracing algorithms. Detailed

introduction and review of ray-based methods can be found in [29], [30], and [48].

Types of Rays

The basic ray types within a ray-based model can be classified as direct rays, transmitted
rays, reflected rays, diffracted rays, and scattered rays [29, 30]. These ray types are related to
the real propagation mechanisms of LOS propagation, transmission, reflection, diffraction,
and scattering, respectively [29].

Direct rays. The direct rays are those that have direct propagation from the transmit-
ter (Tx) to the receiver (Rx) without obstructions [29, 30]. These rays are modelled and
calculated using the Friis equation [52].

Transmitted and reflected rays. The transmitted (reflected) rays are defined as rays
encounter one or multiple transmission(s) (reflection(s)) at interfaces between different
mediums before reaching the field point [29, 30]. The propagation direction is calculated
based on the Snell’s Law [36], and the magnitude of the transmitted (reflected) field is
calculated by Fresnel equation for different polarisations [53].

Diffracted rays. Diffracted rays are typically caused by diffraction from mountain
peaks and ridges, or generally from the “knife-like” edges of objects [54-56]. Instead of
the direct, transmitted, and reflected rays, the diffracted rays are more complicated, since
one incident ray can spawn many diffracted rays under the diffraction [29]. Initially the
diffraction is modelled by geometrical theory of diffraction (GTD) [57], and currently most
ray-based methods use uniform theory of diffraction (UTD) to model the diffraction during

the propagation [58-62].
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Scattering. The scattered rays are caused by rough surfaces of objects that the rays
impinge on, resulting in the reflected energy being diffused in all directions [41]. Scattering
may arise from various objects, including trees [63—66], building facades [67—70], lampposts

[71, 72], and vehicles [71-73].

Basic Ray Tracing Algorithms

We here review the basic algorithms for ray tracing methods, including the Fermat’s principle
of least time [74], the image method [29], and the shooting and bouncing ray (SBR) method
[29, 75]. Detailed explanation can be found in [29].

Fermat’s principle of least time. This algorithm is one of the fundamental components
of ray-based models, defining the path of a ray travelling from the source to the field point
[74]. It states that a ray will follow the propagation path that takes the least time to travel
from one point to another [29]. This principle forms the theoretical basis for deriving the

laws of transmission, reflection, and diffraction.
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Fig. 2.1 Example of the image method [29]. Rx’ is the image of Rx with respect to the
reflection surface P.
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Image method. To determine the exact path for reflected rays, the image method is
proposed [29, 30]. An example of the image method is shown in Fig 2.1 [29]. After the
locations of Tx and Rx are given, we can: First, define the image of Rx, Rx’, with respect of
the planar reflection surface P; second, connect Tx and Rx’ and find the intersect point Q on

the surface P; and finally, define the route of reflection as Tx-Q-Rx.

Shooting and bouncing ray (SBR) method. The SBR method was initially proposed to
compute the radar cross section of cavities [29, 75]. The key idea of the SBR method is to
trace the rays launched from the Tx and determine whether they reach the Rx. The typical
steps of the SBR method includes ray launching, ray tracing, and ray reception [29]. Briefly,
ray launching from an isotropic source requires a uniform distribution of launching method,
where each emitted ray carries approximately equal power [76]. The ray tracing step involves
the aforementioned ray types, which are generated within the propagation environment. In
the ray reception step, the algorithm determines whether a ray covers the field point, thereby

confirming its arrival.

2.1.2 Full Wave Solutions

Another class of deterministic models is the full wave solutions. These methods involve
more detailed simulations of channels based on Maxwell’s equations and are significantly
more computationally intensive than ray-based methods. Typical full wave solutions include
the FDTD [21-23], the FEM [24, 25], the MoM [26, 27], and the FIT [28]. Due to their
extremely high computational complexity, these methods have used far less frequently
than ray-based models. For wireless channel modelling, these methods are only used
for simple indoor scenarios [77]. Instead, they are widely used for modelling antenna
patterns [32], electromagnetic body effects [33], electromagnetic object structures [34], and

electromagnetic scattering problems [35], which fall outside the scope of this thesis.
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2.2 Stochastic Channel Models

In this section, we review another type of channel modelling method, which is based on
statistics and named as stochastic channel model. The current stochastic channel models can
be classified as measurement/simulation-based stochastic channel models (in Section 2.2.1),

and theory-based stochastic channel models (in Section 2.2.2).

2.2.1 Geometry-Based Stochastic Channel Models

For the mainstream stochastic models, GSCMs are developed based on measurements and/or
simulations, using statistical distributions across different scenario types. Here, we briefly
review the most popular GSCM channel models, including the WINNER II channel model
[4], the 3GPP channel model [5], the QuaDRiGa channel model [7, 8], the SGCMSIG
channel model [9], the mmMAGIC channel model [10], the METIS channel model [11], the
IMT-2020 channel model [12], the COST 2100 channel model [13], the MiWEBA channel
model [39], and the NYUSIM [14]. A family history of the GSCMs are shown in Fig. 2.2
[10].

IEEE 802.11ad > MiWEBA
COST 273 > COST 2100
— QuaDRiGa — mmMAGIC
NYUSIM
WINNER-I —> WINNER-II WINNER+ —— METIS
IMT-2020
3GPP-5CM SCM-E IMT-Adv. L 3GPP-3D 5GCMSIG

Fig. 2.2 Family history of the current GSCMs [10].

WINNER II channel model. Based on the initial 3GPP spatial channel model (3GPP-
SCM) [6] and WINNER 1 [78] channel models, the WINNER II channel model [4] was
proposed and considered the foundation of current stochastic channel models. It defines a
standard process for constructing a two-dimensional (2D) GSCM, including environment
and propagation setup, measurement-based LSP generations, cluster-based SSP generations,

and the construction of CIRs and channel matrices [4]. The overall channel parameters
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are calculated based on different distributions, which are observed from measurements.
For different scenarios, the same modelling approach is used, but with scenario-specific
parameters. These parameters are summarised in tables and organised according to the

scenario types covered by the model [4].

3GPP channel model. The 3GPP channel model reported in TR 38.901 [5] extends the
WINNER II model [4] to a three-dimensional (3D) version, supporting a wide frequency
range (from 0.5-100 GHz) and a large bandwidth (up to 10% of carrier frequency) [3].
For the 3D channel model, the 3GPP channel model establishes the generation of zenith
angular spread of arrival (ZSA) and zenith angular spread of departure (ZSD) during the LSP
generation step, and subsequently generates zenith angle of arrival (ZOA) and zenith angle
of departure (ZOD) during the cluster-based SSP generation. Beyond that, it defines the
standard scenario types—UMa, UMi, RMa, and InH-each with LOS and NLOS environments.
The corresponding parameters for these scenario types are based on, or closely aligned with,

those used in the WINNER II channel model [5, 10].

QuaDRiGa channel model. The QuaDRiGa model, an open-source 3GPP-3D-like
channel model, was developed by the Fraunhofer Heinrich Hertz Institute [7, 8]. It fur-
ther enhances spatial consistency for moving user equipments (UEs) in massive multiple
input multiple output (MIMO) and multi-cell transmissions by introducing 2D LSP corre-
lation maps and supporting time evolution [79] via mechanisms such as UE trajectories,

segmentation and transitions [4], and channel drifting [80].

SGCMSIG channel model. The 5SGCMSIG model further extends the 3GPP-3D channel
model using extensive measurements and ray-tracing simulations for frequencies from 6
to 100 GHz [3, 9, 10]. Its channel modelling strategy is closely aligned with those of the
WINNER 1I [4], 3GPP-3D [5], and mmMAGIC [10] channel models. Moreover, for LSP
generations, it offers multiple path loss models including the CI, CIF, and ABG models, along
with additional measurement-and/or-simulation-based values of LSPs (i.e., the Ricean K-
factor, DS, and AS) under different scenario types. Besides, it extends the standard scenarios
defined by the 3GPP-3D channel model [5], such as UMi street canyon, InH shopping mall,

and stadium [3, 9].
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mmMAGIC channel model. Taking the QuaDRiGa channel model [7, 8] as a basis, the
mmMAGIC channel model [10] is another extension of the 3GPP-3D channel model [5].
The mmMAGIC project added more measurement campaigns, including 6, 10, 14, 28, 41,
60, 82, and 100 GHz, to further support the mmMAGIC channel model that is built upon the
QuaDRiGa channel model structure [10]. It also supports mmWave channel modelling via
new modelling approaches, including frequency-dependent LSPs, more realistic cluster-based

SSP generations, and so on [3, 10].

METIS channel model. The METIS model includes a stochastic channel model based on
the 3GPP-3D model, a map-based channel model constructed using ray-tracing simulations
with simplified propagation environments, and a hybrid model that combines both approaches
[11]. For the stochastic channel model, the METIS framework supports frequency ranges
up to 70 GHz and is capable of modelling device-to-device (D2D)/vehicle-to-vehicle (V2V)

scenarios with time evolution [3, 11].

IMT-2020 channel model. The IMT-2020 channel model [12] is another extension of
the 3GPP-3D channel model, featuring a wide frequency range of up to 100 GHz, large band-
width, spatial consistency, blockage modelling, and so on [3]. It also proposes two extension
modules as alternatives for generating channel parameters: the time-spatial propagation
(TSP) model for frequency below 6 GHz, and the map-based hybrid model for frequency
above 6 GHz [3, 11, 12].

COST 2100 channel model. Stemming from the COST 273 model [81], the COST 2100
channel model [13] runs in parallel to the framework of the 3GPP-3D channel models. It
introduces the concept of visibility regions (VRs), which impact the activation and deacti-
vation of clusters along the trajectory of a moving UE and their contributions to the overall
channel simulations [3], to model radio channels under different scenarios. Compared to
the 3GPP-like channel models, the concept of clusters is more detailed in the COST 2100
channel model [3, 13].

MiWEBA channel model. Unlike the fully stochastic modelling approach used in the
3GPP-3D channel model [5], the MiWEBA channel model characterises channels via the

quasi-deterministic (Q-D) method [37-39]. It models the channel multipath components as
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D-rays and R-rays [3], using different modelling approaches for each. D-rays, which account
for the major portion of the received power (e.g., dominant components such as the LOS path
and single- or double-bounce reflections), are modelled deterministically using ray-based
methods and environmental information. R-rays, representing weaker components (e.g.,
NLOS paths and signals transmitted/reflected/diffracted/scattered from multiple obstacles),
are modelled using random clusters characterised by statistical parameters, which are similar

to the stochastic modelling approaches [3, 10].

NYUSIM. NYUSIM is developed by the group of Prof Theodore S. Rappaport in New
York University, USA [14]. It was created based on the measurements from 28 GHz to 140
GHz to cover channel modelling at mmWave and sub-THz. The NYUSIM supports channel
modelling with a frequency range of 0.5-150 GHz for all 3GPP-listed scenarios, such as
UMa, UMi, RMa, InH and indoor factory (InF) scenarios. Also, compared to the 3GPP
channel model, the NYUSIM provides a more comprehensive and accurate realization of the

radio channel [14].

2.2.2 Theory-Based Stochastic Channel Models

Instead of relying on measurement-based parameters [4—13], another type of stochastic
channel model uses mathematical equations to theoretically model the CIRs [30, 49, 50, 82].
It should be noted that some works refer to them as geometry-based stochastic models
(GBSMs) [30, 49, 50], while others conflate the concept of GBSMs with GSCMs [3, 82]. At
the current stage, we prefer to classify them into two sub-types of stochastic channel models:
GSCMs that stem from measurements and/or simulations (reviewed in Section 2.2.1), and
GBSMs that are based on theoretical reasoning and hypotheses [49]. The GBSMs can be
further classified into regular-shaped GBSMs [83, 84], and irregular-shaped GBSMs [85, 86].
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2.3 Modelling of Radio Channel Large-Scale Parameters

Based on Statistics

Since the main topic of this thesis is on statistical channel LSP models, in this section, we
review the statistical path loss models (i.e., empirical path loss models) [51], and other LSP

models including the Ricean K-factor, DS, and AS [10].

2.3.1 Modelling of Path Loss

For fast path loss predictions in the stochastic channel models, empirical path loss models are
raised based on observations and measurements, of which typical empirical models use one
formula to characterise certain types of propagation scenarios. Even though the accuracy is
sacrificed, these models have been widely used in both research and industrial communities
owing to their minimum complexity. Here, we briefly review the most popular path loss
models for practical use. In the early stage of empirical path loss modelling, common
models include the log-distance path loss model [40, 41], the Okumura-Hata model family
[41, 87-93], and the Erceg-Greenstein empirical model family [42, 94, 95]. While currently,
models that are widely used in stochastic channel modelling include the CI, CIF, and ABG
models [5, 9, 47, 96].

Early Stage of Empirical Path Loss Modelling

Log-distance path loss model. The log-distance path loss model is based on the definitions
and properties of path loss, that is, a function of the transmitter-receiver (T-R) separation
distance with log-normal distribution [40, 41]. This model simply characterises path loss
using measurement-based parameters in decibels, including an intercept at the CI reference
distance, a PLE of log-distance for a certain type of area, and a shadow fading term (i.e., a
zero-mean normally distributed random variable having a dB scale). Note that the shadow
fading term describes the random shadowing effects caused by propagation environments,

leading to variations in path loss across links with identical T-R separation distances [41].
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Okumura-Hata model. Initially, the Okumura-Hata model was one of the most widely
used empirical models for signal strength prediction [41, 87, 88]. It predicts the path loss
at urban area and is valid from 150 MHz to 1500 MHz. The Tx antenna height ranges
from 30 m to 200 m, and the Rx antenna height ranges from 1 m to 10 m. This model
characterises the path loss by a standard formula along with supplied correction equations
for application to other environment types (e.g., suburban area). Building upon the Okumura-
Hata model, several extensions and corrections have been proposed [51], including the
COST-231 model [89], the Hata-Davidson model [90], the ECC-33 model [91], and the
rural Hata model [92, 93]. The COST-231 model [41, 89], established by the European
COST, extends the Okumura-Hata model with a larger frequency coverage of up to 2 GHz;
the Hata-Davidson model [90], proposed by the Telecommunications Industry Association
(TTA), introduces corrections to the Okumura-Hata model, especially for high Tx antenna
heights up to 2.5 km and long-distance links of up to 300 km [51]; the ECC-33 model [91],
developed by Electronic Communication Committee (ECC)-European Conference of Postal
and Telecommunications Administrations (CEPT), extends the frequency coverage up to
3.5 GHz; and the rural Hata model [92, 93], defined in the International Telecommunication
Union-Radiocommunication Sector (ITU-R) 529 [93], corrects the Okumura-Hata model to

address path loss overestimations in rural environments.

Erceg-Greenstein empirical model. The Erceg-Greenstein empirical model was pre-
sented by the American Telephone and Telegraph Company (AT&T) Wireless and V. Erceg
etal. [42]. It specifically characterise the suburban areas at 1.9 GHz using T-R distance
and base antenna heights. Further, it defines three different terrain categories within the
suburban scenario, which are: Category A that is hilly terrain with moderate-to-heavy tree
densities, which results in maximum path loss; Category B that is either flat terrain with
moderate-to-heavey tree densities or hilly terrain with light tree densities, which results in
median path loss; and Category C that is flat terrain with light tree densities, which results
in minimum path loss [42]. Following the strategies of terrain categories defined in the

Erceg-Greenstein empirical model, the Stanford University interim model (SUI) [94, 95] is
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then developed by both the IEEE 802.16 group and Stanford University, which covers carrier
frequencies from 2.5 GHz to 2.7 GHz.

In summary, the aforementioned models are among the earliest empirical path loss models
with practical applications. Other early path loss models such as the flat-edge model [97]
and the partition model [98, 99] are not included in this subsection, since they are designed
for more specific scenarios compared to the three discussed above. More information on
early-stage path loss modelling can be found in [51]. Among these earliest empirical path loss
models, their limited datasets and specific model structures restrict the broader integration

into full channel models, confining their use primarily to path loss prediction.

Current Empirical Path Loss Models

Even though the early path loss models established a basic vision of path loss modelling, they
are either limited in frequencies or tailored to specified scenarios, making them unsuitable
for integration into stochastic channel models. Over the past two decades, the CI, CIF, and
ABG models have been proposed to support path loss predictions within stochastic channel
models [4-13]. Basically, following the radiation-like log-distance model structure, these
three models characterise path loss using an additional frequency-dependent coefficient
(for large frequency coverage) and apply to different scenario types (for wide and general
deployment). These models cover frequencies from 0.5 GHz to 100 GHz, and the commonly
used scenario types include UMa, UMi, RMa, and InH [5, 6, 9]. Also, a composite sensitivity
and accuracy analysis of these three models has been investigated by the research group led

by Prof Theodore S. Rappaport in [47].

2.3.2 Modelling of Other Large-Scale Parameters

Beyond path loss, stochastic channel models also cover other LSPs in order to construct the
final channel matrix, including the Ricean K-factor, DS, and AS [4-13]. Within stochastic
channel models, these LSPs are modelled similarly to path loss, but in a more approximate
manner. These LSPs follow log-normal distributions and are modelled using measurement-

based random variables, with linearly regressed means and standard deviations defined
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for different scenario types. In other words, instead of a radiation-based structure varying
with log-distance, the entire scenario of interest is described using mean LSP values with
associated variations.

Besides, some researchers have proposed and validated log-distance model for these
LSPs (i.e., the Ricean K-factor [43, 44], DS [45], and AS[46]). However, these studies are
not widely known within the current research community, and their usage remains limited,

having not yet been integrated into mainstream stochastic channel models.



Chapter 3

AMPLE: An Adaptive Multiple Path Loss
Exponent Radio Propagation Model

Considering Environmental Factors

3.1 Introduction

1230ver the past decade, research on statistical models has primarily focused on the practical
applications of the CI, CIF, and ABG models, with various works including more deployment
scenarios, sensitivity analysis, and so on. Still, the limitation of these models, as we discussed
in Chapter 1, have constrained further development in this field. Against this background, the
AMPLE model is designed to enhance prediction accuracy under the structure of statistical
models while maintaining low complexity. In other words, within the statistical model
framework, we aim to strike a balance between providing practical model usages with a

minimum of computational complexity and including as much detail as possible [42].

IThe content of this chapter is based on the revised versions of our two publications [16, 17].

2© 2025 IEEE. Reprinted, with permission, from L. Zhou, J. Zhang, J. Zhang, O. Cetinkaya, and S. A.
Jubb, “AMPLE: An adaptive multiple path loss exponent radio propagation model considering environmental
factors,” IEEE Trans. Veh. Technol., vol. 74, no. 2, pp. 3395-3400, Feb. 2025.

3© 2024 IEEE. Reprinted, with permission, from L. Zhou, J. Zhang, J. Zhang, and K. Qiu, “An environment-
adaptive radio propagation path loss model with ray-based validation,” IEEE Antennas Wireless Propag. Lett.,
vol. 23, no. 10, pp. 3217-3221, Oct. 2024.
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In this chapter, we present the AMPLE model, which is a fast radio propagation model
considering environmental factors [15-17]. The environment data is first extracted by
classifying raster maps into multiple region types, and each region type is labelled with a PLE
that can be further determined via measurement and/or simulation. For path loss, a straight
line between the Tx and Rx is generated, which records all the intersected regions and the
weighted region path loss. The total path loss is computed in decibels by accumulating the
weighted path loss of all the intersected regions within the straight line. We also validate
the AMPLE model via both measurements and ray-based simulations, and we compare the
AMPLE model with the 3GPP path loss model [5] and the ABG model in the SGCMSIG
channel model [9]. The results show that the AMPLE model outperforms these models while
having similar model complexity. To the best of our knowledge, this is the first time that the
PLEs precisely correspond to different region types in a practical multi-slope model. The
current AMPLE model is a prototype which only considers path loss prediction and static
environment. Also, this simple-but-accurate model can be integrated into map systems by

creating a new path loss attribute for digital maps.

The rest of this chapter is organised as follows. In Section 3.2, we introduce the AMPLE
model with details. Section 3.3 provides the validation process of the AMPLE model based
on measurements that are collected in Sheffield and Barnsley, both are considered as UMa
scenarios. Section 3.4 presents another validation process via ray-based simulations using
a measurement-validated commercial ray-tracing simulator. Section 3.5 gives a discussion

about the AMPLE model. Finally, Section 3.6 summarises this chapter.

3.2 The AMPLE Model

In this section, we present the construction details of the AMPLE model. A typical mod-
elling process is shown in Fig. 3.1, including measurement and/or simulation, environment

recognition, straight line model construction, and characterisation and prediction.
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Fig. 3.1 Example of the AMPLE model construction process [16]. (a) Simula-
tion/measurement collection and analysis. (b) Environment collection and classification. (c)
Straight line construction. (d) Parameter extraction and path loss prediction.

3.2.1 Preliminary Information

To construct the AMPLE model, both path loss and scenario information are necessary
during the model construction stage [16]. For path loss data, similar to other empirical
path loss models [5, 6, 9, 47], preliminary path loss data under the desired scenario are
collected from ray-based simulations and/or measurements, as illustrated in Fig. 3.1(a). After
that, to combine the environmental information and construct a site-specific model, the map
information of the scenario is another preliminary model characterisation condition. As
shown in Fig. 3.1(b), the AMPLE model utilises the 2D region map to cover environmental
information, of which it classifies the whole map into different region types. By using manual
classification, map classification based on image processing, or Al-based classification
methods, the maps collected from satellite systems, digital map systems, and geographic

information systems (GISs) can be therefore transformed.

To combine path loss and map information, each type of region is assigned with a PLE,
and a straight line between each T-R link is generated. The straight line records the intersected
region PLE as well as the corresponding region length, which can be expressed as [16, 17]

ngy ny np n3 --- NR

S:= NE (3.1
do dl d2 d3 dR

z

where S, is the line matrix of the zth T-R link, ng_ is the PLE of the R,th region, and dp, is the

corresponding region length. Based on common practice [41, 42], we define regions within
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dy as the CI region, where dj is the CI distance [16, 17]. That is to say, regions within the CI
distance are not counted (i.e., ngp = 0). An example of the straight line and the CI region is
given in Fig. 3.1(c). Note that the straight line is irrelevant to the LOS path, since the LOS

case may not exist for all the links, and it is just a method to construct the AMPLE model.

3.2.2 The AMPLE Model

Based on the straight line matrix S, in (3.1), the decibel characterisation of the AMPLE

model for the zth T-R pair can be expressed as

R; r
PL.[dB] =A+ Y 10n,log, @” k ) + ¥, (3.2)

r=1

where A, R, n,, d, and W4 are characterised as follows.

Intercept (A): Within the straight line, A is the decibel path loss of the CI region.

* Intersected Regions (R, & n,): R, regions in total are intersected within the zth T-R
straight line, and n, is the rth region PLE. Note that for different T-R pairs, R, may be

different as well.

» Weighted Path Loss (d;): The weighted path loss of the rth region is computed by
the subtraction between the end point path loss of rth and r — 1th region, respectively

[15-17]. Note that dj is the kth region length.

* Shadowing (¥s): ¥ is a normally distributed shadowing term with N[0, 62] under
dB scale.

By combining terms with the same PLE, (3.2) can be simplified as region-type-based,

which can be expressed as
M
PL.[dB]=A+ Y Dunu+%s, (3.3)
m=1

where M is the number of region types within the environment (e.g., M = 4 in Fig. 3.1(c)), n,,

is the mth region type PLE, and D,, is the corresponding coefficient extracted by combining
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like terms of n,,. Also, as the model in dB scale contains a shadowing term with normal
distribution N[0, 5], which means, the total path loss in this case is normally distributed

with N[ (A, n,), 03], where [101]

M
WA, ny) =A+ Y Dynpy. (3.4)

m=1

Combining (3.2)-(3.4) with measured and/or simulated data, the parameters that construct
the model can be extracted using various algorithms. Finally, in Fig. 3.1(d), the path loss

prediction can be made based on the extracted model parameters.

3.2.3 Relationship with the Log-Distance Model

From the above description, the AMPLE model is applicable to different scenarios according
to different map-measurement/simulation sets. Thus, the quantity M may increase for
complex scenario (e.g., multiple region types) and decrease for simple scenario (e.g., a single
region type). Specially, for a scenario with a single region type (i.e., M = 1), (3.2) will be

simplified to the log-distance model in decibels, which is [42]
PL,[dB] = A+ 10nlog,o(d/dy) + V& d > dy, (3.5)

with

1(d) = A+ 10nlog,(d/do), (3.6)

where A is the intercept that represents the path loss at CI distance d, n is the PLE, and (3.6)

is the distance-dependent mean of normal distribution N[t (d), 2] in dB scale.

3.3 Measurement Validation

In this section, we provide a validation process of the AMPLE model in two UMa areas with
measurements. We first present the data collection method within the measurement areas.

Then, we describe the mapping between the region map and the data coordinates. In addition,
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Fig. 3.2 Scatter plot of the measurement in Sheffield, and the estimation results of LS and
ML with truncated normal distribution.
the extraction of model parameters based on the truncated data is given. Following that, the
AMPLE model is characterised and compared with the 3GPP-UMa model [5, Table 7.4.1-1]

and the ABG-UMa model [9, Table 6], and the comparison results and analysis are given.

3.3.1 Measurement Collection

For the measurement data, we consider two scenarios for parameter extraction and model
validation, where they have the same propagation conditions. For parameter extraction, the
measured data are collected in Sheffield, UK, which is considered a suburban area with hilly
terrain, dense buildings, and moderate-to-heavy tree density [42]. We focus on a gateway
of Long Range Wide Area Network (LoRaWAN) [102] that accommodates a LORIX One
with a 4.15 dBi omnidirectional antenna. It is located on the Hicks Building (53.381029,
-1.4864733) of the University of Sheffield, which has a height of 30 m. For the mobile
antenna, Sheffield is mapped through “drive test” experiments, which are performed with an
autonomous mobile network scanner and field test device (having an antenna gain of 2 dBi),
installed on an electric vehicle (an average height of 1.2 m). The received signal strength
indicator (RSSI) are periodically recorded, together with the global positioning system (GPS)

coordinates. More details of the measurement collection are described in [103]. Overall, the
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measurement data collected in Sheffield comprises 4,615 data points transmitted at around
868 MHz, with a transmitted power of 20 dBm. These data are taken at T-R separation
distances ranging from several metres to 10 km. Since the antenna gains are included in
RSSI [102], the path loss is calculated by subtracting the antenna gains of 6.15 dBi (4.15 dBi

for Tx and 2 dBi for Rx) to exclude antenna effects.

Fig. 3.2 shows the scatter plot of 4,615 measured path loss in metres. The gray dashed
line shows the truncation of measured data, while two straight lines represent two extraction
fit methods based on the log-distance model. Since the Rx has a sensitivity limit, path loss
data beyond 142 dB is missing, leading to a bias in the estimated PLE and standard deviation
of the shadowing. This is evident in the blue line representing least squares (LS) fit in Fig. 3.2,
resulting in /iy = 1.55 and 65 = 7.03. To mitigate this, a maximum likelihood (ML) fit with a
truncated normal distribution is employed [101, 104]. Based on equations (3.5) and (3.6),

the probability density function (PDF) of zth measured path loss is given by [101, 104]

(lz—u(d))?
exp
1 - ) I, <L,

P(l;pu(d),0) = V2o o(=Ed) = (3.7)

0 else,

where L is the right truncated value as 140 dB, and @ is the cumulative distribution function
(CDF) of the standard normal distribution. By using (3.7) to extract the PLE and the standard
deviation in the log-distance model, it yields more accurate results: 7ig = 2.02 and 65 = 7.61,

as indicated by the red line in Fig. 3.2.

Meanwhile, for model validation, another set of measurement data is collected in Barns-
ley, UK, which is considered a similar scenario to Sheffield (i.e., a suburban area). The
propagation conditions in Barnsley are also identical to those in Sheffield, including the
transmission network, antenna type, collection method, and so on. The gateway in Barnsley
is located on the roof of the Barnsley Digital Media Centre (53.5551977, -1.4789376), which
has a height of 25 m. The measured path loss data in Barnsley consists of 631 data points,
which also suffers truncation during data collection due to device sensitivity, and so that, the
same truncation process is applied in this case. Similar to the measurements in Sheffield, as

shown in Fig. 3.3, the initial truncated PLE and standard deviation based on LS are ri;, = 1.51
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Fig. 3.3 Scatter plot of the measurement in Barnsley, and the estimation results of LS and
ML with truncated normal distribution.

and Gy, = 6.18, respectively. After applying the truncation process (i.e., ML estimation with
a truncated normal distribution [101, 104]), the PLE and standard deviation are 7y, = 2.27

and G, = 6.72, respectively.

3.3.2 Region Classification and Coordinate Mapping

To extract the information of the environment, we collect raster maps of two scenarios from
Google Maps, both with a map scale of 50 m and covering an area of approximately 2.25 km?
(has a side of 2,115 pixels). It should be noted that under the map constraints, 3,128 out of
4,615 measured path loss points are included in Sheffield, and 456 out of 631 measured path
loss points are included in Barnsley. For region classification, as shown in Fig. 3.4, we apply
k-means clustering to identify regions with the same RGB values, and we combine the regions
within the same type manually. While some errors occur during the clustering process, the
overall classification results remain acceptable. Finally, the environmental obstacles in the
two scenarios are classified into the following region types: Building, OpenSpace, Lane,
Wooded Area and Lake. Taking Sheffield as an example, the original raster map and the

classified region map are shown in Fig. 3.5.
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Fig. 3.4 Example of region map classification from 2D raster map, based on k-means
clustering and manual recognition.

Since the coordinates of Rx are recorded during experiments, the mapping between
region map and measurement is to link the coordinates with the region map. Based on the
coordinates of map edges, the coordinate system is established and illustrated in Fig. 3.5,
where each pixel can be constrained by its corner coordinates. For each T-R pair, the linear
function of coordinates is generated to further record the intersected pixels. With exclusive-or

algorithm, the intersected pixels can be finally constructed into the intersected regions.

3.3.3 Parameter Extraction with Truncated Data

By setting region type M as five, we first calculate the PDF of (3.3) to process the truncation

by ML with truncated normal distribution, which can be expressed as

_ (z—p(Anm))?
1 eXP( Li,u(j(;z) ) lZ <L7
P(L; (A, ny),0) = 2mo @ Losdm) (3.8)
0 else,

where [L(A,n,,) is expressed in (3.4), and other values in (3.8) are mentioned before. Based

on (3.8), the likelihood function can be written as

V4 1 exp( _ (lzfﬂz(gzvnm))z)

F(p(Amm).0)=[17= (L))

o

(3.9
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Fig. 3.5 Map classification in Sheffield, from the original raster map to the region map, along
with the pixel coordinate system.

To extract the model parameters by ML, the partial derivatives under natural logarithm
of (3.9) for all the values are required, including intercept A, PLEs n,,, and the standard

deviation o, which are

( _ (qu(A,nm))Z)

JInF (ny,A,0) W(A,ny)—1.  €XP yor

B JdA o Z o2 - L1 (Aym) ) ) (3.10)
Of .° exp(—5)dt

L—u(An,)\2
_ dInF (ny,A, 0) :iD LA ) =1 exp(—(—‘\‘/%c )) ) s
ony, =" o? Lop(Anm) 2 ’ '
= o/ . exp(—Y )dt
and
_ JInF(ny,A,0) y 1 (1A —1)?
Jdo Ao E
L—u(An,)\2 (3.12)
(L~ (A ) Jexp( — (A )2)

L—u(Anm) N )
o[ . ° exp(—%)dl

where Z is the total data points (i.e., Z = 3,128). Based on (3.10)-(3.12), the above parameters

are combinatorially optimised by gradient descent with suitable step size.
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3.3.4 Results and Analysis

Table 3.1 Model Parameters in the Measurement Area

Environmental Factors Variables Values [dB]

Intercept A 81.54
In-Building n 1.07

Open Space ny 1.71

Lane n3 2.45

Wooded Area na 4.79
Lake ns 1.08

Standard Deviation o 6.97

By setting dp to 1 m in (3.1) and applied the AMPLE model in Sheffield, the numerical
values of PLEs are estimated combinatorically based on (3.8)-(3.12), and shown in Table 3.1.

Also, the physical analysis of these numerical values are given as follows.

* In-Building: The predominance of teaching buildings and student accommodations
in the measurement area, characterised by features like long corridors, induces an in-
building waveguide effect. These factors contribute to significantly lower in-building

PLE compared to a measured case that is 1.57 [105].

* Open Space: For the measured base station, it is located at the top of Hicks Building,
which is situated at the hillside. Combined with the waveguide effect caused by other

buildings, n, is lower than 2.

* Lane: For constantly moving vehicles (e.g., cars, buses and trams) on lanes that cause
reflection, diffraction and scattering during the measurement [41], the value of n3 is

larger than 2.

* Wooded Area: The intensive scattering caused by trees leads to severe loss, so the

value of n4 goes beyond 4.

» Lake: When propagating over lakes at 868 MHz, the Sommerfeld-Zenneck surface

waves are generated which is 10-20 dB stronger than space waves [106], [107]. That
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Fig. 3.6 Heat maps of the path loss prediction results predicted by (a) the AMPLE model and
(b) the 3GPP-UMa model, in comparison with the measurements (shown as squares in the
heat maps) in Barnsley.

is, the signal decays as the quantity of ns because it propagates over the lake surface as

a circle instead of radiating through the air as a sphere.

Based on PLEs in Table 3.1 which are extracted from measurements in Sheffield, we use
the AMPLE model to predict the path loss of Barnsley and compare it to the 3GPP-UMa path
loss model [5, Table 7.4.1-1]. Note that the base station and user terminal antenna heights
are set as 25 m and 1.5 m in 3GPP-UMa [5], respectively. In Fig. 3.6, we draw heatmaps of
the two models and compare them with the measurement points in Barnsley, represented by
squares with different colours indicating the level of path loss. Generally, by considering the
environmental factors within the propagation scenario, the predictions of the AMPLE model

are closer to the measurements, in comparison with the 3GPP-UMa model.

To provide a more intuitive comparison, we further deploy the ABG-UMa path loss
model [9, Table 6] for the measurement area, and we draw the CDFs to visualise the absolute
error between these predictions and the measurements, as shown in Fig. 3.7. Besides, we
compute the MAE and the RMSE of those models in decibels (as shown in the bottom right

corner of Fig. 3.7). Overall, the prediction of the AMPLE model outperforms the other
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Fig. 3.7 CDF of absolute error between predictions (i.e., AMPLE, 3GPP-UMa, and ABG-
UMa) and measurements in Barnsley.

models. The poor performances of both the 3GPP and ABG models may be caused by the

measurements we collected [103] and the lack of considering environments.

3.4 Ray-Based Validation

In this section, we apply the AMPLE model to two simulated outdoor scenarios: Scenario
A for parameter extraction and Scenario B for model validation. We first introduce the
two scenarios simulated by Ranplan Professional, along with basic information of radio
propagation. Then, we describe the method for extracting the parameters of the AMPLE
model under the simulation of Scenario A. The comparison results are made in Scenario B,

along with explanation and analysis.

3.4.1 Outdoor Simulation and Environment Recognition

To validate the AMPLE model, we employ Ranplan Professional to simulate radio propaga-
tion in two outdoor scenarios for parameter extraction and model validation. For Ranplan
Professional [30, 108—111], it is developed by Ranplan Wireless as a commercial ray tracing

simulator, which supports propagation simulations for both the indoor and outdoor envi-
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Fig. 3.8 Two simulations with the same propagation conditions, along with environment
recognition. (a) Scenario A for parameter extraction. (b) Original map A. (c) Region map A.
(d) Scenario B for model validation. (e) Original map B. (f) Region map B.

ronment, and has been used as validations for model characterisations in several works
[112-114].

The simulated outdoor scenarios involve two suburban cities in the UK: Sheffield (Sce-
nario A) for parameter extraction and Barnsley (Scenario B) for model validation. Detailed
environment features (e.g., buildings, trees, etc.) are imported from EDINA’s Digimap
Ordnance Survey [115, 116] to reveal the real outdoor information in two cities, as illustrated
in Fig. 3.8(a) and Fig. 3.8(d), respectively. Both simulation resolutions are set to 5 m, and the
regions of the same type (e.g., buildings) are assumed to have consistent material properties.
For the scenario of parameter extraction (i.e., Scenario A), it is bounded by latitudes and lon-
gitudes ranging from 53.373579 to 53.387172, and -1.49688 to -1.47412, respectively. The
Tx, positioned at a height of 80 m above ground, is located beyond the rooftop of a building
at coordinates (53.381029, -1.4864733). Also, the Tx is equipped with an omnidirectional
antenna transmitting at LoORaWAN 868 MHz [102], and the Tx power is 20 dBm, along with
0 dBi antenna gains for both Tx and Rx. For the scenario of model validation (i.e., Scenario
B), it is bounded by latitudes and longitudes ranging from 53.548515 to 53.561859, and
-1.490611 to -1.467880, respectively. Similar propagation conditions are present in Scenario
B. Once all the propagation parameters are configured, the path loss across two simulated
areas is calculated at 5-m intervals, with an Rx height of 1 m. A total of 91,596 data points for

Scenario A and 89,441 data points for Scenario B are respectively collected via simulations,
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which are nearly 30-fold than the measurement we previously made in Section 3.3, and

without path loss truncation caused by device sensitivity.

For environment recognition, the square maps of Scenarios A and B are collected from
Google Maps with a 50-m map scale, and the area of each scenario is about 2.25 km?, as
shown in Fig. 3.8(b) and Fig. 3.8(e), respectively. The map is then classified as Building,
Open Space, Lane, and Tree using k-means clustering with manual region type combinations,
and each region type is assigned with a PLE. By using the latitude and longitude boundaries,
simulation results can be mapped onto the region map based on the corresponding coordinates
(as shown in Fig 3.8(c) and Fig. 3.8(f), respectively), allowing for the generation of straight
line matrix S; in (3.1) for each T-R link.

3.4.2 Parameter Extraction

Different from the truncated ML due to data truncation (i.e., (3.8)-(3.12)), we consider
pure ML to extract the parameters contained in (3.3), and the PDF of the zth link without

truncation is written as

B 2
P(L; (A npy), 0) = zlmexp(—(lz LAGI) ) (3.13)

where [, is the zth T-R link path loss for Z samples (i.e., Z = 91,596 in Scenario A) in total,
and (A, n,,) is the mean path loss value, which is expressed in (3.4). The likelihood function

can be computed as

exp(— (ZZ_“(A’”'"))Z). (3.14)

2072

F(u(A ny), H

2wo

Then, the partial derivatives under natural logarithm of (3.14) are computed for all parameters

in (3.3), including intercept A, PLEs n,,, and standard deviation o, which can be expressed
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dInF (u(A,ny), (,uAnm l)
- ), (3.15)
o4 Zl
z
_dInF(p a(: ) _ Z ( (A nm) I, )Dm)7 (3.16)
IInF (u(A,n,, Z A, ny))?
_9InF(u éG” :Z< “((53 i) ) (3.17)

Following (3.15)-(3.17), those parameters can be extracted together by gradient descent,

which is omitted here.

3.4.3 Results and Analysis

Based on the ray-tracing simulation of Ranplan Professional in Scenario A, we extract the
AMPLE model following (3.15)-(3.17), and apply it to the simulation results of Scenario B
for fair validation. We then compare its performance with the ABG model in the 5SGCMSIG
channel model under the UMa scenario case [9, Table 6], and the 3GPP model for the UMa
scenario as well [5, Table 7.4.1-1].

For the prediction results, the heat maps of three models in comparison with the simula-
tion in Scenario B are shown in Fig. 3.9. Note that the error maps in Fig. 3.9(e), Fig. 3.9(f),
and Fig. 3.9(g) represent the absolute error between the model prediction results and sim-
ulation in Scenario B, which is computed as |I,(x,y) — I, (x,y)|, where I,(x,y) and ,(x,y)
denote the simulation in Scenario B and the model prediction at the spatial point (x,y),
respectively. Throughout the three error maps, the AMPLE model demonstrates better
prediction performance, especially compared to the 3GPP-UMa model. The three models
show similar predictions when the Rxs are close to the Tx. However, as the T-R separation
distances increase, the impact of environmental complexities significantly interferes with the
predictions of path loss models that do not account for these factors. These interferences are
evident in both the ABG-UMa and 3GPP-UMa models but are effectively mitigated by the
AMPLE model.
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Fig. 3.9 Comparison of path loss heat maps under the simulated area, with the error maps
depicting the absolute errors between the three models and Ranplan Professional simulation.
(a) Simulation of Scenario B. (b) AMPLE. (¢c) ABG-UMa. (d) 3GPP-UMa. (¢) AMPLE error
map. (f) ABG-UMa error map. (g) 3GPP-UMa error map.

Table 3.2 Performance of Models

Model MAE [dB] RMSE [dB] Mean Simulation Time [s]

AMPLE 5.75 7.43 0.136
ABG-UMa 7.20 8.80 0.138
3GPP-UMa 12.84 14.51 0.228

To provide a more intuitive comparison along with the model complexity, we compute
the MAE and the RMSE of the three models in decibels with respect to 89,441 simulation
data points using the same computer, as shown in Table 3.2. All three models are run 10
times to compute the mean simulation time on a typical office computer (central processing
unit (CPU): Intel (R) Core (TM) 15-10505 3.20 GHz; random-access memory (RAM): 16.0
GB 2133 MHz) with MATLAB-R2022a programming environment. Moreover, we draw the
CDFs to visualise the absolute error between the path loss models and simulation results,
which are shown in Fig. 3.10. Overall, the path loss prediction of the AMPLE model
outperforms the ABG-UMa and 3GPP-UMa path loss models.
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Fig. 3.10 CDF of absolute error between three predictions (i.e., the AMPLE, ABG-UMa and
3GPP-UMa models) and Ranplan Professional simulation.

3.5 Discussion of Similar Model Design

3.5.1 Multi-Slope Models: Distance or Weighted Distance?

For traditional multi-slope models with multiple region types, path loss is computed directly
based on distance, with additional losses added at break points between slopes to maintain
model continuity [117-120]. However, for practical applications, especially in scenarios
involving multiple region types, each transition between region types requires a distinct loss
assignment (e.g., transitions between region types A, B, C, and D require six separate and
unique losses). That is, as the complexity of environment increases, the number of losses for
transitioning between region types grows, in addition to the PLEs for each region type. As
a result, for such model type, the most commonly used model in practice is the dual-slope
model only, which consists of a single break point dividing the model into two parts that
roughly correspond to LOS and NLOS scenarios.

Instead, by directly addressing the impact of region types to path loss (i.e., weighted path
loss for intersected regions, calculated by weighted distance), there is no need to consider
the discontinuity since the path loss is calculated by weight. So that, the model is largely

simplified and can be deployed in multiple region types practically, along with the direct and
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precise relationship of “path loss—PLEs”, instead of the indirect and rough “distance—PLEs”

relations.

Also, from the weighted distance in the parenthesis of (3.2), the 2D distance can be
potentially replaced by 3D distance (i.e., consider antenna height), as a simple ratio relation
between hypotenuse and adjacent and the cancellation within that parenthesis based on

trigonometric functions.

3.5.2 Partition-Based Path Loss Model Versus the AMPLE Model

Considering the similar model construction of the partition-based path loss model [98, 99],
we hereby classify the differences between these two models. For partition-based path loss
model [98, 99], it counts the real penetration losses within one link based on measurements
(as described in the Abstract of [99]), which is the root of the idea. The model characterisation

is expressed as [99, Eq. (5)]

PL=20log,o(d)+axX,+bxXp---, (3.18)

where a, b, etc., are the numbers of each penetration type between Tx and Rx, and X,, X},
etc., are their respective penetration losses in decibels [98, 99]. In (3.18), it contains one
PLE (with a general case of 2) with multiple penetrations of objects lying between one link.
That is, the key design of this model is the accumulation of multiple penetrations based
on log-normal distribution. However, one PLE with multiple penetrations of obstacles are
hard to deploy for various scenarios, especially for long-distance transmission with complex
environments, since those penetrations need to be measured one by one. That is why the

partition-based model is for in-home and residential areas.

For the AMPLE model, (3.2) and (3.3) contain multiple PLEs for the corresponding
region types. That is to say, we define the mapping relationship between the number of region

types within the propagation environment and the number of PLEs, where no penetrations

are considered within (3.2) and (3.3).
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3.6 Summary

In this chapter, we have presented the AMPLE path loss model with multiple PLEs con-
sidering environmental factors. We then separately used both measurements and ray-based
simulations to validate the AMPLE model. Following that, we compared the AMPLE model
with the 3GPP model and the ABG model for path loss predictions. The results showed that
the AMPLE model outperforms these models. The AMPLE model can not only be used to
obtain fast and accurate path loss predictions, but can also be integrated into map systems
by creating a new path loss attribute for digital maps. Therefore, the AMPLE model has the

potential for wide applications and will have a significant impact in wireless communications.



Chapter 4

Ray-Based Characterisation of the

AMPLE Model From 0.85 to 5 GHz

4.1 Introduction

12To cover propagation environment with low computational complexity, in Chapter 3
we proposed the AMPLE model and validated using both measurements [16] and ray-
based simulations [17]. In this chapter, we enhance the AMPLE model with frequency
considerations to improve its practical usages in path loss predictions under different carrier
frequencies. It is accomplished by adding a frequency coefficient into the current model, so
that the impact of frequencies on path loss predictions arises. Following that, we characterise
the AMPLE model from 0.85 to 5 GHz under the UMa and UMi scenarios using ray-based
simulations. For the simulation datasets, we imply a simple measurement validation by
extracting the CI model parameter from simulations and compare the values that are extracted
from measurements reported in [47]. For model construction, we give a standard process to
construct the AMPLE model, which can be considered the basis of future AMPLE model

generations. Also, we present a comprehensive validation for the AMPLE model. For the

'The content of this chapter is based on the revised version of our publication [18].

2© 2025 IEEE. Reprinted, with permission, from L. Zhou, X. Dong, K. Qiu, G. Yu, J. Zhang, and J. Zhang,
“Ray-based characterization of the AMPLE model from 0.85 to 5 GHz,” IEEE Trans. Antennas Propag., vol.
73, no. 10, pp. 8174-8188, Oct. 2025.
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compared models, we consider the 3GPP path loss model [5], the ABG and CI models from
SGCMSIG [9], and those with simulation calibrations. For performance evaluations, we
use the RMSE and the MAE for point-wise evaluations, and the average total hit ratio error
(AHRE) for quality evaluations. Beyond that, we propose two new metrics, that are, the
PMDE for overall distributional alignment and the mean simulation time per point per round
t, for model complexity. The results show that the AMPLE model outperforms the current

empirical path loss models in the GSCMs.

The remainder of this chapter is organised as follows. Section 4.2 introduces the enhanced
AMPLE model considering propagation carrier frequencies. Section 4.3 presents the ray-
tracing simulations conducted using the measurement-validated Ranplan Professional. In
Section 4.4, the characterisation process of the AMPLE model from 0.85-5 GHz is given,
along with a performance comparison against other models. Finally, Section 4.5 summarises

this chapter.

4.2 The AMPLE Model with Frequency Consideration

Based on the description in Section 3.2, by further considering the propagation carrier

frequency as a factor, the decibel path loss of the zth T-R link can be expressed as [15-17]

r—1
r=1

R
Z V_ d
PLZ [dB] :A+ Z 10nr10g10 (gk_o dk> + 10'}/10g]0(fz) +‘Pg, (41)
k=0 “k

where A, R, n,, d, and W4 are explained in Section 3.2.2, and ¥ and f; are characterised as

follows.

* Frequency (y & f-): Based on the typical path loss characterisation methods [5, 6, 9,
47], we add a coefficient Y to indicate the dependence of path loss on frequency [47],

where f, denotes the carrier frequency of the zth link in GHz.
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By combining terms with the same PLE, (4.1) can be simplified as region-type-based,

which can be expressed as

M
PL.[dB] =A+ Y  Dyny+ 10ylogo(f:) +¥o, (4.2)

m=1

where M is the number of region types within the environment (e.g., M =4 in Fig. 3.1(c)), nj,
is the mth region type PLE, and D, is the corresponding coefficient extracted by combining

terms of 7,,.

4.3 Ranplan Professional Ray-Tracing Simulations

In this section, we first introduce the current usage of ray-based simulations and the
measurement-validated Ranplan Professional simulator. We then provide the details of
simulations for the UMa and UMi scenarios using Ranplan Professional. Following that, we
give a simple validation of the collected dataset by extracting model parameters, such as

PLE, and comparing them to those obtained from measurements in [47].

4.3.1 Ranplan Professional Ray-Tracing Simulator

With the development of ray-tracing technology, powerful ray-tracing simulators are used for
hardware testbed evaluations [121-123], essential 5G technology validations [124], channel
model characterisations [125], and so on. These simulators have also been regarded as an
alternative data collection method to hardware measurements, due to their ability to generate
larger volumes of data while maintaining minor discrepancy from hardware measurement,
and are commonly referred to as “ray-tracing measurements” [126]. In other words, for
characterisation of channel models, the database can be collected not only from hardware
measurements, but also the ray-tracing simulations generated through reliable simulators. In
this chapter, we use Ranplan Professional [108], a powerful commercial ray-tracing simulator,

to characterise and validate the AMPLE model from 0.85 to 5 GHz. Validated by hardware
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Fig. 4.1 Example of the Ranplan Professional outdoor simulation in London, where pink is
open space, white is building, green is foliage, and blue is body of water.

measurements [110, 111], Ranplan Professional has been used to characterise propagation
models [17, 112] and support other research in wireless communications [113, 114, 127, 128].

For the model characterisation and validation, we focus on the UMa and UMi for the
outdoor scenario types. We consider the SGNR system frequency bands at 0.85 GHz (SGNR
band n5 with 10-MHz bandwidth), 2.1 GHz (5GNR band nl1 with 10-MHz bandwidth), and
5 GHz (5GNR band n46 with 10-MHz bandwidth) across both scenario types, and we set
up the simulation resolutions as 5 m. An example of the outdoor environment simulation is
given in Fig. 4.1, and the detailed propagation information for each scenario simulation is

given as follows.

4.3.2 UMa Simulations in Sheffield and Barnsley

For the UMa scenarios, we consider two outdoor simulations that are Sheffield and Barnsley
in the UK. Both Sheffield and Barnsley are the typical European style cities that have medium
population and building densities. We first import the city layout from EDINA’s Digimap
Ordnance Survey [116], and we focus on the key environment regions that are general in
real-world outdoor scenarios while have a significant impact on radio propagation. Those
environment regions include buildings, open space, foliage, and bodies of water (lake, river,
etc.). The electromagnetic properties of materials used in the simulations, including material
type, transmission loss, reflection loss, and diffraction loss, are listed in Table 4.1. The

properties of concrete are derived from measurements conducted by Ranplan Wireless as
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part of the European project “Wireless Friendly and Energy Efficient Buildings (WiFEEB)”
[129], and the properties of bodies of water and foliage are informed by [130, 131]. For
the simplification of simulations, we here does not consider adding details into the outdoor
scenario, such as road signs and other obstacles that are different in various places and are
negligible in comparison to those key regions we covered [16]. Within the simulations, the
regions of the same type (e.g., buildings) are assumed to have consistent material properties
and heights. Following that, we set foliage with a height of 10 m, and the buildings are made
of heavy concrete with a height of 20 m, which is close to the average height in the typical
UMa scenarios [5, 47]. For the scenario in Sheffield, it is bounded by latitudes and longitudes
ranging from 53.36590854 to 53.39712604, and -1.5114482 to -1.46115222, respectively. In
the meantime, the scenario in Barnsley is bounded by latitudes and longitudes ranging from

53.54123619 to 53.56927884, and -1.50333959 to -1.4537181, respectively.

Beyond that, the Txs in both scenarios are equipped with omnidirectional antennas
transmitting at SGNR frequencies of 0.85 GHz, 2.1 GHz, and 5 GHz as previously mentioned,
with heights of 30 m [47]. For the exact positions, the Tx in Sheffield is positioned on the
rooftop of a building at (53.381029, -1.4864733), and the Tx in Barnsley is positioned on the
rooftop of a building at (§3.5551977, -1.4789376). Along with that, the Rx is positioned at a

height of 1.5 m with a 5-m resolution across the whole outdoor scenarios. The Tx power is

Table 4.1 Electromagnetic Properties of Materials Used in Ranplan Professional, Including
Losses [dB] of Transmission, Reflection, and Diffraction [129-131]

Building Body of Water  Foliage
Concrete Water Tree

Electromagnetic Property Frequency

0.85 GHz 10.11 dB 16.16 dB 0.10 dB/m
Transmission 2.10 GHz 20.25 dB 25.92 dB 0.30 dB/m
5.00 GHz 44.35 dB 49.09 dB 0.60 dB/m

Reflection 0.85-5.00 GHz 6.00 dB 1.95dB 10.20 dB

0.85 GHz 10.26 dB 6.00 dB -
Diffraction 2.10 GHz 18.37 dB 14.00 dB -
5.00 GHz 38.00 dB 33.00 dB -




46 Ray-Based Characterisation of the AMPLE Model From 0.85 to 5 GHz

set as 26 dBm, and both Tx and Rx are with 0-dBi antenna gains and with 0-dB cable losses.
Based on the environments we set up, we collect a maximum of 823,923 raw data points

from Sheffield and 682,803 raw data points from Barnsley across three carrier frequencies.

4.3.3 UMi Simulations in London and Manchester

For UMi scenarios, we simulate London and Manchester in the UK, which are two typical
European style UMi cities. We focus on the centre of two cities (i.e., London Soho and
the centre of Manchester), that are with high building densities and street canyons. The
construction process explained in the UMa scenarios (i.e., Section 4.3.2) is used to set up the
environments in two UMi cities (e.g., city layout and environment regions), except that the
average building height is set to 10 m [5, 47]. The scenario in London is bounded by latitudes
and longitudes ranging from 51.48038 to 51.51303 and -0.16366 to -0.11336, respectively.
Also, for scenario in Manchester, it is bounded by latitudes and longitudes ranging from
53.47072 to 53.4978 and -2.27098 to -2.21759, respectively.

For propagation information, the Txs in the UMi scenarios have heights of 15 m (i.e., on
the rooftop of a building), with the Tx in London positioned at (51.49474159, -0.14394048),
and the Tx in Manchester positioned at (53.48710645, -2.24311856). Other propagation
details, such as frequencies, Rx height, Tx power, and so on, are similar to those in the
UMa scenarios. Due to the constraints of the UMi scenario, the overall signal coverage is
significantly smaller than that of the full simulated environment in both cases. Finally, we
collect 482,403 raw data points from London and 482,403 raw data points from Manchester

across three carrier frequencies.

4.3.4 Validation Based on the CI Model PLE Extraction

For path loss model characterisation, a reliable dataset can produce similar model parameters
(e.g., model PLE) compared to those obtained from measurements under similar propagation
conditions recognised by engineers and researchers [5, 9, 47]. Under this way, to validate the

simulation results for two scenario types, we compare the CI model parameters extracted
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from Ranplan Professional and measurements reported by the research group of Theodore S.
Rappaport in [47] (UMa scenario in Aalborg, Denmark, and UMi scenario in New Jersey,
USA). In other words, after filtering the simulation data points, we first extract the CI model
parameters by the same closed-form solutions as shown in [47, Appendix Eq. (30) & (31)],
and we compared the CI values that are extracted by measurements in [47, Table I]. The

detailed process is given as follows. Note that for the CI model, it can be expressed as [47]

d
PLE%fz,dz)[dB]:A(fz,do>[dBHIOnloglo(iH‘PSI, d.>dy,  (43)

with

4.4)
c

AT fody x 10°
A(f27d0) [dB] = 2010g10 (L> 5

where A(f,dp) is the free-space path loss in decibels with distance dj at carrier frequency f;

in GHz, n is the CI model PLE, and ¥{! is the shadowing term with N[0, 2] under dB scale.

To compare with the measurements around 2 GHz in [47], we combine all data points for
each scenario type, filter the interference points (e.g., data points beyond a path loss value,
such as 150 dB; data points beyond a T-R distance, such as 1.5 km for the UMa scenario,
etc.) and extract the path loss data at SGNR 2.1 GHz. After that, we classify the data points
into LOS and NLOS sets based on map information, which is similar to the classification

method in [47]. By using closed-form solutions for CI PLE n and standard deviation o

Table 4.2 Parameters of the CI Path Loss Model Extracted From Ranplan Professional
Simulations and Measurements in [47, Table I]. # of Points Refers to the Number of Data
Points After Distance Binning and Path Loss Thresholding

Scenario Env. Freq. [GHz] Model dg[m] Data Source # of Points PLE o [dB]
LOS 5GNR 2.1 1 | Ranplan 12,283 226 5.06
UMa 2.0 T. S. Rappaport [47, Table I] 253 2.00 1.70
5GNR 2.1 Ranplan 211,996 292 10.08
NLOS =750 €1 s Rappaport [47, Table ] 583 2.80 3.50
UMi  NLOS 5GNR 2.1 1 | Ranplan 27,619 2.62 10.31

29 T. S. Rappaport [47, Table I] 18 290 290
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[47, Appendix Eq. (30) & (31)], we extract those values under the UMa LOS, NLOS, and
the UMi NLOS, and compared with those extracted from measurements in [47], which are
shown in Table 4.2.

Throughout Table 4.2, the CI PLE n extracted from Ranplan Professional is close to those
in [47], with a maximum difference below 0.3, whereas the differences of standard deviation

o are large. The reasons of such differences including n and o can be probably explained as:

e Number of data points: As shown in Table 4.2, the number of data points exhibits
significant discrepancies between Ranplan Professional simulations and measurements
in [47], with a maximum difference exceeding 1,500 fold. A larger number of data
points is more likely to result in a higher variance in distribution, leading to an increased
o. Despite this, the PLE values of the two remain close, indicating a high similarity in

the path loss trend between simulations and measurements.

* Frequency: Differences between propagation carrier frequencies have a non-negligible
impact on path loss, which further influences the model values. For example, as shown
in the UMi NLOS case, the frequency difference (i.e., a 0.8-GHz difference) is one of

the factors contributing to the PLE variation between simulation and measurement.

* Environment: Even within the same scenario type, environmental differences may

lead to minor variations of model values between different datasets.

Overall, the simulation datasets of Ranplan Professional show high similarity for the CI
model PLEs in comparison to those in [47, Table I], and in this chapter, we use these datasets

to characterise the AMPLE model.

4.4 Characterisation of the AMPLE Model and Perfor-

mance Results

In this section, we introduce the process of characterising the AMPLE model based on

Ranplan simulations which are presented in Section 4.3. Following that, we briefly introduce
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the compared models and the considered performance metrics including the two metrics
we defined. Finally, we analyse the results and give the characterisation parameters of the

AMPLE model under the UMa and UMi scenarios from 0.85 to 5 GHz.
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Fig. 4.2 Flowchart of characterisation process based on Ranplan Professional simulations,
similar process could be considered for other types of datasets.

4.4.1 Characterisation Process of the AMPLE Model

As shown in Fig. 4.2, the characterisation process of the AMPLE model based on Ran-
plan Professional can be split into three stages, that is, region classification and map-data

combination, simulation data processing, and model constructions.
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Stage 1: Region Classification and Map-Data Combination.

Initially, Ranplan Professional contains both environment simulation and the corresponding
path loss simulations. Following the environment types we set up as described in Section
4.3.2, we first extract the region maps of those scenarios from Ranplan Professional. By
extracting Ranplan Professional simulations as extensible markup language (XML) files,
we collect the 2D region maps of four simulated cities, which cover region types including
buildings, open space, foliage, and bodies of water. To map the path loss data with the
generated region maps, we consider the geographical coordinates of the simulated scenarios.
That is, by adding latitude/longitude to region maps, each path loss data can be therefore
mapped into the region map. The region maps of four scenarios with coordinates are shown

in Fig. 4.3.

Longide

(b)

O Building
@ Open Space
B Foliage

Building
Open Space
Foliage

Longide 0 Longitude

(©) (d

Fig. 4.3 Region maps of (a) Sheffield, (b) Barnsley, (c) London, and (d) Manchester. Along
with the classified region types and the geographic coordinates.
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Table 4.3 Information of Datasets for Model Extraction and Performance Validation. #
of Points Refers to the Number of Data Points After Distance Binning and Path Loss
Thresholding

Scenario City Set Type Environment Frequency Range # of Points Distance Range
LOS 26,730 30-800 m
Sheffield  Extraction 0.85-5 GHz
NLOS 373,570 35-1,500 m
UMa
L LOS 36,331 31-800 m
Barnsley  Validation 0.85-5 GHz
NLOS 391,134 31-1500 m
LOS 4,431 18-200 m
Manchester Extraction 0.85-5 GHz
) NLOS 36,436 18-600 m
UMi
L LOS 3,396 28-200 m
London Validation 0.85-5 GHz
NLOS 37,109 28-600 m

Stage 2: Data Processing.

To characterise and validate the AMPLE model, the datasets of four cities are split into
extraction and validation sets, where an extraction set refers to dataset used for model
extraction, and a validation set refers to dataset used for validating the model performance.
We take Sheffield in the UMa and Manchester in the UMi as extraction sets for parameter
extraction, and Barnsley in the UMa and London in the UMi as validation sets for model
validation. Following the similar filtering and LOS/NLOS classification strategy described in
Section 4.3.4, we combine three frequencies together for model characterisation, where the

detailed information is listed in Table 4.3.

Stage 3: Model Extraction.

Considering the straight line method described in Section 3.2.1, we construct the model
format in (4.2) for each T-R pair. Based on the statistical properties of path loss and shad-
owing, we extract the desired model parameters including PLEs n,,, intercept A, frequency
coefficient ¥, and the standard deviation o. Specifically, we consider ML with gradient
descent to extract the parameters of the AMPLE model. As shown in (4.2), the AMPLE

model can be computed as

M
PL.[dB] =A+ Y  Dunp++10ylog,(f2) + ¥o. 4.2)

m=1
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With the random variable Wy, the path loss follows a normal distribution, along with

N[u(A,nm,y),0%], where [101]

M
(A, ny,,y) =A+ Z Dy +10y10g,0(f)- (4.5)

m=1

Following that, we first compute the PDF of (4.2), which can be expressed as

1 lZ_ A7 my 2
P(ZZ;H(Aanm7Y)7G) = \/ﬁcexp(_ ( “(26;1 Y)) )7 (46)

where [, is the zth path loss value. Then, the joint PDF (i.e., likelihood function) can be

expressed as

4 1 (lz_au(AvnM7Y))2

By converting the likelihood function F into its negative natural logarithm form, the problem
of finding the optimal parameters can be formulated as minimising this negative log-likelihood

function, which can be expressed as

arg glmryl (—InF(u(A,np,7),0)). (4.8)

Because we here use gradient descent to regress these parameters, the partial derivatives
of —InF(u(A,ny,y),0) with respect to all parameters are required, including PLEs n,,,

intercept A, frequency coefficient ¥, and the standard deviation ¢, which are

_ IInF(u(A,nm,y),

Ama
ne_f o)

~ OInF((A,nm, ), é ( (A, 1, 7) —lZ)Dm>

on,,

, (4.10)

z=1
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IInF (1(A, i, Y),0) & ((W(A,nm, ¥) — 1) 10log ()

_ 3y _Zz:l ( 2 ), 4.11)
alnF(u(A;nm7}/>7G> _ 4 1 (lZ_nLl'(A;nm7’}/>)2

B Jdo _ZZ:1 (G B o3 ) (+12)

Note that the initial values of gradient descent are chosen based on our previous works in

[16, 17], and the step size is set as 2 X 107°.

4.4.2 Information and Calibration of Compared Models

To validate the performance of the AMPLE model, we consider a comparison with other
empirical path loss models, including the 3GPP path loss model, the SGCMSIG CI model
(i.e., CI-5GCMSIG), the SGCMSIG ABG model (i.e., ABG-5GCMSIG), the CI model with
extraction-set-based calibration (i.e., CI-Calibrated), and the ABG model with extraction-
set-based calibration (i.e., ABG-Calibrated). The 3GPP and SGCMSIG path loss models
are respectively shown in [5, Table 7.4.1-1] and [9, Table 6], and for the CI-Calibrated and

ABG-Calibrated models, the calibration process is given as follows.

As shown in (4.3) and (4.4), the CI model can be expressed as [9, 47]

4z f, x 10°
C

d
PLZ'(f:.d:) [dB] = 20logy < + 10nlog, (ﬁ) +wSl (4.13)

Based on the extraction set for the UMa/UMIi scenarios and LOS/NLOS environments, we
construct the CI-Calibrated model using the same method employed to characterise the

AMPLE model, and the details are given as follows.

With random variable ‘PSI, the mean of the CI model is

4nf, x 10°
C

u(n) =20log,q ( + 10nlog,(d;). (4.14)

Following that, the PDF of the CI model is

Cu(n)?
P(L.: u(n), 0) = ﬁexp(— %) 4.15)
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By combining all data points, the likelihood function is written as

V4 . n 2
F(u(n).0) =] — exp(—w). 4.16)

ol RVOY e 202

Similarly, the parameters within the CI model can be treated as minimising the negative

natural logarithm of (4.16), which is
argrggl(—lnF(u(n), 0)). 4.17)

Therefore, the partial derivatives of —InF (u(n), o), including CI PLE n and standard devia-

tion o, can be computed as

62
Z /1 I, —u(n))?
) (E_—( 53( ) ) (4.19)

We choose the initial values of both n and o based on [9, Table 6], and we set the step size of

((‘u(n)—lz)l()l()glo(dz)>, (4.18)

gradient descent as 2 x 107°,

Meanwhile, for the ABG model, it can be expressed as [9, 47]

d f:
PLABS(f..d;) [dB] = 10atlog, (an) + B +107*%%log, (FZH) +W¥EPY, (4.20)

ABG

where « is the model PLE, B is the intercept, and ¥’ is the frequency coefficient. With

random variable WABG, the mean of the ABG model is

d, :
u(a, B,v*%%) = 10alog) (m) +B +107 " log) (ﬁ) . @2D

Following that, the PDF of the ABG model is

_ ABGY\2
P(; (0, B,Y"P%), 0) = \/;—Mexp(—(lz wle By ) ) (4.22)
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Along with all data points, the likelihood function can be expressed as

Z _ BG\)2
F(‘LL(O(,B,’)/ABG),G):H 1 eXp(—(lZ u(a,ﬁ,yA )) > (4.23)

2072

Similarly, the parameters within the ABG model can be formulated as minimising the

negative natural logarithm of (4.23), and can be expressed as

arg  min  (—InF(u(a,B,7**9),0)). 4.24)

ABG
a,B,y**",c

In the meantime, the partial derivatives of —InF (u(a, 8, 7*B9), o) including PLE «, inter-

cept B, frequency coefficient Y*BC, and the standard deviation ¢ can be computed as
p q y p

dInF .B,7ABY), Z B, y*B%) —1,)101 d;
B (u(aa[;y ),0) :ZZI ((N(a B,y )62 )10log ;4 ( )>7 (4.25)
OnF(u(a,B,7*%9),0) & ((u(a,B,y*B%) —1)
55 — Z_Zl ( = ), (4.26)
dlnF ,B,yABO), .B,7ABS) —1.)101 ;
9 (u(gnyg ),0) _ 5 ((u(a ) 1) oglo<f>)’ 2
olnF(u(a,B,y*8%),0) & (1 (L,—p(a,B,y BY))?
_ 5o _z_zi (E — e ) (4.28)

For the LOS and NLOS environments, the initial values are based on [47, Table III] and [9,

Table 6], respectively. The step size of gradient descent is set as 2 x 1079.

4.4.3 Performance Metrics

For performance metrics, we consider RMSE and MAE to assess the point-wise performance
of model, and average total hit ratio error (AHRE) to evaluate prediction quality of path loss
[132—134]. Further, we define prediction-measurement distribution error (PMDE) to evaluate
the overall alignment between prediction and measurement via statistical distributions, and

mean simulation time per data point to measure model complexity.
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Point-Wise Evaluation.

For the RMSE, it can be computed as

(4.29)

where Z is the total number of data points, lAZ is the zth predicted path loss, and /, is the zth

simulated path loss. For the MAE, it can be expressed as

=

Z (4.30)

V4
MAE = Y
z=1
Quality Evaluation.

For the AHRE [133], it is defined based on the total hit rate (THR) [132]. For the THR, given
a path loss threshold L7, a prediction is considered correct if both the predicted path loss
value [, and the simulated/measured path loss value [, are either greater than, less than, or
equal to L7, regardless of the deviation between [. and I, [134]. The AHRE represents the
average deviation from the 100% THR and is defined as [132-134]

LT max
1 5
AHRE=— ) (100% —THR(Lr)), (4.31)
LT LT:LT,min

where Nj,; is the number of THR points, Ly is the path loss threshold. In this paper, we set
Lt min = 80 and L7 max = 100 for LOS environments, and L7 min = 100 and L7 max = 120
for NLOS environments in both the UMa and UMIi scenarios, as most path loss values are
concentrated within these ranges. Additionally, this method is useful for evaluating the
validity of a model in cases where coverage is defined solely by a threshold value. Note that

a smaller AHRE indicates better model prediction accuracy [132-134].
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Overall Alignment Evaluation.

To evaluate the model performance from a more comprehensive perspective, we define the
PMDE as an overall alignment metric. We first use the Akaike information criterion (AIC)
to determine the best-fit distributions for both the predicted and measured (or simulated)
datasets [46]. We here consider the candidate distributions including normal, lognormal,
gamma, Weibull, Rayleigh, Ricean, and chisquare. By constructing the PDFs for the two
datasets, we then compute PMDE as the integral of the absolute difference between the two

PDFs. The PMDE can be given as

PMDE = [ |f,(x) = fi(¥)ldx. (4.32)

where f,(x) and f;(x) are the PDFs of the predicted and measured (or simulated) datasets,
respectively. Note that these two PDFs describe the overall distributions of the datasets
across the environment, which is fundamentally different from point-based shadow fading
that characterises local variations at one fixed location [41].

The PMDE provides a statistically grounded way to evaluate the alignment between
model-predicted and measured (or simulated) dataset distributions, going beyond point-
wise errors and offering a distribution-level performance metric. Similar to the RMSE
and the MAE, the PMDE is a general-purpose metric that can also be applied beyond
path loss modelling, wherever distributional similarity between predictions and reference
data is of interest. A smaller PMDE indicates a better alignment between prediction and

measurement/simulation.

Complexity Evaluation.

For the mean simulation time per data point, we run the models 1,000 times on the same
dataset and compute the average simulation time for a single data point within one run. We

define the mean simulation time per data point as

1 Z G
b=z Z, Z,ltz,g, (4.33)
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where 7, represents the mean simulation time per data point, G is the total execution rounds
(i.e., G = 1,000 in this case), and 7, , denotes the simulation time of the zth data point in
the gth execution (or run) of the model. We perform multiple runs instead of a single run
and simulate the entire dataset rather than individual data points to mitigate fluctuations in
computer performance. In this chapter, we run the models and compute 7, on a typical office
computer (CPU: Intel (R) Core (TM) i5-10505 3.20 GHz; RAM: 16.0 GB 2133 MHz) with
MATLAB-R2024b programming environment.

4.4.4 Results and Analysis

Table 4.4 Performance of Models under UMa Barnsley and UMi London From 0.85 to 5
GHz

Scenario Environment Metric 3GPP CI [9] CI-Calibrated ABG [9] ABG-Calibrated AMPLE

RMSE [dB] 595 9.52 5.07 4.77 4.67

MAE [dB] 4.58 8.10 4.23 3.88 3.68

LOS AHRE [%] 16.56 31.44 15.79 N/A 14.67 14.06

PMDE 034 1.02 0.15 0.12 0.51

UMa tp [ns] 110.51 13.12 12.91 12.46 9.00
RMSE [dB] 15.34 11.05 11.43 10.75 11.35 9.43

MAE [dB] 1291 947 9.81 9.12 9.63 7.81

NLOS AHRE [%] 21.21 19.05 19.57 18.01 18.87 15.41

PMDE 1.02  0.77 0.80 0.63 0.71 0.56

tp [ns] 117.40 15.45 15.49 13.26 13.41 11.4

RMSE [dB] 11.52 12.16 6.86 6.29 4.49

MAE [dB] 10.71 11.39 5.78 5.02 3.65

LOS AHRE [%] 37.95 39.89 23.15 N/A 20.39 14.45

PMDE 1.33  1.37 0.83 0.97 0.26
UM tp [ns] 117.01 25.44 24.88 24.84 25.12
RMSE [dB] 13.58 13.69 10.91 13.58 10.85 9.15

MAE [dB] 1154 11.71 8.17 11.54 7.93 6.54

NLOS AHRE [%] 35.51 36.31 26.15 35.51 25.45 20.35

PMDE 0.93 1.00 0.69 0.93 0.73 0.56

tp [ns] 130.65 13.47 13.48 13.44 12.95 9.95

As shown in Table 4.4, the performance of the models is evaluated using the metrics

introduced in Section 4.4.3. Generally, the AMPLE model outperforms the current empirical
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path loss models used in the GSCMs [5, 9], while maintaining the same level of simulation
time, that is, the same model complexity. Note that when computing the simulation time
1, in (4.33), similar to other empirical models, we consider the map information within the
AMPLE model as pre-information (i.e., similar to simulated/measured path loss data) during
model construction (as shown in Fig. 4.2 and explained in Section 4.4.1). Moreover, we draw
the CDFs to visualise the absolute error between the model predictions and the simulation

results under two scenarios (i.e., |I; — I.|), which are shown in Fig. 4.4 and Fig. 4.5.

For the UMa scenario under the LOS environment, the AMPLE model performs similarly
to other models. This can be seen in both Table 4.4 and Fig. 4.4(a), where the performance
metrics in Table 4.4 and the CDF plot in Fig. 4.4(a) show that the AMPLE model has
similar performance compared to other models, such as the ABG-Calibrated model and the
CI-Calibrated model. This is because the LOS case involves a simple environment where
transmission experiences minimal environmental impact. In such a situation, considering
environmental factors has a limited contribution to path loss prediction. However, for
the UMa scenario under the NLOS environment, environmental factors such as buildings
and foliage cannot be ignored, making their consideration significant in path loss prediction
[16, 17]. As shown in Table 4.4, the AMPLE model outperforms other models by considering
main environmental factors, which provide more information during path loss predictions,
and similar results can also be observed in Fig. 4.4(b). Meanwhile, in the more concentrated
and complex UMi street canyon scenario, transmission is subject to greater environmental
impacts, making environmental considerations even more crucial for path loss predictions.

As aresult, the AMPLE model outperforms other models, as shown in Table 4.4 and Fig. 4.5.

Besides, to visually illustrate the performance of the AMPLE model, we present heatmaps
and absolute error maps of the models under 0.85 GHz, as shown in Fig. 4.6 and Fig. 4.7 for
the UMa and UMi scenarios, respectively. The absolute error map is computed based on the
absolute error between the model predictions and Ranplan simulations. For the heatmaps in
both scenarios (i.e., Fig. 4.6(b)-(g) and Fig. 4.7(b)-(g)), the predictions follow a radiation-like,
distance-based trend under the LOS and NLOS cases, except that the AMPLE model predicts

path loss based on both LOS/NLOS environments and environmental factors.
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Fig. 4.4 CDF of absolute error between model predictions and Ranplan Professional simula-
tions under the UMa Barnsley, with (a) the LOS environment, and (b) the NLOS environment.
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Fig. 4.6 Predictions under the UMa Barnsley 0.85 GHz, which include: Heatmaps for
(a) Ranplan Professional simulation, (b) 3GPP [5, Table 7.4.1-1], (c) CI-5GCMSIG [9,
Table 6], (d) CI-Calibrated, (¢) ABG-5GCMSIG [9, Table 6], (f) ABG-Calibrated, and (g)
AMPLE; and absolute error maps for (h) 3GPP, (i) CI-5GCMSIG, (j) CI-Calibrated, (k)
ABG-5GCMSIG, (1) ABG-Calibrated, and (m) AMPLE.
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Fig. 4.7 Predictions under the UMi London 0.85 GHz, which include: Heatmaps for (a)
Ranplan Professional simulation, (b) 3GPP [5, Table 7.4.1-1], (c¢) CI-5GCMSIG [9, Table 6],
(d) CI-Calibrated, (e) ABG-5GCMSIG [9, Table 6], (f) ABG-Calibrated, and (g) AMPLE; and
absolute error maps for (h) 3GPP, (i) CI-5GCMSIG, (j) CI-Calibrated, (k) ABG-5GCMSIG,
() ABG-Calibrated, and (m) AMPLE.
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For the error maps in the UMa scenario (as shown in Fig. 4.6(h)-(m)), prediction accuracy
is largely influenced by the environment. Taking the 3GPP model as an example (Fig. 4.6(h)),
prediction errors are acceptable in the LOS environment but abruptly increase as the envi-
ronment gradually transitions to the NLOS case. Even with different parameters for the
NLOS environment [5, Table 7.4.1-1], the 3GPP model still has a mean error of around
12 dB. This is similar to the CI-5GCMSIG model (Fig. 4.6(1)) and the ABG-5GCMSIG
model (Fig. 4.6(k)), both of which perform slightly better than the 3GPP model in the NLOS
environment. We previously consider that this may be caused by the differences in model
construction datasets, so we use Ranplan simulation data to calibrate both the CI model and
the ABG model (details are provided in Section 4.4.2). However, as shown in Fig. 4.6(j) (the
CI-Calibrated model) and Fig. 4.6(1) (the ABG-Calibrated model), the results indicate that
calibration improves predictions only in the LOS cases, while a gap remains in the NLOS
case. Most errors are similar to those in the CI-5GCMSIG model and the ABG-5GCMSIG
model, with a mean error of approximately 9 dB. Following that, by considering environmen-
tal factors, the AMPLE model (Fig. 4.6(m)) mitigates prediction errors in the NLOS case,

with a mean error of around 8 dB.

For the error maps in the UMi scenario (as shown in Fig. 4.7(h)-(m)), prediction accuracy
is influenced by both the environment and the dataset. The same environmental impact is
observed in this scenario, where the 3GPP model (Fig. 4.7(h)), the CI-5GCMSIG model
(Fig. 4.7(1)), and the ABG-5GCMSIG model (Fig. 4.7(k)) show significant prediction errors
under the NLOS environment, with a mean error of approximately 12 dB. After calibration,
the CI-Calibrated model (Fig. 4.7(j)) and the ABG-Calibrated model (Fig. 4.7(1)) show
lower errors in the LOS environment but still have considerable errors in the NLOS envi-
ronment, with a mean error of around 8 dB. Eventually, the environmental influences on
predictions, especially in the NLOS environment, are effectively mitigated by the AMPLE

model (Fig. 4.7(m)), with a mean error of around 7 dB.
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Table 4.5 Parameters (in dB) of the AMPLE Model for UMa and UMi From 0.85 to 5 GHz

Model Parameter UMa UMi

LOS NLOS LOS NLOS

Intercept A 59.86 59.79 55.19 55.20
In-Building n; 1.35 1.80 1.59 1.78
Open Space ny 1.14 1.64 1.46 1.89
Foliage n3 2.59 2.71 2.70 2.70
Bodies of Water ng4 1.79 1.93 1.80 1.80
Frequency Coefficient y  0.92 1.94 1.97 1.98
Shadow Fading std. 6 5.40 9.53 8.01 8.00

Frequency from 0.85-5 GHz, Frequency from 0.85-5 GHz,

Default Values hgs =30 m, hyr = 1.5 m hgs =15m, hyr =1.5m

4.4.5 The AMPLE model From 0.85 to 5 GHz

Table 4.5 lists the parameters of the AMPLE model for the UMa and UMi scenarios. With
different antenna heights (i.e., UMa hgs = 30 m, and UMi hgs = 15 m), the intercept A
in the UMa scenario is slightly larger than in the UMi scenario. Beyond that, since most
environments consist of buildings and open space, the PLE values of these two region types
(i.e., n1 and ny) largely influence the performance of the AMPLE model, resulting in distinct
differences across environments/scenarios. In contrast, the PLEs of foliage and water (i.e., n3
and n4) remain similar across four cases. In the meantime, the frequency coefficient reflects
the impact of frequency on path loss, where only the UMa LOS environment shows a weaker
frequency dependence. This may arise from the simplicity of the environment [47] and the
limited range of frequency bands, which prevents the full impact of frequency dependence
from being observed. If more complex environments, more carrier frequencies, or both are

contained in the datasets, the frequency dependence would increase.

Besides, two points require further clarification: (1) why the AMPLE model in the

LOS environments still cover those environmental factors instead of modelling open space
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only, despite the typical definition of LOS; and (2) why the open space regions in the LOS
environments of both scenarios have relatively lower PLE values. Regarding the first point,
we classify data points based on both the map layout and a path loss threshold. That is, the
LOS category includes not only direct LOS links but also those with first-order reflections,
which can still result in low path loss values [125]. Furthermore, according to the straight-
line mechanism described in Section 3.2.1, all regions intersected by the straight line are
considered to contribute partially to the total path loss of the link. Therefore, even in the
LOS environments, the influence of environmental factors remains present in both scenarios.

Moreover, the low PLE value for open space within the LOS environment is also attributed
to the model’s mechanism. Since the Txs are placed on buildings and the environmental
information is based on 2D maps, links without obstructions are consistently misrecognised
as penetrating through at least one building (i.e., the one located beneath the Tx) before
reaching the Rxs. In other words, the impact of open space tends to be underestimated
because the model mistakenly attributes it to buildings—particularly in the short-range LOS
cases. Under these conditions, most of the open space influence is incorporated into the
characterisation of buildings, causing the PLE n; to remain low at 1.14 for the UMa LOS
and 1.46 for the UMi LOS. Instead, due to the more complex region intersections in the
NLOS environments, this type of misclassification has less impact, as reflected in the more
realistic parameter values observed in the NLOS cases for both scenarios [5, 9]. While
this misrecognition affects the PLE values in the LOS environments, it still results in good
path loss prediction performance (as described in Section 4.4.4). Therefore, we consider
addressing this issue as part of future work to further enhance the AMPLE model, particularly

in the LOS environments.

4.5 Summary

In this chapter, we have characterised the AMPLE model under UMa and UMi scenarios
from 0.85-5 GHz. By using Ranplan Professional, we simulated four cites to characterise

and validate the AMPLE model. The ray-based simulations at 2.1 GHz are validated with
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measurements by extracting the CI model parameters and compared with those extracted from
measurements in [47, Table I]. We also compared the AMPLE model with the 3GPP model,
the ABG model, the CI model, and the models with simulation calibrations. The results

showed that the AMPLE model outperforms these models by considering environments.






Chapter 5

An Empirical Site-Specific Channel
Large-Scale Parameter Model with

Ray-Based Validation

5.1 Introduction

12 Apart from capturing complete propagation mechanisms (e.g., reflection, diffraction, scat-
tering, and penetration) like ray-based models, the AMPLE model focuses on the root causes
of these mechanisms—the environments that produce these mechanisms [16]. This is crucial
for channel modelling since environments have the nature of “mechanism preferences” (e.g.,
walls mainly cause penetration, and corridors lead to waveguide effects). On the other hand,
for LSPs other than path loss, those environmental factors are also important towards them,
because all these values are related to signal power (i.e., the Ricean K-factor [43, 44], DS
[45], and AS [46] are all influenced by the power of multipath components).

Given the importance of environmental factors and the relationships between LSPs and

signal power, along with the statistical nature of these LSPs (i.e., distance-based log-normal

'The content of this chapter is based on the revised version of our publication [19].

2© 2025 IEEE. Reprinted, with permission, from L. Zhou, J. Zhang, J. Zhang, K. Lin, W. Qi, and J. Chen,
“A site-specific channel large-scale parameter model with ray-based validation,” IEEE Trans. Veh. Technol.,
early access, Dec. 2025, doi: 10.1109/TVT.2025.3640770.
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distributions as demonstrated by previous research [41-46]), we connect the environments
with large-scale parameter exponent (LSPE) matrix to numerically reveal the impacts of
multiple regions on a single link. In this chapter, we propose a simple LSP model considering
environmental factors, named as the AMPLE-LSP model. For LSP predictions, the AMPLE-
LSP model covers parameters including path loss, the Ricean K-factor, DS and AS. This
is achieved based on the straight line of each link that records the intersected regions and
the corresponding lengths, of which the straight line is irrelevant to physical propagation
mechanisms. Once the parameters are regressed, the AMPLE-LSP model achieves a site-
specific LSP channel modelling, which enhances its accuracy compared to the models without

physical-surrounding information.

The rest of this chapter is organised as follows. In Section 5.2, we provide the theoretical
basis of the AMPLE-LSP model, that is, the distance-based log-normal modelling methods
of LSPs. In Section 5.3, we introduce the AMPLE-LSP model, which is an extension to
other LSPs based on the AMPLE model. In Section 5.4, we use Ranplan Professional to
simulate both outdoor UMa and indoor InH scenarios for parameter extraction and model
validation. Then, we present the application process of the AMPLE-LSP model, including
the parameter extraction procedure. In Section 5.5, we validate the model performance and
compare it with the LSP prediction in the 3GPP model and the 5SGCMSIG model. Finally,

Section 5.6 summarises this chapter.

5.2 Theoretical Basis

In this section, we provide a brief background on path loss, the Ricean K-factor, DS,
and AS, focusing on the distance-based log-normal distributions, which are rarely known—
particularly for the latter three [4—13]-but have been proposed and validated through previous

measurement-based research [41-46].
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5.2.1 Path Loss

Path loss is commonly defined as the difference (in dB) between the effective transmitted
power and the received power [41], and here we consider path loss without antenna gains.
Because of the log-normal nature over distance, beyond a CI distance dy (usually considered
as 1 m), the path loss can be characterised as a function of distance d plus a shadow fading

term ‘I’EL, which can be expressed as [42]

PL[dB] = AP + 10n™ log, o (d /do) +PE-,  d > dp, (5.1)

APL L

where is the intercept representing the regressed decibel path loss at CI distance dy, n°

is the PLE, and the shadow fading term ‘Pl;L is normally distributed in decibels, with zero

mean and a standard deviation o*r.

5.2.2 The Ricean K-Factor

The Ricean K-factor is determined as the power ratio between the strongest path and the sum
of other multipath components [125]. In [43], by revealing the log-normal property of the
Ricean K-factor from measurements, the authors proposed a distance-based Ricean K-factor
model. This model has a form similar to the log-distance path loss model, and it can be

expressed in decibels as [43, Eq. (15), (16)]
K [dB] = AK +10nXlog,yd + P& (5.2)

with

AK=F+K,, (5.3)

where AKX is the intercept of K (it is set as the 1-km intercept for suburban macrocell
environment in [43]), F is a combination of environment factors including season, antenna
height, and beamwidth, K,, is a constant around 10.0 dB, nK is the exponent, d is the distance,

and WX is a normal variate in dB-scale having zero mean and a standard deviation o¥. A
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similar distance-based model structure is also used in [44, Eq. (28)] to statistically predict

the Ricean K-factor, of which it covers both LOS and NLOS cases.

5.2.3 RMS Delay Spread

Based on the delays of multipath components, the DS can be computed as [41, 45, 125]

2
ps = | Zim1 AT < g—”DV“) (5.4)
o1 P 1P

where 7, and P, are the excess delay and the power of the vth multipath, respectively.

Following that, in [45], the authors introduced the log-normal distribution property of DS
in relation to distance d, and provided a detailed argument and validation for this statistical

property. At the end, the authors proposed a statistical model for DS, which can be written in

decibels as [45, Eq. (10)]
DS [dB] = APS + 10nP5 log o d + P25, (5.5)

where APS is the intercept of DS (the median value of DS at d = 1 km), nPS is the exponent,

and WS is a normal variate in dB-scale with zero mean and a standard deviation ¢S,

5.2.4 Angular Spread

According to the 3GPP standards, the azimuth angular spread of arrival (ASA) and zenith
angular spread of arrival (ZSA) can be obtained as [6, 125]
V_1(6yu)2P,

AS = [ ==

: (5.6)
=1 R

where 6, , is given by

0,y =mod(6, — ug +7,21) — T, (5.7)
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where 0, is the azimuth angle of arrival (AOA)/zenith angle of arrival (ZOA) of the vth
multipath, and ug is defined as
_ L1 6B

Ho % .
v=1 PV

(5.8)
In [46], after comparing multiple distribution functions at different distances of AS
measurements via AIC method, the authors finally proved the distance-based log-normal

distribution of AS. The statistical model of AS can be written as [46, Eq. (6), (7)]

AS[dB] = A% +B-d +¥55, (5.9)

where AAS

and B are defined in [46] as the environment coefficients determined by linear
regression, d is the distance, and ‘PQS is a normal variate in dB scale with zero mean
and a standard deviation 5. It should be noted that similar to the case of the Ricean
K-factor (characterised by log-distance in [43, Eq. (15), (16)] and distance in [44, Eq. (28)]),
modelling AS by distance in [46, Eq. (6), (7)] does not mean that AS cannot be modelled by

log-distance.

5.3 The AMPLE-LSP Model

On the one hand, log-normal distributions of LSPs, including path loss [41, 42], the Ricean
K-factor [43, 44], DS [45], and AS [46], provide a means of modelling those channel
parameters as functions of distance in decibels. On the other hand, the AMPLE model
offers a semi-empirical method for predicting path loss while considering environmental
factors. Drawing on the similarities among these LSPs, we combine these approaches into an
AMPLE-like method, that is, we construct the AMPLE model for LSPs (AMPLE-LSP) based
on their distance-based log-normal distributions while considering environmental factors.
In this section, the process of constructing the AMPLE-LSP model is discussed in
detail. A general modelling process is shown in Fig. 5.1, including LSP data analysis, map
information extraction, model construction based on the straight line, and characterisations

and predictions.
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Fig. 5.1 Process of constructing the AMPLE-LSP model. (a) Channel LSP data from
ray-based simulations and/or measurements. (b) Channel environment data with region
classification. (c) Straight line with region lengths between Tx and Rx. (d) Predictions of
LSPs.

5.3.1 Preliminary Information

Similar to the construction process of the AMPLE model (illustrated in Section 3.2), both
LSP and environment information are required prior to construct the AMPLE-LSP model.
For LSP data (as shown in Fig. 5.1(a)), they can be obtained from either ray-based simulations
or measurements, and should include both the LSP values and the corresponding spatial
coordinates. In addition, for channel environment data, it can be collected either from colour-
coded raster maps for outdoor scenarios [16] or room layouts for indoor scenarios. To identify
different environmental factors, the 2D raster map of the environment is classified into region
types (e.g., walls as a region type) based on RGB values of map colours. For outdoor cases,
machine learning methods such as k-means clustering [16, 17] are used for pre-processed
maps (e.g., Google Maps), while deep learning methods like convolutional neural networks
can be employed for raw maps with arbitrary region shapes (e.g., satellite maps). In indoor
scenarios, region maps can be alternatively created using digital drawing software such

as AutoCAD. Then, the LSP data collected from simulation and/or measurement can be
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mapped onto region maps using coordinate systems, either employing the latitude/longitude

for outdoor cases or room dimensions for indoor cases.

5.3.2 Model Construction

To parametrise the environment and construct the model, each region type is initially assigned
a LSPE matrix that contains different LSPEs corresponding to various LSPs. These LSPE
matrices are extracted based on different LSPs using simulations and/or measurements. Then,
a straight line for each T-R link is established to record the intersected region, along with
the region lengths, as illustrated in Fig. 5.1(c). Similar to (3.1), the straight line S*>F can be

expressed as

No Nf N, -+ N
gLsp_ [0 T 72 K (5.10)

dy di do -+ dg
with
(5.11)

Y

T
Ne=[afl uf nfS npS

where Ny is the Rth region LSPE matrix, []T is the transpose of a matrix, and dg is the

corresponding region length.

Considering the nature of CI distance in path loss [41] and the similar CI-distance-
intercept relationship shown in other LSPs (as discussed in Section 5.2), we set dj as the
CI distance for all LSPs along the straight line (where dy = 1 m), and the regions within
the length dy are simplified as CI region. In other words, elements in Ny are 0, and the
values of LSPs at dj are regressed as intercepts through simulations and/or measurements.
In Fig. 5.1(c), the straight line intersects the CI region and seven other regions (i.e., R = 7),

along with region lengths from dj to d.

For the AMPLE-LSP model, the formulation of the LSPs in decibels for each T-R straight

line can be expressed as

R rod
LSP[dB] = A+ ) 10N, log, (E’;—‘f £+ %, (5.12)
Zk:() dy

r=1
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where LSP, A, R, N,, di, and W are characterised as follows.
» Large-scale Parameter (LSP):
T
LSP[dB] = [pL k DS AS| . (5.13)

In the AMPLE-LSP model, the LSPs, including path loss (PL), the Ricean K-factor (K),
RMS delay spread (DS) and angular spreads (AS), can be calculated using equation
(5.12). Note that the parameter pairs vary across different LSPs and are extracted from

simulations and/or measurements.

* Intercept (A):
T
A= [APL AK  4DS AAS] . (5.14)

The intercept matrix A contains the LSP values in dB scale at CI distance dy (dp = 1

m), which is extracted along with LSPE matrices.

o Intersected Regions (R, N,): Since the regions within dy are not counted in (5.10)
(i.e., np = 0), R regions are intersected by the T-R straight line, and the LSP matrix N,

contains the corresponding LSPEs for the rth region, which is

T
N, = [nPL nK DS As| (5.15)

Weighted LSP (d;): The weighted LSP of the rth region is computed by the subtraction
between the end point LSP of rth and » — 1th region, respectively [15-18]. Note that

dy is the kth region length.

* Normal Variate (¥5):
Y, = [WPL WK DS \pAS T
° [ c c c o : (5'16)

In dB scale, W, contains the normal variates for LSPs, each with a zero mean and a

standard deviation o [41-46].
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Since the intersected regions R might not match the region types (e.g., one region type may
be intersected multiple times), the terms with the same LSPE matrix (i.e., same region type)

in equation (5.12) can be combined, which can be expressed as

M
LSP[dB]=A+ Y D,N,+¥s (5.17)
m=1
with
T
No=[nfl & nBS wiS| (5.18)

where M is the number of classified region types, N,, is the LSPE matrix that contains the mth
region type LSPEs, and D,, is the corresponding coefficient which is extracted by combining

terms of N,,,.

For the number of Z data points (i.e., Z links) within the simulations and/or measurements,
there are Z equations that have the similar format of (5.17). That is, those undefined parameter
matrices, including intercept A, LSPE matrix N,, for each region type, and the standard
deviations of the normal variates W, can be extracted by those Z paths and equations.
Note that even the formations of equations are the same, different LSPEs within N,,, are
independent (e.g., n"- and nAS are extracted based on the simulated and/or measured path loss
and AS, respectively). Finally, the predictions can be made via extracted model parameters,

as illustrated in Fig. 5.1(d).

5.4 Model Applications

In this section, we apply the AMPLE-LSP model in complex outdoor scenarios and simple
indoor scenarios simulated by Ranplan Professional [108-111]. We first introduce the
Ranplan Professional channel multipath simulation with an example. Then, we present
the applied outdoor and indoor scenarios for parameter extraction and model validation
with details. After that, we introduce the parameter extraction process to construct the

AMPLE-LSP model.



An Empirical Site-Specific Channel Large-Scale Parameter Model with Ray-Based
78 Validation

5.4.1 Ranplan Professional Channel Multipath Simulation

Recently, powerful ray-tracing simulators have been treated as “ray-tracing measurements
[126]” to validate vital 5G technologies [124], as they can cover a wider range of channel
information compared to the hardware measurements, while with only minor discrepancies
[121-126]. Moreover, researchers have expanded the current standard 3GPP channel model
using ray-based simulations [9, 10, 125]. In other words, with the current state-of-the-art,
newly designed channel models can be characterised and validated not only by hardware
measurements, but also the ray-based simulations. Therefore, in this chapter, we use Ranplan
Professional, a powerful commercial ray-tracing simulator, to characterise and verify the
proposed AMPLE-LSP model. Validated by hardware measurements [110, 111], Ranplan
Professional has been used to characterise and validate channel models, including the AMPLE
model [17, 18] and the DeepRay propagation model [112], as well as to validate other research
in wireless communications [113, 114, 127, 128].

In Fig. 5.2, an example of Ranplan Professional multipath simulation is illustrated.
Initially, the simulated environment is covered by multiple Rxs with a 0.5-metre interval,
along with one Tx setting up at the centre of the environment, as illustrated in Fig. 5.2(a).
Each T-R link contains separate multipath channel information including the number of
multipath components, T-R separation distance, path gain, travel delay, AOA/ZOA, and
the propagation process of each path. An example is shown in Fig. 5.2(b), where the Tx
and Rx are positioned at (10, 5) and (0.25, 9.75), respectively, along with the first seven
multipath information. It should be noted that the path propagation process records the
full route of each path from the Tx to the Rx. For instance, in Fig. 5.2(b), ray no. 2
arrives at the Rx after one direct propagation (D), two transmissions (T), and one reflection
(R). Thus, the propagation process of ray no. 2 is represented as “D-T-T-R". A simple
explanation of simulated ray types is shown in Fig. 5.3, while a comprehensive illustration
of ray types within a ray-tracing simulator can be found in Section 2.1.1 and [29, Section
III]. In the Ranplan multipath simulations, 5 transmissions, 5 reflections, and 2 diffractions
are considered the maximum mechanisms per path, whereas scattering is not covered. The

propagation mechanism configurations in Ranplan Professional have been verified through
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Fig. 5.2 Example of Ranplan Professional channel multipath simulation. (a) Simulation with
Rxs across the whole environment with a 0.5-metre interval. (b) Multipath simulation results
of one link (i.e., between Tx (10, 5) to Rx (0.25, 9.75)). Propag. stands for propagation
process of rays (e.g., for ray no. 2, “D-T-T-R” means the signal of this ray arrives at the Rx

after one direct propagation (D), two transmissions (T), and one reflection (R)).

hardware measurements and are reported in [110, 111]. If one link contains a path with only

direct propagation, we consider it a LOS link, and we use this criterion to distinguish LOS

and NLOS cases within the simulation.

5.4.2 Simulated Scenarios

We construct complex outdoor scenarios and simple indoor scenarios to comprehensively

characterise and validate the AMPLE-LSP model, where each scenario type contains two
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Direct propagation (D):T(((I))) =R(((I)))
Transmission (T): T(((I))) - A'R(((T)))

Reflection (R): TS((I))) E/RS«T»)

Diffraction (F): T(((T))) 4\1{(«1’))

Fig. 5.3 Simple explanation of propagation mechanisms considered in the Ranplan Profes-
sional multipath simulation, where scattering is not covered [108]. Detailed information of
ray types in ray-tracing can be found in Section 2.1.1 and [29, Section III].

simulations for parameter extraction and model validation [17]. Detailed scenario information

is provided as follows.

Outdoor UMa Scenarios

Two UK cities, Sheffield (Outdoor Scenario A) and Barnsley (Outdoor Scenario B), are
simulated to construct the outdoor UMa scenarios that fulfill the 3GPP UMa descriptions
[17]. Environmental information, such as the city layouts and region elements, is imported
from EDINA’s Digimap Ordnance Survey [116], and the key region types after classification
include buildings, open space, foliage, and bodies of water (lake, river, etc.). As shown in
Fig. 5.4(a) and Fig. 5.4(c), two region maps are extracted from Ranplan Professional via
XML files. The Txs in both scenarios are positioned on the rooftop of buildings and are
equipped with omnidirectional antennas transmitting at SGNR 2.1 GHz (SGNR band nl,
10-MHz bandwidth). The Tx power is 26 dBm, and the antenna gains of both Txs are 0 dBi.
Complete environmental information, such as region heights, simulation ranges, Tx position,

and the electromagnetic property of materials, is reported in Section 4.3.2.
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Fig. 5.4 Environmental information of the outdoor scenarios, including (a) the region map
and (b) LOS/NLOS data of Outdoor Scenario A for parameter extraction, and (c) the region
map and (d) LOS/NLOS data of Outdoor Scenario B for model validation.

Following the multipath simulation process illustrated in Fig. 5.2(a), both cities are
mapped with Rxs with a resolution of 5 m. Due to the complexity of outdoor scenarios,
not every positioned Rx receives a signal. Initially, we collect 224,627 links for Outdoor
Scenario A and 160,400 links for Outdoor Scenario B, where the total multipath components
are 1,813,795 and 2,862,957, respectively. Each data point includes the T-R separation
distance, ray path gain, delay, AOA/ZOA, and the propagation process of each ray (as
described in Section 5.4.1, with examples shown in Fig. 5.2(b) and Fig. 5.3). Following that,
to eliminate small-scale fading effects, we assume that all the rays within a link contribute
constructively to the total path loss and we compute the path loss by summing the path

loss of rays in linear scale. Other LSPs, including the Ricean K-factor, DS ((5.4)), and
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Table 5.1 Information of Outdoor Datasets for Model Extraction and Performance Validation.
# of Data Points Refers to the Number of Data Points

Outdoor Scenario A Outdoor Scenario B
Set Type Extraction Validation
Frequency [GHz] 2.1 2.1
Environment LOS NLOS LOS NLOS
# of Data Points 879 28,563 2,892 32,677

Distance (1;,0,) [m] (281.8,208.7) (461.0,207.4) (200.7, 122.9) (543.5,216.9)
PL (uP*, ") [dB] (85.7,6.5)  (104.5,7.9)  (84.7,4.6)  (104.6,6.9)
K (u¥, %) [dB] (4.0, 3.3) - (6.8, 4.8) -

DS (1S, 6PS) [ns] (149.2,67.9) (293.7,223.6) (253.5,88.2) (309.9,212.9)
ASA (uASA 6ASAY o]  (39.7,19.3)  (65.3,28.8)  (36.5,17.1)  (58.3,30.5)
ZSA (uZ8A 6Z8Ay [o] (24,1.7) (5.8,4.7) (2.2, 1.4) (5.0,4.4)

ASA/ZSA ((5.6)-(5.8)), are computed according to the procedures and equations described in
Section 5.2. In the meantime, based on the propagation process of rays within each link, we
classify a link as LOS if it contains at least one multipath component with direct propagation
only (as described in Section 5.4.1). Using this criterion, the entire scenario can be divided
into LOS and NLOS environments. After filtering out erroneous simulations (e.g., data
points outside the considered scenario, T-R distance greater than 1,500 m, etc.), we finally
collect 29,442 links in Outdoor Scenario A for parameter extraction and 35,569 links in
Outdoor Scenario B for model validation. The LOS/NLOS distributions of two outdoor
simulations are illustrated in Fig. 5.4(b) and Fig. 5.4(d), respectively. In the meantime, the

LSP information of two datasets with LOS/NLOS classification is described in Table 5.1.

Indoor InH Scenarios

As shown in Fig. 5.5(a) and Fig. 5.6(a), both indoor offices are based on the layout of 3GPP
InH-office [5], with a basic size of 120 m x 50 m x 3 m. Following that, we add more
details including doors and rooms within two indoor offices. By creating the region map

using AutoCAD (as shown in Fig. 5.5(b) and Fig. 5.6(b)), the environmental factors are
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Fig. 5.5 Indoor Office C used for parameter extraction based on 3GPP InH-office layout
[5]. (a) Layout and dimensions. (b) Region map. (c) LOS/NLOS classification based on
multipath simulation.
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Fig. 5.6 Indoor Office D used for model validation based on 3GPP InH-office layout [5]. (a)
Layout and dimensions. (b) Region map. (c) LOS/NLOS classification based on multipath
simulation.

classified into four region types, which are: door is purple, wall is black, corridor is grey,
and floor is white. Also, for the same region type in both scenarios, the materials are set as
the same to facilitate better evaluation. The electromagnetic properties of materials used in
both scenarios, including material type, transmission loss, reflection loss, and diffraction loss,
are listed in Table 5.2. The indoor material database in Ranplan Professional is derived from
measurements conducted by Ranplan Wireless as part of the European project “WiFEEB”
[129].

Combining the room dimensions, a top-view coordinate system is established, where

the Tx is positioned at the centre of the office (i.e., coordinates (60, 25)). For both indoor

Table 5.2 Electromagnetic Properties of Materials Used in Ranplan Professional at 2.4 GHz,
Including Losses [dB] of Transmission, Reflection, and Diffraction [129]

Object Door Wall Corridor Floor
Material Medium wood Medium concrete Heavy concrete
Transmission [dB] 53 14.7 23.6
Reflection [dB] 16.6 7.5 6

Diffraction [dB] 27.7 24.7 21.1
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Table 5.3 Information of Indoor Datasets for Model Extraction and Performance Validation.
# of Data Points Refers to the Number of Data Points

Indoor Office C Indoor Office D
Set Type Extraction Validation
Frequency [GHz] 2.4 2.4
Environment LOS NLOS LOS NLOS
# of Data Points 6,478 17,510 4,849 19,139

Distance (1z,0,) [m]  (26.7,16.2) (37.1,14.1) (304, 16.9) (35.3, 14.8)
PL (uP*, o*l) [dB] (69.6,6.9) (93.3,10.7) (67.6,5.9) (91.8,11.4)
K (u¥, %) [dB] (1.8, 2.8) - (2.0,2.2) -

DS (uPS,6PS) [ns] (37.0,17.4) (33.8,15.3) (42.9,15.7) (32.5,15.3)
ASA (uASA 6ASA) [0] (40.7,18.6) (50.9,15.0) (44.0,17.5) (49.2,16.3)
ZSA (u%8A 6284 0] (72,500 (33,27  (65,52) (39,32

scenarios, the Txs are transmitting at WiFi 802.11n 2.4 GHz [108, 135], with a bandwidth of
20 MHz. To eliminate the system influence, we set the Tx power to 0 dBm, and the antenna
gains of both Tx and Rx are 0 dBi. The heights of Tx and Rx are 3 m (i.e., ceiling in 3GPP
[5]) and 1 m, respectively. Note that all the propagation conditions fulfill the modelling

requirements of the 3GPP channel model [5].

Similar to the process illustrated in Fig. 5.2(a), both indoor cases are mapped with 24,000
Rxs with a resolution of 0.5 m, resulting in 24,000 links collected for each case. Since each
link contains multipath components, a total of 777,251 data points are collected in Indoor
Office C and 615,842 in Indoor Office D. The overall information and data extraction process
in the indoor simulations are similar to those in the two outdoor scenarios. After filtering
out erroneous simulations (e.g., removing data points outside the considered scenario, links
shorter than 1 m, etc.), 23,988 links are retained for each case. The LOS/NLOS distributions
of two indoor offices are illustrated in Fig. 5.5(c) and Fig. 5.6(c), respectively. In the
meantime, the LSP information of two datasets with LOS/NLOS classification is generally

described in Table 5.3.
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5.4.3 Parameter Extraction

Following the distance-based log-normal distribution [41-46] described in Section 5.2 and
the structure of the AMPLE-LSP model in (5.17), we generalise the parameter extraction
process across five LSPs under a unified formulation for convenience. Let A € {1,2,...,5}
index the LSPs (e.g., A = 1 represents path loss, A = 2 represents the Ricean K-factor, and

so on), so that (5.17) for LSP™) can be written as

M
LSPY) =AM 1+ Y p,afl) W), (5.19)

m=1

Since ‘Pg’t ) is a normal variate with N [0, (G(M)z], which means, the total LSP() is normally
distributed with N[u®), (6*))?], where

& A
u® =a% 1 ¥ D). (5.20)

m=1

Based on (5.20), the PDF of the zth link LSP™) can be expressed as

(A) _ (A)\2
M)y (5.21)

()., a) )y _ L _
P<lZ nu 70- ) 27[6(}{) exp( 2(6(2'))2

where ZZW is the zth link LSP) out of Z samples. Then, we use ML to extract the aforemen-

tioned parameters, including intercept A*), LSPEs n,(n)L ) (for M region types, where M =4 in
(2)

both scenarios), and the standard deviation of W5 ’. The likelihood function can be written as

Fu® oy T L (@ —phy 520
(uu' O )_ZI:II\/EG(A)GXP(_ 2(6(1))2 ) (5.22)

By converting the likelihood function F into its negative natural logarithm form, the problem
of finding the optimal parameters can be formulated as minimising this negative log-likelihood

function, which can be expressed as [17]

arg  min (—lnF([u(M, G(M)). (5.23)
A% ) o)

sm "
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Subsequently, we use gradient descent to extract the undefined parameters, including intercept
A(M, LSPE n,SfL ) , and standard deviation o). The partial derivatives of (5.22) for these

parameters can be therefore characterised as

olnF(ut,c?) ) A
N dAR) _Z:ZI ( (cM)2 -), (5.24)
InF(u® o®) & ((u* —i*)\p, 525
- an,(qft) _ZZ’I (o(A)2 ’ (5.25)
InF(u® o) Z 1 (@M -ty 5.26
- do) _Z:Zi oM (cMp ) (5.26)

Based on (5.24)-(5.26), these parameters are jointly extracted by gradient descent with an
appropriate step size. We choose the initial values of these parameters based on [5, Table

7.5-6], and we set the step size between 2 X 103 t02x107°.

5.5 Results and Analysis

5.5.1 Compared Models

We compare the AMPLE-LSP model with the 3GPP-LSP model [5] and the 5SGCMSIG-
LSP model [9], which represent the current LSP prediction approaches within GSCMs for
constructing statistical channel matrix. The SGCMSIG-LSP model for the UMa and InH
scenarios is summarised in Table 5.4 and Table 5.6, which is from [9, Table 6 & Table 13 &
Table 23-36]; and the 3GPP-LSP model for the UMa and InH scenarios is summarised in
Table 5.5 and Table 5.7, which is from [5, Table 7.4.1-1 & Table 7.5-6]. In these models, d is
the T-R 3D separation distance in metre, f is the carrier frequency in GHz, and c is the speed
of light in metre. It should be noted that DS, ASA, and ZSA are converted to linear scale
from the original logarithmic values in both models before predicting the corresponding LSP

values in Outdoor Scenario B and Indoor Office D.
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Table 5.4 SGCMSIG Path Loss Model [9, Table 6] for the UMa Outdoor Scenario and the
InH Indoor Scenario

Scenario Environment S5GCMSIG Path Loss Model
LOS PLuMa-Los = 20 10g10(w) +20log;((d)
UMa
NLOS PLUMa-NLOS = 192 + 34 loglo(d) -+ 23 loglo(f)
LOS PLisH-LOS = 2010%10(@) +17.3logo(d)
InH
NLOS PLinnNLos = 17.3 +38.31og,(d) +24.91og,4(f)

*d is the T-R 3D distance in m, f is the carrier frequency in GHz, and c is the speed of light in m.

Table 5.5 3GPP Path Loss Model [5, Table 7.4.1-1] for the UMa Outdoor Scenario and the
InH Indoor Scenario

Scenario Environment 3GPP Path Loss Model

PLI, 10m§d2D Sdllgp
PLyuma-Los =
PL,, dpp <dpp <5km;

LOS PL; = 28 +22log,o(d) +201log,o(f);
PL, =28 +40log;((d) +201og;,(f)
—910g10((d1,313)2 + (hx — hrx)?)
PLyMaNLOs = max(PLumaLos; PLyanros)s
NLOS PL!yonLos = 13.54+39.081l0g,o(d) +201og, o (f)
—0.6(hrx — 1.5)

UMa

LOS PLin.Los = 32.4 + 17.3log(d) +201log,o(f)
InH

PLip.NLOs = Max(PLig.Los, PLiyNLos):
PLinH—NLOS =17.30+38.3 loglo(d) + 24.910g10(f)

*d is the T-R 3D distance in m, f is the carrier frequency in GHz, and c is the speed of light in m.
*dyp 1s the T-R 2D distance in m, Aty is the Tx height in m, Agy is the Rx height in m, and

— —_ 9 . .
diyp = 4(r 1)(}"? D197 4 this chapter.

NLOS
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Table 5.6 Other Large-Scale Parameter Models of the SGCMSIG Model [9, Table 13 & Table
23-36] for the UMa Outdoor Scenario and the InH Indoor Scenario

5GCMSIG-LSP LOS NLOS
K [dB] 9 N/A
lo DS/s —7.0278 —6.4429
UMa glO( / )
loglO(ASA / 1°) 1.8096 1.8704
log;o (ZSA / 1°) 0.9504 1.2601
K [dB] 0.84log10(1+f)+2.12 N/A

- log;o(DS/s)  —0.28log,o(1+ ) —7.31 —0.35log,o(1+ f) —7.06
n

loglo(ASA/lo) 00710g10(1 +f) + 139 —02210g10(1 +f) + 198

lOglo(ZSA/lo) —05210g10(1 +f) + 1.60 —0.03 loglo(l +f) +089

* f is the carrier frequency in GHz.

Table 5.7 Other Large-Scale Parameter Models of the 3GPP Channel Model [5, Table 7.5-6]
for the UMa Outdoor Scenario and the InH Indoor Scenario

3GPP-LSP LOS NLOS
K [dB] 9 N/A
log;o(DS/s)  —6.955—0.0963log,o(f)  —6.28 —0.204log;o(f)
a
log;o(ASA/1°) 1.81 2.08 —0.2710g,4(f)
log;o(ZSA/1°) 0.95 1.512 —0.32361og,0(f)
K [dB] 7 N/A

log1o(DS/s) —0.01log,(1+ f) —7.692 —0.281og,(1+ f) —7.173
lOglo(ASA/lo) —01910g10(1+f)+1781 —01110g10(1+f)+1863
logo(ZSA/1°) —0.26log,o(1+ f)+1.44 —0.15log;o(1+ f)+1.387

*f is the carrier frequency in GHz.



5.5 Results and Analysis 89

5.5.2 Performance Metrics

For performance evaluation, we use RMSE in (4.29) and MAE in (4.30) to validate the
point-wise performance of the models. Beyond that, we consider PMDE in (4.32) that we
previously proposed in Section 4.4.3 to assess the overall alignment between prediction and
measurement via statistical distributions [17]. Also, we use the mean simulation time per
data point 7, in (4.33) to evaluate model complexity. All experiments in this chapter are
conducted on a Dell G15 laptop (CPU: Intel (R) Core (TM) 17-12700H 2.30 GHz; RAM:
32.0 GB 4800 MHz) using the MATLAB R2023a programming environment.

5.5.3 Validation Results and Analysis

Following the parameter extraction process described in Section 5.4.3, we apply the AMPLE-
LSP model in both complex outdoor scenarios and simple indoor scenarios, to validate its
prediction abilities under both complex and simple environments. Specifically, we extract
the AMPLE model from Outdoor Scenario A (Fig. 5.4(a) & (b)) and Indoor Office C
(Fig. 5.5), and validate it in Outdoor Scenario B (Fig. 5.4(c) & (d)) and Indoor Office D
(Fig. 5.6), respectively. More information of these environments can be found in Section 5.4.2.
Compared with the 3GPP model and the SGCMSIG model (as shown in Table 5.4-5.7), the
performance results are presented in Table 5.8-5.12. Meanwhile, we plot the CDFs of the
absolute error (i.e., |lAZ — I|) between the model LSP predictions and the Ranplan simulation
results under Outdoor Scenario B and Indoor Office D. In addition, we generate the absolute
error maps between the simulation results and the corresponding predictions from all three
models to visually compare their performance. The CDFs of the LSP predictions are presented

in Fig. 5.7-5.11, and the corresponding absolute error maps are shown in Fig. 5.12-5.16.
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Table 5.8 Path Loss Prediction Performance of Models under Outdoor Scenario B at SGNR
2.1 GHz and Indoor Office D at WiFi 802.11n 2.4 GHz

Path Loss [dB]

Scenario Environment Metrics

5GCMSIG 3GPP AMPLE-LSP

RMSE 1.75 2.35 1.08

MAE 1.53 1.93 0.90

LOS PMDE 0.22 0.29 0.01

Outdoor B tp [ns] 19.52 24.67 6.93

RMSE 15.17 21.89 5.95

MAE 13.84 20.67 4.66

NLOS PMDE 1.38 1.47 0.46

tp [ns] 10.80 13.60 1.69

RMSE 3.62 3.66 0.36

LOS MAE 3.60 3.64 0.31

PMDE 0.58 0.58 0.02

Indoor D tp [ns] 15.77 16.98 4.66

RMSE 9.86 9.86 6.74

MAE 8.19 8.19 5.60

NLOS  pMDE 0,66 0.66 0.48

tp [ns] 11.15 11.28 1.47

Table 5.9 The Ricean K-Factor Prediction Performance of Models under Outdoor Scenario B
at SGNR 2.1 GHz and Indoor Office D at WiFi 802.11n 2.4 GHz

Ricean K-Factor [dB]

Scenario Environment Metrics
5GCMSIG 3GPP AMPLE-LSP
RMSE 5.31 4.30
MAE 4.51 3.53
Outdoor B LOS PMDE 1.49 1.05
tp [ns] 1.66 4.67
RMSE 2.31 5.47 1.18
MAE 1.82 5.21 0.88
Indoor D LOS PMDE 1.89 1.40 0.16
tp [ns] 1.24 1.23 3.25
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Table 5.10 DS Prediction Performance of Models under Outdoor Scenario B at SGNR 2.1
GHz and Indoor Office D at WiFi 802.11n 2.4 GHz

RMS Delay Spread [ns]
5GCMSIG 3GPP AMPLE-LSP
RMSE 182.46 174.23 107.29

Scenario Environment Metrics

LOS MAE 161.73  153.36 85.29
PMDE 1.99 1.99 0.56
Outdoor B tp [ns] 3.32 3.58 4.08
RMSE 21887 25545 217.39
NLOS MAE 17773 217.69 170.56
PMDE 1.99 1.99 1.43
tp [ns] 1.86 1.88 1.67
RMSE 17.67 27.72 4.98
LOS MAE 15.84 24.26 3.64
PMDE 1.94 1.94 0.10
Indoor D tp [ns] 3.62 3.73 3.28
RMSE 28.67 21.55 14.68
NLOS MAE 25.20 18.36 11.24
PMDE 2.00 1.99 0.64
tp [ns] 2.14 2.06 1.43

Table 5.11 ASA Prediction Performance of Models under Outdoor Scenario B at SGNR 2.1
GHz and Indoor Office D at WiFi 802.11n 2.4 GHz

Scenario Environment Metrics ASA [o]
5GCMSIG 3GPP AMPLE-LSP
RMSE 32.81 32.86 16.46
LOS MAE 2956 2961 13.10
PMDE 2.00 2.00 1.17
Outdoor B t, [ns] 377 351 4.08
RMSE 3437 5035 30.99
MAE 2843  43.90 24.94
NLOS PMDE 1.99 2.00 1.29
t, [ns] 1.88 1.87 1.68
RMSE 24.53 17.90 14.65
LOS MAE 20.25 15.31 12.80
PMDE 1.97 1.97 0.10
Indoor D t, [ns] 3.45 3.65 3.04
RMSE 2878  21.83 15.52
MAE 24.03 16.73 12.25
NLOS PMDE 1.99 1.99 0.28

tp [ns] 2.08 1.97 1.40
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Table 5.12 ZS A Prediction Performance of Models under Outdoor Scenario B at SGNR 2.1
GHz and Indoor Office D at WiFi 802.11n 2.4 GHz

Cumulative Probability

Fig. 5.7 CDF of path loss absolute error between model predictions and Ranplan Professional

39 7

Scenario  Environment Metrics Z8A []
5GCMSIG 3GPP AMPLE-LSP
RMSE 6.83 6.82 1.59
LOS MAE 6.74 6.73 1.10
PMDE 1.94 1.94 0.69
Outdoor B ty [ns] 4.08 3.47 4.08
RMSE 13.92 21.04 4.40
MAE 13.35 20.61 3.23
NLOS PMDE 1.94 1.94 1.12
ty [ns] 1.89 1.88 1.74
RMSE 15.47 14.50 1.58
LOS MAE 14.68 13.72 0.52
PMDE 1.99 1.99 0.01
Indoor D tp [ns] 3.57 3.57 2.89
RMSE 4.86 16.75 2.12
MAE 4.36 16.44 1.56
NLOS PMDE 1.99 1.49 1.03
tp [ns] 2.06 1.93 1.39
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Fig. 5.8 CDF of the Ricean K-factor absolute error between predictions and Ranplan Profes-
sional simulations for (a) Outdoor Scenario B LOS case and (b) Indoor Office D LOS case.
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Fig. 5.9 CDF of DS absolute error between model predictions and Ranplan Professional
simulations for (a) Outdoor Scenario B and (b) Indoor Office D.
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Fig. 5.10 CDF of ASA absolute error between model predictions and Ranplan Professional
simulations for (a) Outdoor Scenario B and (b) Indoor Office D.
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Fig. 5.11 CDF of ZSA absolute error between model predictions and Ranplan Professional
simulations for (a) Outdoor Scenario B and (b) Indoor Office D.
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Fig. 5.12 Path loss absolute error maps between Ranplan Professional simulations and model
predictions for Outdoor Scenario B (i.e., (a) SGCMSIG, (b) 3GPP, and (c) AMPLE-LSP)
and Indoor Office D (i.e., (d) SGCMSIG, (e) 3GPP, and (f) AMPLE-LSP).
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Fig. 5.13 The Ricean K-factor absolute error maps between Ranplan Professional simulations
and model predictions for the LOS cases of Outdoor Scenario B (i.e., (a) SGCMSIG &
3GPP and (b) AMPLE-LSP) and Indoor Office D (i.e., (¢) SGCMSIG, (d) 3GPP, and (e)
AMPLE-LSP).
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Fig. 5.14 DS absolute error maps between Ranplan Professional simulations and model
predictions for Outdoor Scenario B (i.e., (a) SGCMSIG, (b) 3GPP, and (c) AMPLE-LSP)
and Indoor Office D (i.e., (d) SGCMSIG, (e) 3GPP, and (f) AMPLE-LSP).
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Fig. 5.15 ASA absolute error maps between Ranplan Professional simulations and model
predictions for Outdoor Scenario B (i.e., (a) SGCMSIG, (b) 3GPP, and (c) AMPLE-LSP)
and Indoor Office D (i.e., (d) SGCMSIG, (e) 3GPP, and (f) AMPLE-LSP).
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Fig. 5.16 ZS A absolute error maps between Ranplan Professional simulations and model
predictions for Outdoor Scenario B (i.e., (a) SGCMSIG, (b) 3GPP, and (c) AMPLE-LSP)
and Indoor Office D (i.e., (d) SGCMSIG, (e) 3GPP, and (f) AMPLE-LSP).

Generally, the AMPLE-LSP model outperforms both the 3GPP model and the 5SGCMSIG
model, while maintaining a similar simulation time, in other words, the same level of model
complexity. The reasons why the AMPLE-LSP model outperforms the LSP models in the
GSCMs are as follows:

* Influence of distance: Beyond path loss, which is commonly recognised as a distance-
based modelling parameter, other LSPs such as the Ricean K-factor, DS, and ASA/ZSA
have also been shown to follow distance-based log-normal distribution models [43—
46]. However, in the current GSCMs, they are typically modelled using a single
mean value—two examples are shown in Table 5.6 and Table 5.7, and this approach
is widely adopted by other GSCMs as well. While such modelling methods were
sufficient to capture channel characteristics in the past decades, they are likely to
result in significant prediction errors in future radio communication systems [1-3].

This limitation is preliminarily demonstrated by the performance results in Outdoor
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Scenario B and Indoor Office D. By further incorporating distance dependence, we

enhance the prediction accuracy of LSPs beyond just path loss.

* Impact of Environment: The impact of environments plays a significant role in
channel LSP predictions. This is evident in GSCMs, which characterise LSPs based
on different scenarios (e.g., UMa, UMi, RMa, etc.) and distinguish between LOS
and NLOS cases. Still, considering only general environment types is insufficient for
achieving more precise predictions. By incorporating detailed environmental factors
with low model computation complexity, the AMPLE-LSP model achieves improved

prediction accuracy.

Besides, the analysis based on different LSPs are presented as follows.

Path Loss. As we previously investigated [16—18], the AMPLE-LSP model outperforms
the 3GPP and SGCMSIG models in path loss prediction by setting multiple PLEs correspond-
ing to different region types. The AMPLE-LSP model captures more environmental details
in both scenarios through its region-specific modelling, resulting in path loss predictions that
align more closely with Ranplan simulations than those of the other two models, as shown in
Table 5.8, Fig. 5.7, and Fig. 5.12.

Ricean K-factor. Since the power of rays is related to propagation loss, it is reasonable
to model the Ricean K-factor with the consideration of environmental factors. Instead of
relying on mean values, the AMPLE-LSP model considers both distance and environmental
impacts, thereby enhancing the prediction of K values in both scenarios. For both scenarios,
the CDFs of absolute error are shown in Fig.5.8, and the error maps are shown in Fig.5.13.

DS. The DS by definition is the standard deviation of multipath excess delays weighted
by their respective power (as expressed in (5.4)). In other words, DS does not simply reflect
the range of delays in a channel, but rather captures temporal dispersion as shaped by the
power distribution of the multipath components. It represents temporal characteristics of the
channel and is inherently influenced by the power of each path. Therefore, although DS is
a time-domain parameter, both the T-R distance and environmental factors can reasonably

be considered as influential in its modelling. Thus, a high DS may result from either large
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excess delays associated with high-power components or from a wide range of excess delays
with relatively balanced power distribution. Conversely, a low DS may occur when short
excess delays dominate with high power, or when longer excess delays exist but carry very
low power. Based on this, the AMPLE-LSP model performs slightly better than the other
two models, and the results are shown in Table. 5.10, Fig. 5.9, and Fig. 5.14.

ASA/ZSA. Similar to DS, the AS reveals the spatial information of channels with power
distribution of multipath components. By further considering T-R distance and environmental
factors, the AMPLE-LSP model outperforms the SGCMSIG and 3GPP models which are
with constant predictions only. The comparisons via pefromance metrics are shown in
Table 5.11 and Table 5.12, the CDFs of absolute error are shown in Fig. 5.10 and Fig. 5.11,

and the error maps are shown in Fig. 5.15 and Fig. 5.16.

5.6 Summary

In this chapter, we first reviewed the distance-based log-normal distributions of LSPs (i.e.,
path loss, the Ricean K-factor, DS, and AS) from previous research, which, to the best of
our knowledge, remain largely unfamiliar to many current researchers in this area. Even
without the contributions of this chapter, the distance-based LSP model structure can be
considered a future direction for current GSCMs. Following that, we proposed a site-specific
LSP prediction approach considering static environmental factors, covering LSP parameters
including path loss, the Ricean K-factor, DS, and AS. The proposed model is based on the
raster map and simulations/measurements under the target scenario type. To validate the
model, we constructed both outdoor and indoor scenarios based on Ranplan Professional
channel multipath simulation. The overall results show that the proposed AMPLE-LSP
model outperforms the LSP models in the 3GPP channel model and the SGCMSIG model
while maintaining similar model complexity.

By further adding SSP channel modelling or combined with the current 3GPP stochas-
tic channel model, a site-specific stochastic channel model can be potentially constructed,

which could be widely used for radio network planning and near real-time network opti-
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misation in the current 5G, previous fourth generation (4G), and future 6G and beyond
networks. Overall, this chapter reviews and provides two potential paths (the log-distance
model in Section 5.2 and the AMPLE-LSP model) for the future development of statistical
channel modelling in radio communications and is of great significance in the wireless

communications communities.






Chapter 6

Conclusion and Future Work

6.1 Conclusion

In this thesis, we proposed a new method for fast LSP predictions considering propagation
environments under the statistical channel model structures. Those LSPs including path
loss, the Ricean K-factor, DS, and AS. The proposed methods have three advantages for
developing/replacing the future LSP predictions in the GSCMs, that are: 1) Site-specific; 2)
Same prediction structure for all the covered LSPs; 3) Once fully generated/characterised,
the proposed models have low computational complexity—with the same level of the current
empirical LSP models. This thesis can be considered the first systematic study on the
AMPLE/AMPLE-LSP model, synthesising existing related works [15-19]. It also serves as
a potential basis for the future development of site-specific GSCMs.

In Chapter 3, we proposed the AMPLE model along with both measurement-based and
ray-based validation. The AMPLE model is a novel radio propagation model that employs
multiple PLEs. At the beginning, the propagation scenario is classified into the region
maps, and each environment region type within the region maps is assigned with a specific,
initially undefined PLE. To construct the AMPLE model, a straight-line method is proposed
to combine the environmental information with path loss data. That is, for each T-R link, a
straight line is generated to record the intersected regions, allowing the weighted path loss

of these regions to be computed. Once the model is constructed, similar to other empirical
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models, the PLEs and associated parameters in the AMPLE model are extracted based on
either measurements or ray-based simulations. We validated the AMPLE model in two
suburban areas (i.e., UMa scenarios), using both measurement and ray-based data. We also
compared the AMPLE model with the 3GPP path loss model and the ABG model defined
in the SGCMSIG model. The results show that the AMPLE model outperforms these two

models while maintaining similar model complexity.

In Chapter 4, we enhanced the AMPLE model to support path loss prediction across mul-
tiple carrier frequencies. Following that, we characterised the AMPLE model by ray-based
simulations from 0.85-5 GHz in both UMa and UMi scenarios. The ray-based simulations
are discussed in detail and compared with the measurements reported in [47]. We also
provided a standardised characterisation process for the AMPLE model, which can serve as a
foundation for future AMPLE-related model construction process. In addition, we presented
a more comprehensive model validation with existing statistical radio propagation models
used in the GSCMs, compared to the model validation part in Section 3.3 and Section 3.4.
We compared the AMPLE model with the 3GPP path loss model, the ABG and CI models in
the SGCMSIG model, and those with simulation calibrations. For performance evaluation,
we consider RMSE and MAE for pointwise evaluation, and AHRE for quality evaluation
[132—-134]. Futhermore, we proposed the PMDE for distributional alignment performance,
and the mean simulation time per data point 7, for model complexity evaluation. The results
further confirmed the superior performance of the AMPLE model over the compared models.
Finally, we provided the characterisation results of the AMPLE model from 0.85 to 5 GHz

under the UMa and UMi scenarios.

In Chapter 5, we expended the AMPLE-like modelling method from path loss to other
LSPs, including the Ricean K-factor, DS, and AS (for ASA and ZSA). We first introduced
the theoretical basis of the extension, that is, the log-distance model for the Ricean K-factor
[43, 44], DS [45], and AS (for ASA and ZSA) [46], all of which were proposed in prior
measurement-based studies. However, these models remain relatively unknown to the broader
research community. Following that, we adopted a modelling process similar to that of the

AMPLE model to construct the AMPLE-LSP model, where shared environmental information
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is applied consistently across all covered LSPs. We then validated the proposed models using
ray-based multipath simulations in both outdoor and indoor scenarios. Compared with the
3GPP-LSP and SGCMSIG-LSP models, and under the same performance evaluation metrics
used in Chapter 4 (i.e., RMSE, MAE, PMDE, and 7,), the AMPLE-LSP model demonstrated

superior performance.

6.2 Future Work

Future work can be divided into two directions: refinements for the AMPLE model and for
the AMPLE-LSP model, given the significance of path loss compared to other LSPs [4-14].
In this section, we provide a comprehensive and unified overview of the future work, based

on the issues and limitations identified in the preceding chapters.

6.2.1 Future Work of the AMPLE Model

In Chapter 3, to meet the requirements of current empirical path loss modelling, which
demands a balance between computational complexity and model accuracy for further radio
channel modelling (e.g., SSPs), we made a tradeoff between these factors. Still, with more
data and/or analysis, the AMPLE model can be expanded and refined, at some cost of
complexity. Although the AMPLE model has been enhanced with a frequency coefficient in
Chapter 4, there remain opportunities for additional improvements and refinements. We here

briefly summarise the limitations and potential refinements of the AMPLE model.

2D Region Map to 3D Region Map.

As we mentioned in Section 4.4.5, the misrecognition of buildings near short-range in
the AMPLE model is due to the limitation of 2D region maps. This can be addressed by
introducing a 3D region map, that is, the heights of different region types, including buildings.
By setting up region heights and 3D T-R distance, the straight-line method can accurately

capture intersected regions, thereby eliminating misrecognitions such as unintended building
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regions. This refinement would be particularly useful in scenarios such as LOS cases. Also,

the PLE-region-type relationship would suffer less noise.

Frequencies, Mainstream Scenarios, and Measurements.

For frequency bands, the current AMPLE model only covers 0.85-5 GHz, and more carrier
frequencies must be considered to fulfill the requirements of path loss modelling in 6G
or beyond. Also, since we follow the 3GPP channel model standard, which typically
considers mainstream scenarios including UMa, UMi, RMa, and InH, we here only cover
part of the scenario types. Beyond that, the current AMPLE design is largely based on ray-
based simulations, where future characterisation of the AMPLE model should also consider

measurements for more real scenarios and variations.

Detailed Scenarios and Terrain Categories.

Since different scenarios have different region type preferences, standard region types may
not suit all cases (e.g., for some scenarios, there are no buildings, and, for some cases, there
are no trees). In the meantime. the terrain categories are also necessary to be considered,
since, even with the same region type, terrains that are flat ground (no abrupt altitude
changing) and hilly ground (up and down) may show different impacts towards propagation

even under the same scenario type.

Which means, to make the AMPLE model more general and accurate, beyond main-
stream scenarios, we need to carefully classify the current typical scenario types and the
corresponding region type preferences. Each scenario type contains not only the construction
of the scenario itself, but also the detailed terrain categories towards the environment. Overall,
from what we could understand, accomplishing the generality of the AMPLE model is harder
than previous path loss models (e.g., the ABG model), since it has the potential to cover
more environmental information. And, to make it easy to use for the later stages or even the

next generations, it would be better to carefully construct the basic datasets.
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Model Construction, Extra Modelling, and Future Validation.

For the AMPLE model, a typical problem, of which we simplified in this thesis, is the choice
of region types within the initial model construction stage. Small region types, moving
obstacles, and weather conditions also impact radio propagation and path loss, and can be
considered for further improvement after the basic AMPLE model has been constructed.
One potential method is to set up multiple levels of the AMPLE model to address the same
scenario type with different environmental complexity. Beyond that, aspects such as model
sensitivity, real-world deployment, and computational overhead in large-scale scenarios or
multi-frequency scenarios, are unconsidered issues for the AMPLE model at the current
stage. However, “first thing first”, based on our understanding, these issues are not of primary

concern until the AMPLE model reaches a more mature stage of development.

Environment Classification.

For environment classification, beyond k-means clustering which is only suitable for pre-
processed maps (e.g., Google Maps, Bing Maps, etc.), deep-learning methods such as
convolutional neural networks can be considered for raw maps with arbitrary region shapes
(e.g., satellite maps). Additionally, it should be noted that the environment recognition meth-
ods used in this thesis are simplified approaches, as the primary focus is on radio propagation.
Map classification can be addressed more comprehensively as an image processing and

recognition problem, which allows for more general, efficient, and in-depth solutions.

6.2.2 Future Work of the AMPLE-LSP Model

Eventually, the design of the AMPLE-LSP model is intended to be integrated into the main
body of the 3GPP channel model as the site-specific LSP modelling part, thereby contributing
to the development of a site-specific stochastic channel model for future digital twin channel
(DTC) [136, 137]. However, the current AMPLE-LSP model remains a prototype with
limited applicability. Based on our current understanding, its limitations and corresponding

directions for future work are summarised as follows.
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Sufficient Datasets.

To enhance the AMPLE-LSP model based on the prototype presented in Chapter 5, compre-
hensive parameter extraction across diverse environments is essential. Ideally, the datasets
should include LSP measurement/simulation covering typical scenarios such as UMa, UM,

and so on, along with corresponding map data.

Frequency Dependency.

A key limitation of the current AMPLE-LSP model is its inability to support multiple
frequency bands using a single set of model parameters, as is commonly done in GSCMs.
Similar to the frequency extension applied in the AMPLE model [17] and in other LSP
models within existing GSCMs, incorporating frequency dependence into the AMPLE-LSP
model is a direction for future enhancement. However, since current research has not yet
fully established the frequency dependence of LSPs beyond path loss, we identify this as a

potential area for further investigation.

Construction of A Site-Specific GSCM.

Once the AMPLE-LSP model is fully developed, it can replace the LSP predictions in
the current GSCMs (e.g., step 3 and 4 in the 3GPP channel model [5]) to construct an
environment-concerned GSCM for the modelling of cellular networks. Specifically, for
mobile users or dynamic environments, they can be potentially modelled with spatial cor-
relations that are used in both the 3GPP channel model [5] and the QuaDRiGa channel
model [7, 8], with a more detailed consideration. This site-specific GSCM would raise the

possibility of constructing a DTC with low computational complexity [136, 137].
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