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Ray tracing models for visual, aural, and EM simulations have advanced, gaining traction in
dynamic applications such as 5G, autonomous vehicles, and traffic systems. Dynamic ray tracing,
modeling EM wave paths and their interactions with moving objects, leads to many challenges in
complex urban areas due to environmental variability, data scarcity, and computational needs.

In response to these challenges, we’ve developed new methods that use a dynamic coherence-
based approach for ray tracing simulations across EM bands. Our approach is designed to en-
hance efficiency by improving the recomputation of bounding volume hierarchy (BVH) and by
caching propagation paths. With our formulation, we’ve observed a reduction in computation
time by about 30%, all while maintaining a level of accuracy comparable to that of other simula-
tors.

Building on our dynamic approach, we’ve made further refinements to our algorithm to

better model channel coherence, spatial consistency, and the Doppler effect. Our EM ray tracing



algorithm can incrementally improve the accuracy of predictions relating to the movement and
positioning of dynamic objects in the simulation.

We’ve also integrated the Uniform Geometrical Theory of Diffraction (UTD) with our ray
tracing algorithm. Our enhancement is designed to allow for more accurate simulations of diffrac-
tion around smooth surfaces, especially in complex indoor settings, where accurate prediction is
important.

Taking another step forward, we’ve combined machine learning (ML) techniques with our
dynamic ray tracing framework. Leveraging a modified conditional Generative Adversarial Net-
work (cGAN) that incorporates encoded geometry and transmitter location, we demonstrate bet-
ter efficiency and accuracy of simulations in various indoor environments with 5X speedup. Our
method aims to not only improve the prediction of received power in complex layouts and re-
duce simulation times but also to lay a groundwork for future developments in EM simulation
technologies, potentially including real-time applications in 6G networks.

We evaluate the performance of our methods in various environments to highlight the ad-
vantages. In dynamic urban scenes, we demonstrate our algorithm’s scalability to vast areas and
multiple receivers with maintained accuracy and efficiency compared to prior methods; for com-
plex geometries and indoor environments, we compare the accuracy with analytical solutions as

well as existing EM ray tracing systems.
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Chapter 1: Introduction

The evolution of communication technologies has been marked by continuous advance-
ments aimed at addressing the multifaceted challenges of modern urban and vehicular environ-
ments as well as complex indoor scenarios. A fundamental concept underpinning these advance-
ments is the understanding and simulation of electromagnetic waves and their interactions with
various media. These EM waves, generated by sources like cell phones, Wi-Fi routers, and other
wireless communication devices, propagate through different environments, encountering vari-
ous obstacles such as buildings, vehicles, and human bodies. The interaction of EM waves with
these obstacles can lead to phenomena such as re ection, diffraction, and absorption, signi cantly
impacting the quality and reach of wireless communication. Thus, the study of EM wave prop-
agation has become crucial for the design and optimization of wireless communication systems,
ensuring reliable and ef cient connectivity across diverse and challenging environments.

Building on the foundational understanding of electromagnetic wave interactions—a body
of knowledge derived from centuries of physics research [1, 2] and enriched by scienti c com-
puting literature [3]—the eld of EM simulation has burgeoned, incorporating diverse method-
ologies to capture the nuances of wave behavior in different settings.

EM simulation aims to accurately model and predict the behavior of electromagnetic waves

as they interact with various media and objects in their path. This process is vital for the design,



optimization, and analysis of communication systems, antennas, radar, and other electromag-
netic devices. It seeks to understand how waves propagate, absorb, re ect, or scatter in different
environments, which is crucial for ensuring reliable wireless communication, effective radar de-
tection, and ef cient use of the electromagnetic spectrum.

Among these, wave-based methods, analysis methods, and ray tracing stand out as pivotal
approaches, each contributing uniquely to the exploration and design of communication systems.

Wave-based methods, such as the Finite-Difference Time-Domain (FDTD) [4] and the Fi-
nite Element Method (FEM) [5], offer an accurate method to simulate wave propagation and
interaction phenomena. These techniques, grounded in solving Maxwell's equations directly, en-
able a comprehensive examination of wave behaviors across various materials and boundaries.
The advancement in FDTD, for example, incorporates hybrid absorbing boundary conditions,
signi cantly reducing computational demands for large-scale simulations [6]. Similarly, FEM
has seen enhancements in adaptive mesh re nement, allowing for precision in complex environ-
ments [7].

Analytical solutions, including the Method of Moments (MoM) [8] and Green's Function
approaches [9], provide a powerful framework for the theoretical exploration of EM elds and
interactions. Techniques such as the Fast Multipole Method (FMM) have reduced the compu-
tational complexity of MoM, allowing for ef cient large-scale problem-solving in EM simula-
tions [10]. The Green's Function approaches have similarly bene ted from advancements in
computational techniques, enabling more effective handling of complex problems in EM simula-
tions [11].

While offering precision, these wave-based and analytical methods, even with ongoing ef-
forts to improve ef ciency, tend to require signi cant computational effort, especially for large
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or complex domains [4,5]. Simulating electromagnetic interactions in intricate indoor environ-
ments can take hours to days, while outdoor simulations might extend from days to weeks due
to larger areas and topographical variations [7, 10]. The challenge extends beyond just compu-
tational power to the computational complexity and the costs associated with large-scale cloud
computing solutions. Although cloud platforms offer a way to enhance computational capacity
and tackle the demands of high- delity EM simulations [12], the high costs and data management
requirements make it imperative to continue optimizing algorithms and computational strategies
for more practical applications.

Ray tracing, celebrated for its intuitive appeal and computational ef ciency, models electro-
magnetic wave propagation by tracing paths through the environment [13, 14]. Recent advance-
ments in ray tracing have improved its accuracy and applicability, integrating phenomena such as
diffraction, scattering, and re ection. Hybrid models that combine ray tracing with wave-based
methods now allow for detailed simulation in environments where macroscopic and microscopic

interactions are signi cant, demonstrating the method's evolution and versatility [15, 16].

1.1 Background on Electromagnetic Ray Tracing

Electromagnetic (EM) ray tracing is a computational technique that models the behavior
of electromagnetic waves as they travel through different environments and interact with various
objects. This method has been well studied since the 1990s [17, 18] and is crucial in elds such
as wireless communications, where it helps in understanding and predicting how radio waves
propagate, which in turn informs the design and optimization of networks for improved cover-

age and reliability. The EM spectrum utilized in wireless communication encompasses a broad



range of frequencies. For instance, FM radios work between frequencies of 88 MHz to 108 MHz
in the United States [19], and commercial Wi-Fi operates at frequencies around 2.4 GHz and
5 GHz [20]. Meanwhile, the spectrum designated for the current 5G mmWave technology pri-
marily ranges from 30 GHz to 100 GHz [16]. Frequencies from 100 GHz to 300 GHz are often
associated with sub-terahertz (sub-THz) communications [21].

At its core, EM ray tracing is based on the concept of rays, which are imagined as narrow
beams of EM energy that travel in straight lines until they encounter an object. The technique
traces the path of these rays from a source, such as a radio antenna, and models their interactions
with the environment. These interactions include re ection and diffraction: re ection is when
waves encounter a surface and bounce back, similar to how light re ects off a mirror; diffrac-
tion is the bending of waves around obstacles or through narrow openings, which is common for
acoustic effects, where we can hear sounds from unseen sources. Understanding these interac-
tions is vital because they affect the strength and clarity of signals received by devices such as
smartphones, radios, and televisions. For instance, in urban areas, the presence of buildings and
structures creates a complex landscape for signal propagation. Buildings can re ect signals, cre-
ating multiple paths for waves to reach receivers, a phenomenon known as multipath propagation.
This can both bene t and hinder communication—multipath can lead to stronger signals in some
areas but also cause interference and signal fading [22].

In exploring the landscape of simulation technologies, we nd that ray tracing is a ver-
satile technique adapted uniquely across different areas such as visual, sound, and EM simu-
lations, each tailoring it to meet speci ¢ requirements and challenges. In visual, ray tracing
is harnessed to generate stunning and photorealistic images by simulating the way light inter-
acts with objects within a scene, accounting for re ections, refractions, and shadows to achieve
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life-like results [23] [24]. In acoustics, ray tracing is employed to estimate impulse responses
(IRs) by modeling how sound waves propagate through an environment, interact with surfaces
through re ection, absorption, and diffusion, and eventually reach the listener [25] [26]. In EM
simulations, ray tracing helps predict the path of electromagnetic waves as they traverse through
various environments, re ecting and refracting off surfaces and obstacles. This application is
crucial in designing and planning wireless networks, particularly in complex urban or indoor en-
vironments, ensuring ef cient signal coverage and understanding of the interaction of waves with
different materials [27] [28]. The use of ray tracing for these applications: visual simulation or
image generation, acoustic simulation or IR estimation, and EM simulation, gives rise to different

kinds of problems and challenges.

* Nature of Rays: Ray tracing for image generation models light transport, acoustic ray
tracing follows sound waves for auditory environments, and EM ray tracing focuses on

electromagnetic waves for communication signals.

* Interactions: Interactions with materials and their effects vary—visual appearances in
graphics, sound absorption or scattering in acoustics, and electromagnetic properties in

EM tracing.

» Objectives: The goals differ with graphics aiming for visual realism, acoustics targeting
accuracy of IR estimation, and EM focusing on precise signal strength estimation at each

receiver location.

A table speci cally comparing transmitted/re ected/diffracted ray interactions in these ray trac-

ing applications is shown in Table 1.1.



Aspect Visual Ray Tracing | Acoustic Ray Trac- | EM Ray Tracing
ing
Transmitted Rays Modeled as refract Sound transmissionEM wave trans-
tion: Relevant for| through materials: In+ mission through
transparent or transly- uenced by materiall materials: Frequency
cent materials. density and thickness.dependent  attenua
tion, phase change
and detailed phas
modeling.

Re ected Rays | Crucial for visual re-| Key for sound behav: Important for signal
alism: Includes spec-ior in environments; behavior around
ular and diffuse re+ Considers specr objects:  Inuenced
ections. ular and diffuse by material properties
re ections, surface and angle of inci-
material, and texture| dence.

Diffracted Rays | Less common due tp Signicant due to| Crucial for signal be-
small wavelengths of larger sound waver havior around edges

D

visible light.: May | lengths: Sound and corners: In uen-
be considered for ng bending around obt tial in urban and in-
details. stacles. door propagation.

Table 1.1: Comparison of Ray Tracing Aspects Across Disciplines

Despite the distinctive approaches and applications of ray tracing in graphics, acoustics,
and EM elds, each discipline shares the challenge of balancing accuracy with computational
demands. This is particularly evident in EM ray tracing, where the delity of simulations di-
rectly impacts our understanding and optimization of communication systems. The accuracy of
EM ray tracing depends on detailed environmental models and the electromagnetic properties of
materials, which determine how waves will interact with different surfaces. Ray tracing is compu-
tationally intensive, requiring signi cant processing power to simulate the multitude of potential
paths that rays can take in complex environments. However, despite its computational demands,
EM ray tracing provides a more physically accurate representation of wave propagation, cap-
turing detailed physical interactions compared to stochastic models, which rely on probability

and averages [29]. This precision in modeling physical interactions is particularly important for



applications where precise knowledge of signal behavior is critical, such as in the planning of
cellular networks, especially with the advent of 5G and beyond, where higher frequencies and

more complex environments are involved [16, 93].

1.2 Ray Tracing Applications and State-of-Art Solutions

Ray tracing simulation technology has indeed become a fundamental tool for modeling and
predicting complex electromagnetic interactions in a variety of scenarios. Its applications are vast
and impact numerous practical scenarios, which are enhanced by the latest advancements in the

eld.

* Vehicular Communication Systems: Ray tracing is crucial for modeling dynamic ve-
hicular channels, capturing essential spatial and temporal aspects for network reliability.
State-of-the-art solutions use cloud or parallel computing to provide adaptive, accurate

simulations for moving vehicles [30].

» Urban Radio Applications: In complex urban settings, ray tracing offers critical insights
into signal propagation, enhancing cellular and vehicular communication systems. Hybrid
techniques and ML advancements improve modeling accuracy for dense urban connectivity

[31].

* Radar Signature Prediction: For radar applications, ray tracing, enhanced with creep-
ing wave techniques, delivers precise radar signature predictions. This accuracy is key in
complex environments, and it is supported by extensive material libraries and digital twin

technologies [32].



* 6G and ML: Looking towards 6G, ray tracing's integration with ML highlights its im-
portance in future networks. This combination promises new business opportunities and
innovative network solutions driven by advanced computing and Al algorithms tailored for

next-generation wireless communication [33].

Building on the diverse applications of ray tracing, the EM ray tracing eld has seen sig-
ni cant advancements in state-of-the-art solutions that address its computational and predictive
challenges. These solutions not only enhance the existing applications but also pave the way for

new possibilities in electromagnetic wave simulation.

 Paralell computing revolutionizes ray tracing by signi cantly reducing computation times
and enabling complex simulations [34]. Utilizing GPUs [35] and parallel processing, the
calculations are ef ciently managed for large-scale and dynamic scenarios in vehicular

communications and urban radio applications.

» Hybrid Techniques address pure ray tracing limitations, especially around simulating
diffraction accurately [36]. Combining ray tracing with computational methods like FDTD,
these models offer a broader perspective on wave behaviors and electromagnetic interac-

tions [37].

» Machine Learning Solutions enhance ray tracing by optimizing simulations and pre-
dictive analytics. Al's ability to learn propagation patterns from data improves the ef -
ciency of simulations, which is vital for managing 6G network complexities and decision-

making [38].

« Digital Twin Technology creates high- delity virtual models crucial for precise ray trac-



ing in urban planning and smart cities [39]. These digital replicas assess the impact of new
structures on signal propagation and radar signature prediction, ensuring accurate simula-

tions.

» Material Libraries with detailed electromagnetic properties signi cantly impact ray trac-
ing accuracy [40]. Developing comprehensive libraries for precise modeling of wave-
material interactions supports various applications, from urban radio to radar signature

prediction.

These state-of-the-art solutions in ray tracing are not just enhancing current applications
but are also enabling new capabilities in the eld of electromagnetic wave simulation. As these
technologies continue to advance, they will further solidify the role of ray tracing as a critical
tool in the design, analysis, and optimization of a wide range of systems where understanding

electromagnetic wave behavior is essential.

1.3 Limitations and Challenges of Ray Tracing

Despite its signi cant advancements, ray tracing has its challenges [41,42]:

1. Computational Intensity: One of the signi cant challenges of ray tracing is its compu-
tational overhead [43]. This is particularly evident when simulating complex scenes or
environments at high frequencies. The intricacy of the interactions between electromag-
netic waves and the environment requires substantial computational resources, which can
be a bottleneck for real-time applications or large-scale scenarios. As the delity of the
environmental model increases, so does the computational load, making it a challenge to

balance detail with ef ciency.



2. Accuracy in Complex Environments: Ensuring accuracy in ray tracing simulations be-
comes increasingly challenging in environments with numerous obstacles such as urban
landscapes with a variety of building materials and geometries. The precision of a ray
tracing model is highly dependent on the quality of the environmental data, including the
geometry and electromagnetic properties of all objects within the scene. Inaccuracies in
these data can lead to signi cant errors in the simulation results, affecting the reliability of

the predictions made by ray tracing.

3. Diffraction Simulation: Ray tracing methods, which are primarily based on geometric
optics, can sometimes struggle to accurately simulate wave phenomena like diffraction.
Diffraction occurs when waves encounter edges or pass through small apertures, bending
around them and continuing to propagate. Traditional ray tracing algorithms may not ac-
count for these effects adequately, as they typically assume that rays travel in straight lines
and do not inherently model wave-like behaviors such as bending or spreading. This limi-
tation can be particularly problematic in predicting signal behavior in environments where

diffraction plays a signi cant role in wave propagation.

These challenges highlight the need for ongoing research and development in the eld
of ray tracing. Enhancements in computational power, improvements in algorithmic ef ciency,
and the integration of wave-based methods can help overcome these obstacles, leading to more

accurate and practical ray tracing models for electromagnetic wave propagation.
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1.4 Our Approach Based on Ray Tracing

Our approach draws inspiration from recent advancements in interactive ray tracing for
visual rendering and acoustic simulations. Signi cant progress has been achieved in faster ray
tracing techniques for both visual [24, 44] and audio simulations [65, 70].

Our novel dynamic coherence-based ray tracing algorithm, adapting the interactive ray
tracing methods and optimized for EM bands, accelerates simulations markedly. The coherence
concept in our work refers to the consistency and stability, in other words, the repeatability and
predictability of propagation paths across consecutive frames in dynamic environments. It is
achieved by ef ciently managing these paths through acceleration methods such as backward ray
tracing, ef cient BVH updates, and path caching, and new methods and algorithms such as spatial
consistency and channel correlation calculations (each concept and method detailed discussed in
later chapters).

The Dynamic Coherence-based EM ray tracing simulator (DCEM) we've developed oper-
ates effectively at EM bands, showing a minimum of 30% improvement in computation speed
over other simulators. The core of our algorithmic contribution lies in the use of temporal and
spatial coherence for dynamic ray tracing, enhancing EM simulation in large environments. The
use of a Bounding Volume Hierarchy (BVH) allows for ef cient geometric operations, through
rapid updates and frame-to-frame coherence. Path caching and backward tracing techniques fur-
ther contribute to the algorithm's ef ciency.

Our approach scales linearly with the scene's size and the number of receivers, maintaining
accuracy comparable to discrete model simulations from tools like WinProp, even in large urban

environments of up t@ 2km? with up to 10,000 receivers. The dynamic bounding volume
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hierarchies and our novel method to model channel coherence and spatial consistency are crucial
for performing fast ray tracing simulations. Our overall approach ensures scalability and main-
tains high performance, and the resulting algorithm can incrementally improve the accuracy of
predictions regarding the movement and positioning of dynamic objects in the simulation. The
algorithm's ef ciency is showcased in large vehicular communication environments.

We've advanced ray tracing simulation with the Uniform Geometrical Theory of Diffrac-
tion (UTD). Our enhancement is designed to allow for more accurate simulations of diffraction
around smooth surfaces, especially in complex indoor settings where precision is important. Our
simulation demonstrates marked improvements in accuracy and ef ciency, validated against ex-
isting benchmarks.

Taking another step forward, we've combined machine learning (ML) techniques with our
dynamic ray tracing framework. By utilizing a tailored conditional Generative Adversarial Net-
work (cGAN) that considers encoded geometry and transmitter location to predict received pow-
ers distribution in a 3D indoor environment, we have observed improvements in both the ef -
ciency and accuracy of simulations across different indoor environments, achieving up to a 5X
speedup. Our method aims to not only improve the prediction of received power in complex
layouts and reduce simulation times but also to lay a groundwork for future developments in EM
simulation technologies, potentially including real-time applications that run in tens of millisec-
onds for large dynamic scenes [45], in 6G networks.

We evaluate the performance of our methods in various environments to highlight the ad-
vantages: in dynamic urban scenes, we show our algorithm's scalability to vast areas and multiple
receivers while maintaining accuracy and ef ciency compared to prior methods; for complex ge-
ometries and indoor environments, we compare the accuracy with analytical solutions as well
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as existing systems. The comparison metrics include heatmaps of received powers, power delay

pro les, and statistical analysis of mean square error (MSE) and normalized error histograms.

1.5 Main Contributions

1. In Chapter 3, a dynamic coherence-based ray tracing algorithm at EM bands is introduced
for ef cient RT simulations. The Dynamic Coherence-based EM ray tracing simulator
(DCEM) is designed to operate at EM bands, achieving a computation time reduction
of at least 30% while maintaining prediction accuracy comparable to simulators such as

GEMV 2 [54] andWinP rop [49].

2. In Chapter 4, we enhance DCEM to accommodate complex urban environments, incorpo-
rating ef cient methods to represent channel coherence, spatial consistency, and Doppler

effects.

3. In Chapter 5, we integrate DCEM with smooth surface diffraction effects, providing a scal-

able and dynamic ray tracing tool suitable for indoor wireless system design and evaluation.

4. Validation of the simulation results has been conducted in expansive dynamic urban simu-
lation environments of varying dimensions with multiple receivers (Chapters 3 & 4). Ad-
ditionally, evaluations in intricate indoor settings with diversely shaped objects were per-
formed (Chapter 5), allowing comparisons with both analytical solutions and established

commercial tools.

5. In Chapter 6, we introduce a novel methodology to combine ML with ray tracing to en-

hance the accuracy and ef ciency of simulating wireless communication within 3D indoor
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environments (with 5X speedup compared to conventional DCEM simulations) by em-
ploying a modi ed cGAN that utilizes encoded geometry and transmitter location. We
plan to release the dataset used in this study to the public, available on Gittpsb
/[github.com/RuichenW12/DCEM-GAN . We will maintain the dataset and correct
any identi ed issues. We encourage the community to contribute by providing feedback

and suggesting improvements.
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Chapter 2: Related works

In this chapter, we give an overview of the state of the art in EM ray tracing and various
concepts in the thesis.

Ray tracing has been well-studied since the 1990s. However, dynamic ray tracing is a
recently developed idea for performing deterministic ray-based prediction in dynamic environ-
ments. The following summarizes some popular and typical existing ray tracing tools and other

related works on dynamic ray tracing studies.

2.1 Ray Tracing tools

There are several RT software solutions currently in both industry and academia. We pro-
vide a brief description of the selected ray tracing software below and summarize the frequency

range and applicable scenario in Table 2.1.

2.1.1 WinProp

WinProp[49]is an RT software from Altair that can support standard RT, Intelligent Ray
Tracing (IRT), and Dominant Path models (DPM) at frequencies up to 100 GHz. Itis also capable

of simulating the spatial variability of the objects in various propagation scenarios.
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2.1.2 Wireless Insite

Wireless Insit¢50], developed by Remcom, can provide ray tracing coupled with empirical
and deterministic models for frequencies up to 100 GHz. It is accelerated by dimension reduc-
tion algorithms as well as performing accelerated computations using a graphics processing unit

(GPU) and multithreaded central processing unit (CPU) hardware acceleration.

2.1.3 NYUSIM

NYUSIM[51] is an open-source mmWave channel model simulator developed by NYU
Wireless based on years of measurements conducted at various frequencies. It is a generic statis-

tical model that runs fast but does not take in site-speci c information.

2.1.4 CloudRT

CloudRT[52] is an academic ray tracing tool created by members of the State Key Labo-
ratory of Rail Traf ¢ Control and Safety at Beijing Jiaotong University. This method is aimed at
designing a high-performance cloud-based RT simulation platform that supports frequencies up
to 325 GHz, includes all kinds of propagation mechanisms and mobile scattering objects, and is

accelerated with a space partitioning algorithm and multi-thread computing.

2.1.5 GEMV?

GEMV ? is another academic ray tracing tool developed in [53] to analyze vehicle-to-
vehicle channels in large environments [54]. This tool can simulate city-wide networks with

tens of thousands of vehicles on commodity hardware, providing hybrid RT along with empirical
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models. However, this work is based on MATLAB and only evaluated by measurements at 5.9

GHz.

Table 2.1: Capacities comparisons of DCEM and other simulators

Simulator Frequency range| Environment
WinProp up to 100 GHz | Outdoor/indoor
Wireless Insitel up to 100 GHz | Outdoor/indoor
NYUSIM up to 100 GHz | Outdoor/indoor
CloudRT up to 325 GHz Outdoor
GEMV ? 5.9 GHz Outdoor
DCEM up to 72 GHz | Outdoor/indoor

2.2 Dynamic ray tracing solutions

2.2.1 Spatial consistency

Spatial consistency [55] refers to the degree to which the channel characteristics remain
consistent over a certain spatial distance, typically in a local area (e.g., within 10-15m) [56].
By analyzing the channel characteristics along the moving object's trajectory, it is possible to
determine the degree of spatial consistency as well as how well the channel characteristics evolve
along the trajectory. In our coherence-based framework, we use large-scale parameters such
as distance and LoS/NLoS conditions, as well as small-scale parameters such as the angle of
arrivals, power, phase, and delay of the propagation paths to determine the spatial consistency.
Based on these computations, we further divide each object's trajectory into several segments.
The channels are considered highly correlated within each segment and the same channel model
can be used. Furthermore, the BVH update within each segmentation can be performed ef ciently

since the changes in BVH computations are relatively small. In most cases, only the subtrees need
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to be rebuilt. Given the updated hierarchy, spatial consistency would be computed and updated

based on the approach described in [57].

2.2.2 Channel Correlation Function and Coherence Time

The channel correlation function is a mathematical function that describes the statistical
correlation between two signals that are transmitted over the wireless channel at different times.
Speci cally, it describes how the channel affects the correlation between the signals and how this
correlation changes over time. This is important for large dynamic environments with moving

receivers. The correlation function can be de ned as:

Elg(tyg(t + ) Elg®)]?
Elg(t)?IE[9(1)]?

Rijni( ) = (2.1)

whereg(t) = jh(t)j, h(t) is the channel coef cient anB denotes the expectation operator. With

the correlation function de ned, a simpli ed equation for computing coherence time is:

P 1=R* 1

Te( ) = T2fg 2

(2.2)

whereR is a prede ned threshold value of channel correlatibg,is the maximum Doppler
shift frequency, and? can be approximated by the angle of the object's moving direction and
propagation path between transmitter and receiver.

The coherence time is the length of time over which the channel correlation function re-
mains signi cant. In other words, it is the time scale over which the channel characteristics

remain relatively constant. The coherence time can determine the length of time over which
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the system can accurately predict the behavior of the channel. The detailed derivations can be
found in [58]. An evaluation plot of the approximated computation of coherence time is shown
in Fig. 6.7.

We compute coherence time within each segment in the channel and update it accordingly.
During the time duration corresponding to this coherence time, we assume that the positions of
the receivers do not change signi cantly. As a result, we can use path caching to accelerate ray
paths and intersection computations, i.e., valid paths are stored in the cache and updated until
they are removed. This deletion of a path from the visibility hash table is performed to lower the

number of visibility rays cast within the coherence time..

Figure 2.1: Channel coherence time approximation when the angle between moving direction and
propagation path is small. “Approximation” and “No angular difference” are different models
proposed in [58]. We can combine this approximation with path caching in our coherence-based
formulation.
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2.2.3 Doppler Effects

The Doppler effect is a well-known phenomenon in physics that describes the change in
frequency of a wave due to the relative motion between the wave source and the observer. In
particular, the Doppler effect in EM propagation or mmWave systems is caused by the rela-
tive motion between the transmitter and the receiver due to the high mobility of the devices or
vehicles, which results in frequency shifts. It is important to model these effects in dynamic en-
vironments for accurate EM propagation. In multi-path propagation, two signals from the same
transmitter, coming from two paths and re ected by moving objects with different speeds, might
arrive at the receiver as frequency-shifted signals interfere and create fading, similar to phase-
shifted signals that cancel each other out by destructive interference. To demonstrate the capacity
of dynamic simulations, it is critical to include the mean Doppler shifts and Doppler spread in

system performance evaluation [59]. The Doppler shift of the LoS can be calculated by:
Vv
fa(t) = fCEcos (2.3)

wheref . is the central frequency, is the object's moving speed|s the light speed, andis the

angle between the object's moving direction and propagation path.
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Chapter 3: Coherence-Based EM Ray Tracing Simulations in Vehicular Envi-

ronments

In this chapter, we present our novel dynamic coherence-based algorithm and perform eval-

uations against other established benchmarks.

3.1 Background and theoretical basis

We rst de ne the concept of a ray in EM simulations. A ray is a high frequency approxi-
mation of Maxwell's equations for propagating electromagnetic (EM) waves based on the electric

and magnetic elds expressions as follows:

E(t) = gf)e ! oS0 (3.1)

F (£) = fi(r)e | 05O (3.2)

where€(¥) andhi(¥) are magnitude vectors ai®{¥) is the optical path length or eikonal. When

o > 1 andconsidering a series of wavefronts, the power ow lines perpendicular to the wave-
fronts are the rays, and they do not intersect if there is no focus point. Thus, the ray trajectory will
be a straight line in a homogenous medium. The detailed mathematical derivation steps can be

found in [27]. In conclusion, the ray, which helps analyze the different propagation mechanisms,
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is a straight line in a homogenous medium that carries energy and obeys the laws of re ection,

transmission, and diffraction. In DCEM, we considered four kinds of rays:

» Direct rays: If a ray goes from the source to the eld point directly, the line of sight (LoS)

propagation mechanism will be applied, and the pathloss will be simulated by

PLC (f;d)[dB] = FSPL(f;d = 1m)[dB]

+ 10logio(d)[dB] + AT [dB]; (3.3)

wheref denotes the carrier frequency in GHz,s the 3D T-R separation distance,
represents the path loss exponent (PLE), Amdis the attenuation term induced by the

atmosphere [60].

* Re ected and transmitted rays: If a ray is re ected or transmitted one or more times before
reaching the eld point, the ray will be segmented into different parts by re ected or trans-
mitted points and be applied with the directed path loss model for each segment. The study
in [61] shows that at the mmWave band, the signal power will be negligible at a high order
of re ections and transmissions. In our proposed RT system, the limit of the maximum
number of re ections/transmissions is set to 10 to balance the running time and accuracy

by simulations trials.

« Diffracted rays: The diffracted rays are more complicated than the two types of rays men-
tioned above, since one incident ray at the geometry edge can lead to a cone of diffracted
rays. The uniform theory of diffraction (UTD) [62] is applied to calculate the diffraction
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coef cients here, and the detailed steps are followed as described in [63]. The upper bound

of diffraction time simulated is set to 3 in this tool by practice.

« Diffused and scattered rays: The last type of ray comes from rough surfaces such as build-
ing exteriors. The scattered rays will be divided into specular and non-specular components

and simulated by the effective roughness model suggested in [27] [64].

In addition to ray simulation, we also performed phase calculation.

For the acceleration methods, DCEM utilized three main algorithms: backward ray tracing from
the receiver in the visibility determination step, the use of BVH while minimizing its rebuilding
cost between frames, and propagation path caching for better frame coherence [65]. The idea of
frame-to-frame coherence arises from the fact that if the object or transmitter does not drastically
change its position between two adjacent frames, then most ray paths found in the previous frame
can be reused in the current frame and this formulation can signi cantly reduce the computation
times in low-speed dynamic simulations. The notion of coherence in ray tracing has been used

for visual and aural rendering [66] [67], but is not widely known in the context of EM ray tracing.

» Backward ray tracing:In the backward RT algorithm, rays are cast from the listener or
the receiver, rather than from each source. We observe that the re ected/diffracted rays
coming from geometric primitives in the vicinity of the receiver, contribute more to the
total received power. In fact, when casting rays from the source, only a few may reach the
receiver and may not be the most perceptually important paths, resulting in more rays need-
ing to be cast to get necessary propagation paths. The backward RT method can compute
all the important paths while shooting fewer rays. The backward RT strategy also bene ts
from the fact that the number of rays no longer scales linearly with the number of sources.
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Our overall algorithm proceeds as follows: 1) cast a random sphere of sampled rays, 2)
record re ections and keep a hash table of visited propagation paths for each depth of
re ection (up to a user de ned threshold, 10 in DCEM), 3) generate a series of image re-
ceiver positions when encountering a new triangle series, 4) check the source to see if there
is a valid path to the receiver, 5) if any edge is marked as a diffraction edge, consider the
sources that lie in the diffraction shadow region from the receiver's perspective and use the
UTD diffraction formulation to determine the point on the edge at which diffraction occurs,
then perform path validation back to the receiver as with re ection paths, 6) for each valid
propagation path, the system calculates the total distance along the path, the direction of

the path from the receiver, and the total attenuation and phase distortion along the path.

Ef cient BVH updating: BVHs have been widely used to accelerate the performance of
ray tracing algorithms [69], and we take one step further to ef ciently recompute or update
these hierarchies during each frame. We do this because rebuilding BVHs is expensive
in practice, and we minimize the cost by measuring BVH quality degradation between
successive frames. The advantages of our method are: 1) it will update/rebuild at a time
when necessary without any scene speci ¢ settings, 2) when there is little to no degradation,
the rebuild would not be initiated, and 3) it is possible to just rebuild subtrees in some cases.
These advantages improve the system computation ef ciency; detailed evaluations can be

found in [68].

Propagation path cachingThe visibility hash tables as persistent caches are used to accel-
erate the path nding process from frame to frame. Once the valid paths are found, they are

kept and updated until removed, i.e., at the beginning of each frame simulation, all triangle
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sequences in the hash tables are checked to see if the previous paths are still valid since

the positions of source and receiver do not change much between frames. This method

has signi cantly lowered the number of visibility rays cast each frame, leading to a higher

overall frame rate and lower latency for real time applications. More details are described

in [70] [71].

3.2 Simulation setup and environment parameters

3.2.1 Outdoor environments

In terms of the input, DCEM can take the environment description les including an “.obj”

le for a description of the geometric primitives in the scene and an “.mtl” le for the material

information of the objects in the environment. The following table highlights the material prop-

erties used in DCEM in terms of generating results and comparing with other methods [49] [72].

For the outdoor scenario, we do not perform any penetration computations. The transmitter height

is set to 2 meters in both cases, the frequency is set to 30 GHz, and the transmit power is 5W for

outdoor and 0.5W for indoor scenes. The antenna is assumed to be ideal and omnidirectional.

We use the modeled small European town built by Turbosquid [73] to perform RT simulations.

Table 3.1: Material properties used in our system DCEM

Material Thickness(mm)| Re ection coef cient | Penetration loss(dB)
Wall (Outdoor) | / 0.8 /

Wall (Indoor) | 10 0.7 20

Glass (Indoor) | 5 0.74 5
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Figure 3.1: 3D model of a European urban model. We show that our method works better than
other simulators in such urban environment, with high accuracy and fast computation time.

3.2.2 Indoor environments

The indoor environment consists of walls, doors, and windows with different re ection/transmissior

coef cients.

Figure 3.2: Simple indoor of ce environment. we compare the performances of WinProp and
DCEM indoor because WinProp took a very long time to load and convert the modeled village
environment shown in Fig. 6.1. This indoor environment with known material information is
easy to use for prediction accuracy and performance validation.
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3.3 Results Comparison and Discussion

We highlight some comparison results in this section. GEMV 2 outputs the received
signal powers (RSP) of Vehicle-to-everything (V2X) and WinProp can generate heatmaps of RSP.
We compare the results WitREMV ? for outdoor vehicular communication scenarios and with
WinProp for indoor scenes to evaluate the accuracy of our system DCEM, based on measurement

data [60] [53].

3.3.1 OQutdoor Environment

We highlight the results and visualizations fré&EMV 2 in Fig. 6.2 . The RSP dBEMYV 2
is a combination of large-scale variations computed by deterministic models and small-scale vari-

ations estimated from stochastic models.

Figure 3.3: GEMYV 2 generates V2X simulation output in Keyhole Markup Language (KML)
format. We highlight the simulation results of V2V with Google Earth, in the urban Europe
model.
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