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Map Inaccuracies Of Digital Twins For Sensing and Localization
Evaluating Map Inaccuracies in Digital Twins via Ray Tracing
LEAN TONG NG
Department of Electrical Engineering
Chalmers University of Technology

Abstract
Digital twins are increasingly vital in wireless communication for simulating, analyz-
ing, and optimizing real-world environments, particularly for sensing and localization
applications. The fidelity of these digital representations is dependent on the quality
of the underlying maps, which, in practical industrial settings, are often procured
at significant cost and may exhibit a range of inaccuracies due to survey limita-
tions, temporal changes, and misalignments of the data. This thesis investigates the
impact of map inaccuracies, specifically building rotations and translations, on local-
ization accuracy and received signal strength Indicator(RSSI) distributions within
a digital twin framework.
A comprehensive methodology was developed that combined ray tracing (using
Sionna), mesh manipulation (using PyVista), and Monte Carlo simulation. The
process included generating randomized maps according to realistic specifications,
simulating electromagnetic propagation on both baseline and perturbed maps, and
systematically extracting key channel and localization metrics. Several maximum
likelihood-based (ML) positioning algorithms, including Vanilla MLE, Weighted
MLE, Gain-Weighted Nonlinear Least Squares and Newton-Raphson ML, were im-
plemented and benchmarked using synthetic multipath data generated via digital
twin simulations.
Experimental results demonstrate that map inaccuracies can introduce significant
deviations in localization, with position errors increasing as the degree of randomiza-
tion increases. Although the cumulative distribution functions of the coverage map
(CDFs) for path gain remain relatively robust, the evaluation shows a clear degra-
dation in positioning accuracy with lower map fidelity. In particular, all ML-based
algorithms significantly outperform baseline approaches, providing marked improve-
ments in robustness and estimation accuracy under realistic conditions. The findings
confirm that careful algorithmic selection and robust handling of ray-traced data can
partially mitigate the negative effects of map imperfections.
This thesis provides actionable insights for the procurement, specification, and main-
tenance of digital twin maps in industrial localization deployments, and highlights
the necessity of integrating advanced ML-based localization algorithms to maximize
reliability and operational value.

Keywords: ray tracing simulation, localization estimation, map inaccuracy, digi-
tal twin, Monte Carlo simulation, maximum likelihood estimation, received signal
strength Indicator(RSSI), mesh perturbation
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List of Acronyms

Below is the list of acronyms that have been used throughout this thesis listed in
alphabetical order:

AOA Angle of Arrival
AOD Angle of Departure
BER Bit Error Rate
DT Digital Twin
EM Electromagnetic
GTD Geometrical Theory of Diffraction
ISAC Integrated Sensing and Communications
LLS Linear Least Squares
LOS Line of Sight
MLE Maximum Likelihood Estimation
ML Maximum Likelihood
MIMO Multiple Input Multiple Output
NLoS Non-Line-of-Sight
NLS Nonlinear Least Squares
RSSI Received Signal Strength Indicator
RT Ray Tracing
RX Receiver
SBR Shooting and Bouncing Ray
TDOA Time Difference of Arrival
TOA Time of Arrival
TX Transmitter
UTD Uniform Theory of Diffraction
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Nomenclature

Below is the nomenclature of indices, sets, parameters, and variables that have been
used throughout this thesis.

Indices

i, j Indices for map grid cells along y- and x-axes, respectively
k Index for rays or paths
N Total number of samples, rays, or observations
t Index for iterations (e.g., in optimization)

Sets

Ci,j Area (set) of the cell in the coverage map at position (i, j)
B Set of all bounce points (last-bounce positions of rays)

Parameters

Pt Transmitted power (W)
Pr Received power (W)
Gt, Gr Antenna gains (dimensionless)
λ Wavelength (m)
|h(s)|2 Squared amplitude of path coefficients
d Distance between transmitter and receiver antennas (m)
|C| Area of a coverage map cell (m2)
cm_cell_size Coverage map cell resolution parameter (m)
ε Small positive value for numerical stability
T Maximum number of iterations (e.g., in Newton–Raphson)
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σ2
i Variance of measurement i (Gaussian noise variance)

Variables

gi,j Average path gain in coverage map cell (i, j)
h(s) Complex channel/path coefficient at location s
x, y Spatial position variables (coordinates to be estimated)
x̂, ŷ Estimated coordinates of the target/device
fi(x, y) Theoretical measurement model for anchor i
zi Observed measurement for anchor i (e.g., TOA, TDOA, RSS)
z Vector of observed measurements
F (x) Empirical cumulative distribution function (CDF) at value x
B[i] Last-bounce 3D coordinates for ray i
r[i] Distance from last bounce to endpoint for ray i (sphere radii)
x Estimated receiver position (vector), x = [x, y, z]T

e[i] Residual for measurement or ray i in optimization
w[i] Path gain-based weight for ray i
wnorm[i] Normalized weight for ray i
x̂ Estimated position (solution of localization algorithm)
I(·) Indicator function (1 if condition is true, else 0)

Special Functions

log10 Logarithm to base 10
‖ · ‖ Euclidean norm of a vector
diag(·) Diagonal matrix with entries specified by the argument
arg max, arg min Argument of the maximum/minimum value of a function
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1
Introduction

This thesis explores the intersection of digital twin(DT) technology and radio-based
localization. A particular emphasis is on how inaccuracies in virtual map represen-
tations a�ect localization performance. As DT become increasingly integral to the
design and analysis of real-world systems, ensuring the accuracy and reliability of
their spatial models is critical, especially in applications involving electromagnetic
(EM) simulations and radio-based localization. By employing ray tracing tech-
niques within simulated environments, this work investigates how controlled map
distortions in�uence localization outcomes, o�ering new insights into the �delity
requirements of DT in wireless localization contexts.

1.1 Background

The concept of DT has increasingly gained importance across various industries,
providing powerful tools for simulating, analyzing, and optimizing physical environ-
ments virtually. A DT serves as a virtual counterpart in real time of a physical
object or environment, enabling detailed analysis, predictive maintenance, and e�-
cient decision-making processes. The rise of DT can be attributed to advancements
in computational resources, sensor technology, and machine learning techniques,
which together have enabled more accurate and dynamic representations of com-
plex systems. In particular in the sensing and localization domains, DT o�er the
potential to signi�cantly streamline data collection processes, improve system accu-
racy, and facilitate advanced planning and operational strategies.

Accurate localization plays a vital role in various applications, such as navigation
systems, autonomous vehicles, urban planning, and telecommunications. Achieving
high accuracy requires high-�delity maps. These maps are the foundational data
in DT frameworks. Ray tracing (RT), a deterministic modeling technique for radio
wave propagation, is frequently utilized within DT to replicate environments elec-
tromagnetically and subsequently predict signal behaviors such as re�ections and
losses, which are essential for localization and communication systems.

However, despite technological advancements, real-world maps often su�er from in-
herent inaccuracies due to data acquisition constraints, limited surveying precision,
temporal changes, and misalignment. These map inaccuracies, such as misplaced
buildings, inaccuracies in the EM representation of materials, or missing environ-
mental details, can signi�cantly a�ect the reliability and performance of DT appli-
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1. Introduction

cations, particularly those dependent on RT-based simulations.

1.2 Aim

This thesis aims to investigate and quantify how speci�c spatial map inaccuracies
impact localization accuracy and received signal strength indicator (RSSI) distribu-
tion within a DT environment. By leveraging RT simulations, this research intends
to systematically examine discrepancies that arise between a high-�delity baseline
map and intentionally modi�ed versions that mimic real-world inaccuracies. The
central objective is to develop practical methodologies and metrics that facilitate
the assessment and mitigation of these map inaccuracies, providing clear guidelines
to maintain the quality of DT in localization applications.

1.3 Objective

The objective of this thesis is to bridge the gap between theoretical DT capabil-
ities and real-world limitations by evaluating how map inaccuracies, arising from
practical survey and maintenance constraints, a�ect the localization performance of
wireless systems. The insights gained will inform procurement strategies and map
quality requirements for stakeholders in the communication industry seeking to take
advantage of DT for advanced network utilization.

1.4 Scope and Limitations

The scope of this master's thesis is to analyze how spatial inaccuracies in DT maps
a�ect localization accuracy and RSSI distributions in wireless network simulations.
In particular, the study focuses on map inaccuracies arising from geometric trans-
formations, such as building rotations and translations. The work�ow is centered on
RT techniques, utilizing the Sionna toolbox (0.19.2) [8] for deterministic multipath
propagation modeling, PyVista [21] for �exible 3D mesh visualization and manipu-
lation, and Python for simulation orchestration and data analysis.

Sionna RT is a GPU-accelerated platform originally designed to model realistic radio
propagation, including mechanisms such as re�ection, scattering, and di�raction. Its
core functionality is optimized to determine all possible propagation paths between
speci�c transmitter (Tx) and receiver (Rx) locations within a 3D scene. However, for
this thesis, the experimental design requires shooting rays from a source in speci�ed
directions and following them until a maximum range is reached, essentially record-
ing each last interaction point as a possible candidate for localization. Sionna's
current API does not natively support this use case, particularly the �exible �shoot-
and-follow� paradigm needed for custom positioning algorithms.

To address this limitation, a more generic mesh handling library, PyVista, is used.
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1. Introduction

PyVista enables an e�cient computation of intersections between arbitrary rays and
3D meshes. Upon detecting a ray/mesh intersection, PyVista provides the point of
intersection and the associated triangle ID, from which the surface normal can be
extracted [21]. This allows for the implementation of specular re�ection as well
as, in principle, custom di�raction or scattering mechanisms (e.g., randomizing the
outgoing direction at edges or triangles). However, due to time constraints and
the absence of built-in support, advanced scattering and di�raction were not imple-
mented within the PyVista work�ow for this project. Only specular re�ections from
the last intersection point are considered when estimating positions, using a sphere
with the remaining path length. This simpli�cation is motivated by computational
feasibility and allows for direct comparison with the default Sionna RT work�ow.

Other limitations should be noted. First, PyVista does not natively handle the
full range of propagation phenomena (such as higher-order di�raction or complex
scattering), potentially restricting the completeness of the physical modeling. Sec-
ond, mesh alteration and manipulation operations in Sionna are signi�cantly slower
compared to specialized libraries such as Trimesh. Therefore, Trimesh is used to pre-
process meshes e�ciently before loading them into PyVista or Sionna. Third, the
computational demands of Sionna are high, especially when running RT simulations
on large-scale environments (e.g., the Kista map), leading to extended runtimes.
Finally, transferring ray path con�gurations or propagation settings between maps
is limited by the design of Sionna, necessitating a combination of toolchains for the
full simulation pipeline.

Hardware measurements and propagation modeling beyond the scope of ray tracing,
including hardware-based data collection, and the development or integration of new
GPU-accelerated toolboxes for custom ray propagation, are outside the project's
practical scope due to technical and time constraints.

1.5 Related work

Recent years have seen a surge of research into DT technologies, with broad inves-
tigations spanning enabling technologies, common challenges, and emerging trends
that highlight the relevance and applicability of DT across diverse domains [1].
Within this expansive landscape, more focused studies have advanced the under-
standing of EM propagation and localization, especially through the use of RT
simulations for benchmarking and error quanti�cation in DT environments [1, 24].
These computational benchmarking e�orts are crucial for evaluating localization ac-
curacy and for identifying sources of error, thereby providing the foundation for the
methods explored in this thesis.

Previous studies have extensively applied RT methodologies to EM propagation
modeling, establishing foundational knowledge of deterministic RT techniques and
their practical applications in radio wave propagation prediction [5, 6]. A key re-
cent development is the resurgence of interest in �ngerprinting-based localization,
a technique that determines the user position by matching observed signal mea-
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surements with a database of pre-collected measurements linked to known locations
[5, 6]. Fingerprinting-based localization has gained renewed interest through the use
of DT generated radio frequency maps [22]. These maps, derived from high-�delity
ray tracing simulations on digital replicas of real-world environments, enable the
creation of large-scale �ngerprinting databases without the need for labor-intensive
�eld measurements. This digital approach not only mitigates the overhead associ-
ated with traditional �ngerprinting but also achieves sub-metre accuracy localization
in non-line-of-sight (NLoS) conditions localization. By replacing physical data col-
lection with simulation-based �ngerprint generation, researchers have demonstrated
the feasibility of accurate, scalable, and low-e�ort positioning systems suitable for
future 6G wireless networks [22, 23].

1.6 Structure of the thesis

This thesis is organized into �ve chapters.

ˆ Chapter 1: Provides the introduction, outlining the research background, aim,
scope and limitations, and related work.

ˆ Chapter 2: Covers theoretical concepts related to DT, map inaccuracies, ray
tracing fundamentals, and localization principles.

ˆ Chapter 3: Presents the methodology, including the processes of generating
randomized maps, conducting ray tracing simulations, formulating the posi-
tioning algorithm, and creating coverage maps.

ˆ Chapter 4: Presents the results and an analysis of the impact of map inaccu-
racies, evaluates the positioning algorithm, and o�ers detailed conclusions and
recommendations.

ˆ Chapter 5: Provides a comprehensive summary of the thesis contributions and
outlines potential directions for future research.

4



2
Theory

This chapter presents the theoretical foundations underpinning the methods and
analysis in this thesis. It begins by introducing the core concepts of DT and their
signi�cance for wireless communication research. The chapter then details the prin-
ciples of EM propagation and ray tracing, including key mechanisms such as re-
�ection, scattering, and di�raction, as well as commonly employed techniques such
as the image method. The Sionna simulation framework is described in depth,
highlighting its �exible scene management, path computation, and coverage analy-
sis capabilities [8]. Practical challenges related to map inaccuracies are examined,
followed by a comprehensive review of localization algorithms based on maximum
likelihood estimation. Together, these theoretical elements establish the foundation
for the simulation, analysis, and positioning experiments presented in the subsequent
chapters.

2.1 Digital Twin Concepts

DT (DT) have rapidly evolved into a cornerstone technology for modern engineering,
urban management, and wireless communication systems. In essence, DT are dy-
namic digital replicas of real-world assets, processes, or environments, continuously
updated with data from physical systems through integrated sensor networks, com-
putational models, and data analytics [1, 3]. Distinct from conventional simulation
tools, DT are characterized by their ability to support real-time, bi-directional inter-
action: they both re�ect the current state of their physical counterparts and can also
in�uence and optimize real-world processes via feedback and control mechanisms.
This capability is largely enabled by advances in IoT connectivity, machine learn-
ing, scalable cloud/edge computing, and the increasing availability of high-�delity
3D modeling technologies [1, 2].
The growing in�uence of DT is tightly linked to the ambitions of Industry 4.0, which
envisions deeply interconnected, intelligent, and autonomous systems [1]. Origi-
nally conceived as a tool for monitoring and managing the lifecycle of manufactured
products, the DT has since expanded to encompass large-scale systems, connect-
ing entire �eets of machines, urban infrastructure, or even national-scale utilities
to their virtual analogues [2, 3]. This expansion is made possible through the con-
tinuous high-speed synchronization of sensor data and operational states, allowing
DT to support predictive maintenance, anomaly detection, and adaptive control in
response to rapidly changing environments [1, 3].
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2. Theory

Figure 2.1: Conceptual Overview of Digital Twin Architecture

Within the domain of wireless communications, DT are now recognized as an en-
abling technology for the next generation of mobile networks, particularly 6G and
the broader Internet of Everything (IoE) paradigm [2]. A conceptual overview of
the DT architecture for communication systems is illustrated in Figure 2.1. Here,
DTs provide the digital sca�olding for proactive network design, dynamic resource
allocation, and performance optimization. For example, by creating a virtual copy of
a wireless network, including its base stations, channels, user devices, and even the
surrounding urban landscape, a DT can facilitate machine learning-driven network
optimization, simulate the impact of infrastructure changes, and predict user ex-
perience under diverse conditions. DT architectures are generally categorized into
three main types (monitoring, simulation, and operational), each serving distinct
roles within a cyber-physical system. An operational DT not only encompasses
monitoring and simulation capabilities, but also allows direct interaction with, and
control of, the physical system itself. This enables system operators to execute ac-
tions, �ne-tune con�gurations, and respond proactively to changing conditions, all
in a virtualized, risk-free environment [2].

The scope of DT applications continues to broaden. In manufacturing, DTs are
leveraged for advanced automation, quality assurance, and energy e�ciency. In
smart cities, they support initiatives for infrastructure monitoring, tra�c optimiza-
tion, and sustainability assessment [1, 3]. In the communications sector, DT enable
virtual radio propagation modeling and channel estimation, allowing engineers to
predict and optimize wireless coverage, interference patterns, and network capacity
before physical deployment [2, 4]. As a recent example, city-scale DT simulations
have been shown to signi�cantly improve channel estimation accuracy in vehicular
networks by capturing the in�uence of real urban environments and building geome-
tries on signal propagation [4].
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2. Theory

Despite the promise of DT's, several challenges remain on the path to widespread
adoption. Among these challenges are the integration of heterogeneous data sources,
the development of standardized and interoperable models, and the establishment of
robust security and privacy protections [1, 2, 3]. Furthermore, achieving low-latency
and high-�delity synchronization between the physical and digital domains requires
a sophisticated networking infrastructure and scalable computational resources. As
DT's become embedded in high-reliability and safety-critical applications, such as
autonomous mobility or future 6G communication networks, the importance of scal-
able, robust, and trustworthy architectures becomes even more critical.

DT provide a powerful bridge between the physical and virtual domains, enabling
real-time analysis, predictive simulation, and automated optimization across a broad
range of applications. Their relevance in communications is expected to expand
further with the emergence of 6G and ubiquitous IoT, where modeling, prediction,
and adaptation to complex and dynamic environments are essential to meet ever-
stricter requirements for latency, reliability, and network e�ciency [2].

2.2 Ray Tracing Fundamentals

RT is a physics-based and deterministic computational method extensively used to
model EM wave propagation in complex environments such as urban areas, build-
ings, and other engineered spaces [5]. Unlike stochastic (statistical) models, which
rely on measurement-based averages to represent signal variability, deterministic RT
methods calculate the exact trajectories and interactions of individual rays accord-
ing to the principles of geometrical optics. This provides spatial consistency and
detailed predictions of signal strength, delay spread, angle of arrival (AOA), and
other multipath characteristics. These predictions are critical for the design and
optimization of wireless communication systems and DT's. Site-speci�c predictions
are enabled by modeling re�ection, scattering [19], and di�raction [17, 18] using
path-�nding algorithms such as the image method and Shooting and Bouncing Ray
(SBR). Site-speci�c modeling is crucial for evaluating the impact of map inaccuracies
in DT and for the design and deployment of next-generation wireless systems.

2.2.1 Propagation Mechanisms: Re�ection, Scattering, and
Di�raction

The propagation of radio waves in real environments is governed by three primary
mechanisms when the ray is obstructed: re�ection, scattering, and di�raction.

Re�ection occurs when a ray encounters a surface such as a building facade or the
ground plane. The ray changes direction according to the law of re�ection, and its
strength is determined by the Fresnel equations [5]. Re�ections are the dominant
propagation mechanism in environments characterized by many large, �at surfaces.
The re�ective properties depend strongly on the material; for example, concrete,
glass, and brick have di�erent permittivity and conductivities, as summarized in
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the ITU-R P.2040 recommendation [16]. This standard provides comprehensive ta-
bles for the EM properties of common building materials, which are widely used in
radio propagation modeling.

Scattering refers to the redirection of energy in multiple directions due to interac-
tion with rough or irregular surfaces (e.g., textured building walls, foliage, or urban
clutter). Scattering can be divided into specular (mirror-like) and di�use (random-
ized) components. In urban environments, di�use scattering plays a signi�cant role
in multipath propagation and is especially important at high frequencies (see Fig-
ure 2.3) [5, 19].

Di�raction occurs when a ray encounters sharp edges or corners, such as building
rooftops or street canyons, bending around obstacles into shadow regions that are
not directly visible from the Tx. The mathematical treatment of di�raction is more
complex than for re�ection and relies on the Uniform Theory of Di�raction (UTD) or
Geometrical Theory of Di�raction (GTD) for practical calculations (see Figure 2.4)
[5, 17, 18].

Figure 2.2: Illustration of ray re�ection from a building surface.

Figure 2.3: Scattering from rough surfaces causing multipath propagation.

Figure 2.4: Di�raction around building edges allowing signal to reach shadowed
regions.
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2.2.2 Ray Tracing Algorithms: Image Method and SBR

Accurate modeling of EM wave propagation in complex environments requires spe-
cialized algorithms to compute the multitude of possible ray paths between Tx and
Rx. Two principal approaches are widely used in ray tracing: the Image Method
and the SBR method.

Figure 2.5: The image method for calculating re�ection paths: the transmitter
(Tx), image source (Ri), re�ection point (Q), and receiver (Rx).

Image Method: The image method is a geometric ray tracing technique that lever-
ages the concept of virtual images to e�ciently determine re�ection paths. When
a ray is re�ected from a planar surface (such as a wall or the ground), the process
involves constructing the �image� of either Tx or Rx across the re�ecting surface.
For each re�ection, the virtual image is found by mirroring the real point with re-
spect to the plane. To �nd the trajectory of a single re�ected ray, one can, for
example, construct the image of the Rx (Ri ), then draw a straight line from the Tx
to this image. The intersection of this line with the re�ecting plane gives the exact
location where the re�ection occurs. The path of the re�ected ray is then de�ned
as the sequence(Tx ; Q; Rx), whereQ is the re�ection point (see Figure 2.5). This
construction is mathematically equivalent if one instead images the Tx and connects
the Rx to the image point. The image method is not only computationally e�cient,
since it reduces multi-bounce re�ections to a series of geometric constructions, but
is also highly accurate for environments with a small number of large, �at re�ect-
ing surfaces. It can be extended recursively for multiple sequential re�ections by
constructing a sequence of image points through successive mirroring. However, the
method becomes less practical in environments with highly irregular geometries or
numerous obstacles, where the number of possible image paths grows exponentially
[5, 6].

Shooting and Bouncing Ray (SBR) Method: The SBR method, �rst intro-
duced in the context of radar cross-section analysis, has become a cornerstone for
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ray-based modeling in radio propagation, especially for urban and indoor environ-
ments with complex structures. The SBR algorithm is composed of three main
steps: ray launching, ray tracing, and ray reception.

1. In the ray launching step, a large number of rays are generated from the Tx,
distributed as uniformly as possible in all directions. This uniformity ensures
that the energy radiated by an isotropic source is accurately modeled, often
using spherical divisions such as icosahedral tiling for near-uniform coverage.

2. During ray tracing , each ray is independently propagated through the envi-
ronment. The algorithm recursively checks for intersections with obstacles: if
a ray hits a surface, it is either re�ected or di�racted based on the geometry
and material; if the ray continues unobstructed, it can reach the Rx directly.
Re�ection and di�raction events spawn new ray segments that are tracked in
subsequent steps. In realistic scenarios, the majority of computational time is
spent on detecting ray-surface intersections, which motivates the use of spatial
acceleration structures like triangular grids or bounding volumes.

3. In the reception step, the algorithm determines whether a given ray or its
associated �ray tube� illuminates the receiving point. Ray tubes may be mod-
eled with circular or polygonal cross-sections: circular tubes are simpler but
risk double-counting, while polygonal tubes are more accurate but computa-
tionally intensive.

The strength of the SBR method is its �exibility and scalability: It can easily
handle arbitrary geometries, multiple interactions (re�ection, di�raction, scattering)
and large-scale environments. However, it may produce less precise ray trajectories
compared to the image method, especially in scenarios with a limited number of
dominant propagation paths. To address this, hybrid methods have been proposed.
SBR is used to identify candidate rays that reach the Rx, and the image method is
then used to re�ne the ray trajectories to improve accuracy with minimal additional
computation [5].

2.3 Electromagnetic Path Propagation

The path propagation of EM waves in wireless communications is quanti�ed by the
path gain, which expresses the attenuation of signal power between a Tx and Rx due
to free-space spreading and additional losses from interactions with the environment
[5].
The Friis transmission equation models the ideal free-space case:

Pr = PtGtGr

 
�

4�d

! 2

where:
ˆ Pr : Received power (W)
ˆ Pt : Transmitted power (W)
ˆ Gt ; Gr : Antenna gains (dimensionless)
ˆ � : Wavelength (m)
ˆ d: Distance between antennas (m)
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Expressed in decibels (dB), the path gain (loss) is:

LdB = 10 log10
Pt

Pr
= � 10 log10

0

@GtGr

 
�

4�d

! 2
1
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When obstacles introduce re�ection, scattering, and di�raction, the received power
is further reduced. Ray tracing numerically incorporates these losses, calculating
the total path gain for each propagation path based on geometric and material
parameters of the environment. This detailed modeling is foundational for DT-
based wireless simulation and performance prediction.

2.4 Sionna Introduction

Sionna is an open-source, GPU-accelerated Python library designed to facilitate
next-generation wireless communication research, with a special focus on physical
layer modeling and simulation. Developed by NVIDIA, Sionna integrates a powerful
and di�erentiable ray tracing engine (Sionna RT). This engine allows researchers to
simulate, analyze, and optimize radio propagation in realistic 3D environments with
acceptable �exibility and computational e�ciency [9, 10, 11].
Built atop TensorFlow and leveraging the Mitsuba 3 renderer, Sionna RT not only
supports classic ray tracing for EM propagation modeling, but also enables end-to-
end learning and gradient-based optimization through di�erentiable programming.
This is particularly valuable for emerging 6G research, recon�gurable intelligent
surfaces, integrated sensing and communications (ISAC), and DT environments [11].

2.4.1 Ray Tracing and Scene Management

Sionna allows users to load, manipulate, and visualize detailed 3D scenes using
open formats, with assets easily created in Blender or imported from global sources
such as OpenStreetMap. Thescene.preview() functions enable interactive 3D
visualization and high-quality rendering of radio propagation scenarios, providing
clear insights into RT behavior (see Fig.2.6) [9, 14].

2.4.2 Computing Propagation Paths: compute_paths

A core feature of Sionna RT is thecompute_pathsmethod, which determines all sig-
ni�cant propagation paths between Tx and Rx within the modeled scene. By setting
parameters such asmax_depth, users can control the maximum order of re�ections.
The result is a comprehensive set of ray paths, each characterized by its geometric
trajectory, number of interactions, and physical parameters like path loss, delay,
angle of departure(AOD) and AOA. These outputs are critical for modeling realistic
channel impulse responses and for generating synthetic datasets for localization or
channel estimation research (see Fig.2.9) [9, 12].
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Figure 2.6: Visualization of computed ray tracing paths in a Sionna 3D scene.

2.4.3 Coverage Map and CDF Computation: coverage_map

Sionna'scoverage_mapfunction automates the computation of spatial distributions
of path gain (RSSI) or other metrics across a de�ned area. Users can specify the map
resolution, propagation parameters, and which phenomena (re�ection, di�raction,
scattering) to enable. The resulting coverage maps are essential for visualizing signal
strength, identifying coverage holes, and benchmarking network performance. For
a given Tx, a coverage map is a rectangular surface with arbitrary orientation,
subdivided into rectangular cells of sizejCj = cm_cell_size [0] � cm_cell_size [1].
The user-de�ned parametercm_cell_size controls the spatial granularity of the
map.
The coverage map associates with every cell(i; j ) the following quantity:

gi;j =
1

jCj

Z

Ci;j

jh(s)j2ds

where jh(s)j2 is the squared amplitude of the path coe�cientsai at position s =
(x; y), and the integral is over the areaCi;j of the cell. Here,ds = dx � dy is the
in�nitesimal surface element. The indexi (respectivelyj ) corresponds to they-axis
(respectivelyx-axis) of the coverage map in its local coordinate system. Thus,gi;j

can be interpreted as the average path gain across the cellCi;j . See Fig. 2.8 for a
CDF plot example and Fig. 2.7 coverage map example [9, 13].
The computed path gain can be further transformed into the received signal strength
(RSSI) by multiplying it with the Tx power, thereby providing a direct mapping to
system-level metrics.
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Figure 2.7: Radio Map propagation scenario generated with Path Gain using
Coverage_map.

Figure 2.8: Empirical CDF of path gain across a simulated coverage map, illus-
trating signal reliability statistics.

Mathematical Formulation: Given a set ofN path gain samplesf x1; x2; : : : ; xN g
obtained from the coverage map, the empirical cumulative distribution function
(CDF) at a value x is de�ned as:

F (x) =
1
N

NX

i =1

I (x i � x)
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where I (�) is the indicator function, which equals 1 if the condition inside is true,
and 0 otherwise.
In the context of Sionna, theCoverageMap.cdf() method automates this process
by computing the ECDF of the path gain values across the coverage map grid. This
function returns the sorted path gain values and their corresponding cumulative
probabilities, facilitating straightforward plotting and analysis of the CDF [13].

Figure 2.9: Rendered high-resolution image of a propagation scenario generated
using render_to_file .

2.4.4 Applications and Visualization: render_to_file

In this thesis, the render_to_file function is employed to produce high-resolution
visualizations of the 3D simulation scene from user-de�ned camera perspectives.
These rendered images are generated along with the thesis to qualitatively assess
propagation environments, highlight Tx and Rx locations, and visualize ray paths
and coverage maps (see Fig. 2.9) [14]. In the visualizations, greenish dots represent
Rx and blueish dots represent Tx positions, lines indicate simulated ray paths, and
black shapes correspond to building geometries. The background color gradients
re�ect simulated signal coverage or path gain, although a colorbar is not included
in the �gure.

2.4.5 Sionna Flow: Compute Paths, Coverage Maps, and
Rendering

Sionna's work�ow is as follows:
1. Loading or creating a 3D scene (from Blender, OpenStreetMap, or built-in

examples) [15].
2. Placing Tx and Rx at user-de�ned positions with con�gurable antenna arrays.
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3. Using scene.compute_paths() to calculate all relevant radio propagation
paths, capturing key details like re�ection/di�raction order, path length, delay,
and path gain.

4. Using scene.coverage_map() to evaluate and visualize the distribution of
signal power or other metrics over a 2D grid.

5. Exporting results or rendering visualizations to high-resolution �les with
scene.render_to_file() .

This work�ow enables rapid iteration on scene design and propagation modeling,
making Sionna a valuable tool for both practical engineering and academic explo-
ration [12, 13, 14].

2.5 Map Inaccuracies in Practice

Accurate spatial representation is fundamental to the integrity of DT applications,
particularly for wireless sensing and localization tasks. In industry practice, com-
munication companies frequently purchase maps from specialized vendors. The pro-
curement of these maps incurs substantial cost. Pricing is strongly correlated with
the resolution, accuracy and level of detail of the map. For example, a typical high-
resolution commercial map may feature a 1-metre grid and a relative planimetric
accuracy of� 3 metres, while older or less detailed maps might o�er only a 5-metre
grid and relative planimetric accuracy of� 5 metres. The choice of map directly im-
pacts simulation �delity and, consequently, the reliability of DT-driven localization
and network planning.

Despite considerable investment, real-world mapping is inherently subject to inac-
curacies stemming from several major sources:

ˆ Survey resolution: The spatial resolution of a map, determined by the
density of surveyed points or the granularity of remote sensing, limits the
minimum distinguishable feature size. Higher-resolution maps capture �ner
details but are more expensive to obtain and process.

ˆ Alignment errors: Misalignments can arise from sensor drift, georeferencing
errors, or the merging of heterogeneous datasets. These lead to systematic
shifts in building footprints or road networks within the DT.

ˆ Temporal changes: Urban environments are dynamic. Construction, demo-
lition, vegetation growth, and infrastructure upgrades introduce discrepancies
between the map and the real world if the map is not frequently updated.

The �delity of EM simulations for wireless communication systems is in�uenced by
the geometric accuracy and material characterization of the underlying maps. While
research suggests that local discrepancies, such as misplaced buildings, incorrect ori-
entations, missing features, or material mismatches, can impact radio propagation
models and potentially a�ect coverage prediction and localization, the extent of this
impact at a system level is less clear [3, 24]. In particular, while individual locations
may exhibit signi�cant deviations, overall statistical properties such as path gain
distributions may remain relatively robust. This thesis investigates these e�ects in
detail, examining how map inaccuracies manifest in both localized and aggregate
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performance metrics.

The computational cost of high-�delity EM simulation is further magni�ed by map
complexity and mesh resolution, as shown in recent benchmarking studies [24].
These studies highlight the need to balance model accuracy with practical con-
siderations, such as simulation runtime and hardware requirements, especially in
the context of real-time DT applications for 6G and beyond.

To systematically investigate the e�ects of map inaccuracies, this thesis introduces
controlled perturbations to the base map (original map without randomization) in
the form of vertex translations and rotations. These modi�cations serve as repre-
sentative models for common real-world errors, such as those introduced by limited
survey precision or the temporal evolution of the urban landscape. By deliberately
simulating these typical inaccuracies within the DT framework, it becomes possible
to quantify their impact on localization outcomes. Such controlled experiments are
essential for providing actionable guidance on the trade-o�s between map �delity,
procurement cost, and application-level performance in wireless network planning
and DT-based localization.

2.6 Localization Principles

Wireless localization is a fundamental capability in contemporary communication
networks, enabling essential services such as navigation, emergency response, and
asset tracking [1, 27]. The process typically involves estimating the position of a mo-
bile device using radio signal measurements taken from multiple anchor nodes (such
as base stations or access points). The following subsections provide an overview
of the main measurement techniques, statistical estimation methods, �ngerprinting
strategies, and practical challenges in localization.

2.6.1 Measurement Techniques

A range of physical-layer measurements are utilized in localization systems, each
o�ering distinct advantages depending on the application and environment:

ˆ Time of Arrival (TOA): Determines the distance between a Tx and an Rx by
measuring the signal propagation time, which requires precise time synchro-
nization [26, 27].

ˆ Time Di�erence of Arrival (TDOA): Utilizes di�erences in arrival times at
multiple Rx to constrain the target's position to a hyperbola, reducing syn-
chronization requirements [27].

ˆ Angle of Arrival (AOA): Estimates the direction from which the signal is re-
ceived using antenna arrays, with the intersection of multiple directions used
to infer the Tx's position.

ˆ Received Signal Strength (RSS): Infers distance by measuring signal attenu-
ation, often modeled by the Friis transmission equation or empirically deter-
mined path-loss models [1].
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2.6.2 Estimation Methods

Because real-world measurements are often noisy and a�ected by multipath propa-
gation, localization becomes a statistical inference problem. Several key estimation
methods are used:

ˆ Linear and Non-linear Least Squares (LLS/NLS): These methods minimize
the sum of squared errors between measured and predicted values. LLS is
applicable when the problem can be linearized, while NLS directly handles
non-linear relationships through iterative optimization [27].

ˆ Maximum Likelihood Estimation (MLE): MLE identi�es the position that
maximizes the likelihood of observing the measurements, given a speci�ed
noise model. For a vector of observed measurementsz, the MLE formulation
is:

(x̂; ŷ) = arg max
x;y

L (x; y; z);

where L (x; y; z) is the likelihood function. When measurement noise is as-
sumed to be independent and Gaussian, this is equivalent to minimizing the
weighted sum of squared residuals:

(x̂; ŷ) = arg min
x;y

NX

i =1

1
� 2

i
(f i (x; y) � zi )

2 ;

wheref i (x; y) is the theoretical measurement model for thei th anchor and � 2
i

is the variance of thei th measurement [25, 26].
ˆ Bayesian and Minimum mean square error(MMSE) Estimation: These tech-

niques incorporate prior distributions or knowledge of the environment and
compute minimum mean-square error estimates; they are especially useful in
dynamic or uncertain settings [25].

2.6.3 Fingerprinting-Based Localization

In environments where multipath e�ects and NLOS conditions undermine geometric
methods, �ngerprinting has become a widely adopted alternative. Fingerprinting
constructs a database (radio map) of signal characteristics, such as RSSI, channel
impulse responses, or high-dimensional channel vectors, at known locations [22,
23]. During operation, new measurements are matched to those in the database
using statistical or machine learning algorithms, including MLE,k-nearest neighbor,
or neural networks. Advances in DT technology and ray tracing now enable the
generation of large-scale synthetic �ngerprint databases, improving coverage and
reducing the need for extensive �eld measurement campaigns [2, 3].

2.6.4 Practical Challenges

Despite progress, several challenges remain for robust localization:
ˆ Multipath and NLOS E�ects: Re�ections, di�ractions, and obstructions intro-

duce errors and biases in TOA, TDOA, and RSS measurements, necessitating
advanced channel modeling or robust statistical methods [5, 3].
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ˆ Measurement Noise and Outliers: Real-world data often contain outliers and
varying quality, which requires localization algorithms to implement robust
estimation, adaptive weighting, or outlier rejection strategies [26, 27].

ˆ Environmental Dynamics: Dynamic environments (e.g. moving objects, tem-
poral changes in urban layouts) can degrade the accuracy of the �ngerprint
database, making frequent updates or algorithm adaptation necessary [3].

These combined techniques and practical considerations establish the foundation for
advanced localization systems. Modern approaches often integrate robust statistical
estimation (such as MLE), diverse measurement strategies, and DT-based synthetic
data generation to achieve accurate and resilient positioning in real-world wireless
networks.
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This chapter describes the end-to-end methodology developed to analyze the impact
of map inaccuracies on wireless localization within a DT framework. The work�ow
integrates map statistical analysis, randomized map generation, ray tracing simula-
tion, localization algorithm evaluation, and coverage map analysis. The approach
combines statistical rigor with realistic modeling, leveraging Python scripting and
specialized libraries.

3.1 Image Method Veri�cation

To analyze and verify the behavior of RT performance when building facades are
randomized, a dedicated Python simulator was developed. The simulator models
both deterministic and randomized re�ection scenarios in 2D, providing an e�cient
environment for controlled Monte Carlo analysis. The objective of this analysis is to
systematically quantify how geometric randomization, such as perturbing building
surfaces using Gaussian noise, a�ects the accuracy and reliability of simulated RT
re�ections and subsequent localization estimates.

3.1.1 Simulation Setup

The simulator implements the image method for two parallel planes, representing
idealized facades of buildings. In each experiment, a ray is emitted from a �xed
source position towards a facade at a �xed departure angle and total path length.
The re�ection is then computed for both a reference (unaltered) plane and a ran-
domly perturbed plane, where the endpoints of the facade segment are shifted by
samples drawn from a Gaussian distribution. This process mimics realistic facade
uncertainty as might occur in vendor-supplied maps.

3.1.2 Monte Carlo Work�ow and Statistical Analysis

The analysis is performed over a large number of Monte Carlo trials (e.g.,N = 200),
with each iteration generating a new randomized facade and corresponding re�ection
path. For each trial, the simulator records:

ˆ The intersection and endpoint of the re�ected ray on both reference and ran-
domized planes.

ˆ The deviation (Euclidean distance) between the reference and randomized
re�ection endpoints.
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ˆ The normal vector angles and other geometric attributes of the perturbed
surfaces.

This process is repeated for multiple geometric con�gurations, including di�erent
planes and incident angles, enabling a robust statistical characterization of re�ection
error distributions. Figures 3.1, 3.2, and 3.3 illustrate example results from these
simulations.

Figure 3.1: Visualization of ray tracing on reference and randomized planes, show-
ing re�ection endpoints and path deviations

Figure 3.2: Histogram of endpoint deviations are shown individually for both
planes.

20



3. Methods

Figure 3.3: Histogram plot for upper and lower plane normal

3.1.3 E�ect of Re�ection Path Length and Facade Length

The simulation results demonstrate that re�ection paths with a longer remaining
distance after the last interaction are more sensitive to facade randomization, result-
ing in a higher spread of endpoint deviations (see Fig. 3.2 and Fig. 3.4). This e�ect
is particularly pronounced for rays that traverse longer distances after re�ecting,
as minor geometric perturbations in the facade can lead to large shifts in the �nal
intersection point.
Additionally, simulations reveal that shorter facade lengths contribute to a greater
spread in the distribution of plane normals (see Fig. 3.3). This increased variability
in surface orientation ampli�es the deviation in ray endpoints, further degrading
localization accuracy. Thus, both longer remaining re�ection paths and shorter,
more randomized facade segments can signi�cantly impact the spatial consistency
of the estimated positions.

Figure 3.4: Scatter plot of X-Y with Respect to Rx Position

3.1.4 Purpose and Practical Implications

The primary purpose of this simulation is to deepen the understanding of how DT
localization is a�ected by geometric map errors and to validate the robustness of
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subsequent positioning algorithms. By visualizing the spatial distribution of re�ec-
tion points, angle deviations, and their statistical properties, the simulator provides
practical insight into the propagation of map-induced uncertainties through the RT
pipeline. These insights guide the design of downstream localization methods and
inform parameter choices for map randomization in larger simulation work�ows.
It should be noted that this investigation only considers specular re�ections as the
primary propagation mechanism. Other types of interactions, such as di�raction
and scattering, are not included in the current study but may warrant similar in-
vestigations in future work to fully capture their impact on localization accuracy.

3.2 Overall Work�ow

The methodology is structured into distinct (see Fig. 3.5), interlinked stages:

Figure 3.5: Overall Work�ow of Simulation

1. Map Analysis and Preparation: Prior to simulation, each candidate map
is statistically analyzed. Building footprints and dimensions are extracted and
the distributions of building sizes are visualized using histograms and CDFs.
This analysis directly informs the choice of rotation and translation bounds
for subsequent map perturbations, ensuring that simulated inaccuracies real-
istically re�ect vendor speci�cations.

2. Randomized Map Generation: To systematically study the e�ects of inac-
curacies, randomized maps are generated by applying rotation and translation
perturbations to buildings based on their centroid. Perturbations follow a
truncated Gaussian distribution with a standard deviation chosen such that
95% of values fall within the speci�ed map accuracy tolerance (e.g.,� 3 m or
� 5 m). This controlled randomization aims to mimic real-world vendor map
speci�cations.
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3. Baseline RT Simulation(Sionna): The unperturbed �baseline map� is used
to perform a reference RT simulation. This step extracts ground-truth metrics
such as path distances, path types (re�ection, di�raction), path gain, and AOD
for each Tx-Rx pair. In a practical scenario, these quantities are analogous to
the information that could be estimated at the base station in the real world,
such as path distances and arrival angles, using sounding reference signals
transmitted by the mobile terminal.

Coverage Map and CDF Construction: Path gain (RSSI) values from
each RT run are spatially aggregated to form coverage maps. For each scenario,
the empirical CDF of the path gain is calculated, allowing visualization and
benchmarking of coverage reliability. Changes in the CDF are analyzed under
di�erent perturbation scenarios to assess the impact of map errors on the
predicted network performance.

4. RT on Randomized Maps(PyVista): For each randomized map realiza-
tion, RT simulations are rerun using PyVista and the resulting path metrics
are recorded. This collects more data for statistical study, quantifying the
variability in localization and coverage due to map inaccuracies. Positioning
errors, such as the absolute deviation, are statistically analyzed across many
simulation runs on randomized maps. [21]

5. Localization Algorithm Evaluation: Multiple maximum likelihood-based
localization algorithms are applied to the data ray-traced on the random maps.
The robustness of each algorithm is assessed by computing position errors
over many randomized maps. Outlier removal techniques are used, typically
discarding rays with extreme path lengths or low path gain. Reliable absolute
positioning estimates are obtained by computing the mean error after the
outlier exclusion.

3.3 Software Stack

The core implementation leverages the following software components:

ˆ Sionna : For GPU-accelerated ray tracing and propagation modeling, provid-
ing detailed multipath metrics for each simulation scenario.

ˆ PyVista : Perform RT based on Sionna output and interactive visualization
of both maps and simulation results.

ˆ Trimesh : For e�cient manipulation of 3D meshes, implementation of vertex
perturbations.

ˆ Python : As the orchestration and scripting language, enabling seamless in-
tegration of data analysis, simulation work�ow, and visualization routines.

This stack allows rapid prototyping, batch simulation, and reproducible research
while supporting large-scale Monte Carlo experiments necessary for statistical sig-
ni�cance.
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3.4 Implementation Steps

3.4.1 3D Map Information/Generation

The simulation environment utilized in this thesis is based on a detailed 3D map of
the Kista district, covering an area of approximately1636� 1453,m2. The 3D map
data were generated using the Blosm plugin1, an open-source tool for Blender that
extracts building footprints and terrain information directly from OpenStreetMap
(OSM) for a user-speci�ed location. For this study, the Kista area in Stockholm
was selected as the region of interest. Terrain elevation data were included, while
vegetation was deliberately excluded to simplify the simulation model. [15]

To ensure modeling consistency and computational e�ciency, all buildings in the
DT are assigned a uniform material property corresponding to ITU concrete [7].
The accuracy of this map is su�cient for simulation-based analysis and serves as
a �xed reference against which all map perturbations are applied. It is important
to note that, as the aim of this study is to evaluate the relative impact of spatial
inaccuracies, the absence of direct measurement data for validation does not a�ect
the comparative conclusions. The planimetric accuracy levels of 3 m and 5 m used
in the randomized maps are representative of the typical tolerances observed in
commercially available building maps.

The Blosm import process generates individual building meshes, allowing for tar-
geted manipulation and perturbation of each structure. The scenario evaluated
throughout this thesis corresponds to a large plaza deployment, with a single Tx
and twenty Rx distributed throughout the map area. The exact Tx and Rx lo-
cations, as well as the coverage region, are indicated in Figure 3.6. The spatial
con�guration of Txs and Rxs is designed to represent a realistic and challenging
localization environment and forms the foundation for all subsequent simulation
studies.

This 3D DT enables systematic analysis of the impact of spatial map perturbations,
such as rotations, translations, and combined transformations, on radio propagation
and localization accuracy in a representative urban environment.

1Blosm: https://github.com/vvoovv/blosm
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