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Abstract

OCALIZATION is fundamental in many applications, including au-
tonomous driving, robotics, emergency services, and wireless com-
munication systems. The achievable localization accuracy depends
on the information provided by the measurements, which is shaped by
sensor placement, spatial resolution, sampling rate, synchronization accuracy,
calibration, noise levels, and environmental effects such as multipath propa-
gation and occlusions. At the same time, practical localization systems must
operate under constraints such as limited computational resources, energy
consumption, and real-time processing requirements. As a result, localization
should be viewed not only as an estimation problem but also as a broader
system design problem that involves measurements from sensors, algorithm
selection, and hardware implementation. By considering these aspects jointly,
this thesis investigates how localization systems can be designed to achieve
reliable and accurate performance while remaining suitable for practical real-
time applications.

This thesis consists of introductory chapters that provide background on
localization systems, followed by five papers published in or submitted
to scientific conferences and journals. The first paper presents the Lund
University Vision, Radio, and Audio (LuViRA) dataset, a public multimodal
dataset developed through a collaboration between multiple departments
and faculties at Lund University. It provides synchronized measurements
from multiple sensor types for indoor robot localization and a common
reference for developing, evaluating, and comparing methods across sensing
modalities. The second and third papers build on LuViRA by investigat-
ing the accuracy, robustness, and practical limitations of different sensors,
including a machine-learning-based 5G localization method using massive
MIMO channel measurements. The fourth paper shifts the focus to outdoor



radio-based localization and develops an adaptive attention-based model that
selects between specialized machine learning models according to the prop-
agation environment. Finally, the fifth paper extends this approach towards
Transformer-based models and implements an FPGA accelerator to support
low-latency and energy-efficient inference. Together, these contributions span
measurements, algorithm development, environment-dependent adaptation,
and hardware implementation, highlighting the importance of considering
the complete localization system for practical real-time deployment.
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Popular Science Summary

OCALIZATION answers the fundamental question: "Where am I?". In
everyday life, we localize ourselves using many different senses. We
recognize landmarks, follow sounds, and estimate distances based
on what we see around us. For example, hearing bells might indicate the
direction of a bell tower, helping us understand our relative position. Modern
devices do something similar, but with electronic sensors. A phone, robot, or
vehicle may use cameras, microphones, or antennas to understand where it is.
Each sensor provides a different view of the environment. A camera can give
rich visual information, but it may fail in darkness, fog, or when the view is
blocked. Radio signals, on the other hand, can often still be measured when
there is no direct visual contact.

To develop new localization methods, realistic data is needed. Algorithms
cannot be properly designed or evaluated without measurements that repre-
sent the conditions they will face in practice. One contribution of this thesis
is therefore a real-world dataset with synchronized vision, radio, and audio
measurements, together with reference position information. This dataset
makes it possible to compare different sensing methods under the same
conditions and to study their strengths and limitations.

In modern wireless communication systems, especially 5G, base stations
are equipped with many antennas. This technology is known as massive
multiple-input multiple-output, or massive MIMO. These antenna arrays
are mainly used to improve communication, but they also provide useful
information for localization. When a signal travels between a user device
and a base station, it interacts with the environment. It may arrive directly,
reflect from buildings, or be partially blocked by objects. The measured radio
signal therefore contains a kind of fingerprint of the user’s position.
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Machine learning can be used to learn the relation between these radio
fingerprints and physical positions. Instead of explicitly modelling every
possible reflection and propagation path, a model can be trained from real
measurements. In this thesis, learning-based methods are developed for in-
door and outdoor localization using radio signals from a commercial massive
MIMO base station. The goal is to estimate the position of a moving user from
the measured radio channel.

A challenge in radio localization is that the same model may not work
equally well in all situations. For example, measurements with a direct signal
path can look very different from measurements where the signal is blocked
and mainly reaches the receiver through reflections. To address this, the thesis
studies adaptive localization models. Rather than using one fixed model for
all conditions, the proposed approach selects the most suitable localization
model based on the measured signal. This makes the system more robust to
changes in the radio environment.

Accurate algorithms are only useful in practice if they can also run effi-
ciently. Future applications such as autonomous vehicles, mobile robots, ex-
tended reality devices, and industrial systems require position estimates with
low latency and limited energy consumption. For this reason, the thesis also
investigates hardware architectures for real-time radio-based localization. The
proposed hardware exploits the structure of the input and the computations
inside the machine learning model.

Together, the contributions of this thesis cover several parts of the localiza-
tion problem: real-world measurement data, learning-based radio localization
algorithms, adaptive models for changing signal conditions, and efficient
hardware implementation. The work shows how radio signals from commu-
nication infrastructure can be used not only for communication, but also for
accurate and efficient positioning. By combining real-world measurements,
algorithms, and hardware design, this thesis contributes toward localization
systems that are real-time and efficient.
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Preface

}.‘ N His thesis presents the research contributions developed during my

doctoral studies in the Integrated Electronic Systems group at the
E u Department of Electrical and Information Technology, Lund Univer-
sity, Sweden. The main focus of this work addresses localization systems,

algorithms, and hardware. The work has been supervised by Professor Liang
Liu, Professor Ove Edfors and Professor Kalle Astrom.

STRUCTURE OF THE THESIS

The thesis is organized into two parts. The first part provides an overview of
the research field and summarizes the main contributions. The second part
consists of the appended papers, which detail the individual research results.

¢ INTRODUCTION
Provides a comprehensive overview of the research areas explored dur-
ing the doctoral studies. It outlines the key problems and challenges
addressed in the included papers, establishes the connections between
them, and contextualizes the overall contributions. *

* PAPERS
The second part includes five papers [1-5] in the main body of the
thesis, presented in the following order, along with a summary of my
contributions.

*This thesis has in part been produced with the assistance of generative Al
model(s), such as ChatGPT, Microsoft Copilot and Gemini. Al models were used to
brainstorm ideas, edit content, format and polish the text and improve the language.
I have processed the generated text and image and take full responsibility for the
content.
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1.1

Overview

h HIS chapter introduces the problem of localization® and its impor-

tance in modern applications ranging from robotics and autonomous
! systems to wireless communications. It outlines the fundamental
challenges associated with estimating position and the surrounding environ-
ment of a target object under varying conditions, highlighting limitations of
existing solutions such as Global Navigation Satellite System (GNSS) in indoor
and dense urban scenarios. The need for robust, low-latency, and energy-
efficient localization systems is motivated through practical use cases and
system requirements. Furthermore, the chapter defines the scope of the thesis
by considering localization measurements, algorithm design, and hardware
implementation as parts of the same system-level problem.

LIMITATIONS OF GNSS-BASED LOCALIZATION

The need for localization has driven innovation for centuries. Long before
modern electronic navigation systems, people relied on tools like the magnetic
compass, first invented in China over a thousand years ago, to find their way.
Sailors used compasses to navigate vast oceans, while explorers carried them
to traverse unfamiliar lands.

Today, one of the most common localization technologies is GNSS, which
is widely used for outdoor navigation. GNSS receivers estimate their position
by measuring the propagation time of signals transmitted from multiple

“Localization typically refers to estimating the position of an object relative to
its surrounding environment, whereas positioning denotes the determination of an
object’s spatial coordinates within a defined coordinate system [6,7]. In this thesis, the
terms are used interchangeably for simplicity.
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satellites. Since the receiver clock is not perfectly synchronized with the
satellite clocks, the receiver must estimate both its position and its clock offset.
For three-dimensional positioning, at least four visible satellites are typically
required: three unknowns correspond to the receiver coordinates, and one
unknown corresponds to the receiver clock offset. While GNSS performs
well in open-air environments, its accuracy can degrade in indoor spaces,
tunnels, dense urban areas, and other settings where satellite signals are
blocked or reflected [8]. In urban canyons, for example, tall buildings restrict
sky visibility and introduce multipath propagation, which can significantly
reduce positioning performance [9,10]. Therefore, many applications require
localization methods that remain reliable under more challenging and realistic
conditions.

*
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Figure 1.1: Illustration of the urban canyon effect in Toronto’s financial district.
The target object is marked with a yellow diamond. A direct LoS satellite path
is shown in green, while an indirect multipath component is shown in orange.
A satellite without a direct LoS path is shown in yellow.

Toronto’s financial district, illustrated in Fig. 1.1, provides one example
of this challenge. In such an environment, GNSS performance can degrade
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because satellite signals may be blocked by surrounding buildings or received
through reflected Non Line of Sight (NLoS) paths. Beneath the same district
lies PATH, a mostly underground pedestrian walkway network spanning
more than 30 km. Although PATH provides sheltered pedestrian access dur-
ing Toronto’s harsh winters, GNSS-based positioning is generally unavailable
in such environments. This example shows that localization is challenged
by both outdoor urban canyons and indoor or underground environments,
where reliable positioning remains difficult. The thesis addresses both settings
by investigating localization methods under varying outdoor propagation
conditions and in indoor environments where satellite-based positioning is
unavailable.

PRACTICAL USE CASES

In practical systems, the estimated position is usually used as an input to
a larger task, such as navigation, tracking, control, mapping, or interaction
with the surrounding environment. The required localization performance
therefore depends on the application. A system that tracks assets in a
warehouse may only need coarse position estimates, while a mobile robot,
autonomous vehicle, or Extended Reality (XR) device requires more frequent
and accurate updates [11,12].

In robotics, localization is a central part of autonomous operation. A mobile
robot needs to know its position in order to plan a path, avoid obstacles, and
interact with objects or people around it. Similar requirements exist in smart
factories, where robots, tools, products, and vehicles may need to be tracked
continuously. In these environments, the localization system must often
work indoors, where satellite-based positioning is not reliable, and where the
surroundings can change due to moving objects, machines, or people.

Autonomous driving is another application where localization is critical. A
vehicle needs to estimate its position with respect to roads, lanes, obstacles,
and other vehicles. In this case, localization is not only used to determine the
global position of the vehicle, but also to understand its local position within
the surrounding traffic environment. Urban areas make this problem more
difficult, since buildings can block satellite signals and create reflections. Tun-
nels, parking garages, and dense city streets are examples where additional
sensing methods are needed.

XR applications also place strong requirements on localization. In aug-
mented and virtual reality, the position and orientation of the device must
be updated frequently to match the motion of the user. Even small delays or
errors can reduce the quality of the experience, and induce motion sickness.
For this reason, XR systems commonly rely on Inertial Measurement Units
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(IMUs) together with other sensors, such as cameras or radio measurements,
to support fast and continuous tracking.

Localization is also useful in applications such as agriculture, emergency
response, and healthcare. In agriculture, positioning can support autonomous
machines and monitoring of large outdoor areas. In emergency response,
localization can help track people or equipment in buildings where GNSS is
unavailable. In healthcare and assisted living, indoor localization can be used
to monitor movement or support safety-critical services.

1.3 SENSORS AND SYSTEM REQUIREMENTS

Different localization applications impose different requirements on the local-
ization system. These include positioning accuracy and latency, as well as
constraints on update rate, computational resources, and energy consump-
tion. For this reason, real-world localization systems are often designed
around the requirements of the target application. Example use cases and
their requirements are given in Table 1.1.

Table 1.1: Use cases and their requirements [13,14].

Positioning

Use case accuracy Latency
Augmented reality (sports) <05m <20 ms
Augmented reality <01lm <10 ms
(professions)
Virtual reality (gaming) <0.1m < 1 ms (control)

< 100 ms (data)
Realtime digital twins 0.1m <1ms-50 ms
(manufacturing)
Patient monitoring (wearables) <1lm <200 ms
Human-robot co-working - 1 ms
Tracking (goods & inventory) <01m <100ms-1s
Tracking <1lm <1s
(people in large venues)
Tracking (Robots & vehicles) <0.1m <10 ms
Smart home <01m <100 ms

These requirements show that localization performance cannot be defined
by accuracy alone. Many applications also require frequent position updates
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and low latency, while practical systems must operate within available com-
putational and energy constraints.

A localization system estimates the position of a device or object based on
measurements from the surrounding environment. An illustration of different
sensors used to estimate the position and trajectory of a target object is shown
in Fig. 1.2. In some applications, the system may also need to provide a
more comprehensive understanding of the environment, for example through
mapping, tracking, or interaction with other objects. Systems that directly
provide position information, such as GNSS, are useful in many outdoor
scenarios; however, they do not provide a general solution to the localization
problem, as discussed above.

Figure 1.2: Cameras, microphones, and antennas can be used to calculate
location information.

Different sensors provide different types of information for localization.
Cameras capture images of the environment. One of the most common ways
to use cameras for localization is by extracting key features from images
and using them as anchor points. This approach is widely studied in the
field of computer vision. Visual Simultaneous Localization and Mapping
(SLAM) is a widely used technique that allows devices to build a map of
their surroundings while simultaneously estimating their position within that
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map. Vision-based methods can provide rich spatial information, but they are
sensitive to illumination, occlusion, texture, and weather conditions.

Radio-based localization uses wireless signals, such as Wi-Fi, Bluetooth,
or cellular signals. One advantage of radio signals is that they can often be
measured without direct visual contact between the transmitter and receiver.
This makes them useful in indoor and obstructed environments. A common
approach is fingerprinting, where signal characteristics are collected at known
positions and later compared with new measurements to estimate location.

Modern wireless systems provide new possibilities for radio-based lo-
calization. In particular, massive Multiple-Input Multiple-Output (MIMO)
systems use large antenna arrays, which provide spatial information about the
propagation environment. These measurements can be useful for estimating
position, since the received signal depends on the location of the user and the
surrounding objects. At the same time, the use of many antennas and wide
bandwidths increases the amount of data that has to be processed.

Audio-based localization uses sound measurements to estimate position or
direction. Microphone arrays can be used to estimate the direction of a sound
source, and time-based methods can estimate position from the difference
in arrival time of a signal at different receivers. Audio can be useful when
visual information is limited, but it is affected by noise, reverberation, and
the geometry of the environment. One fascinating use case is studying the
behavior of bats, where researchers analyze echolocation signals to track
their movement in the wild. In everyday applications, microphone arrays
enable voice assistants like Alexa or Google Home to detect the direction of a
speaker’s voice and respond accordingly.

In practical systems, several sensors are often combined because each
modality has different strengths and limitations. For instance, an autonomous
device may use cameras, IMUs, and radio measurements together to improve
robustness under changing conditions.

The choice of sensor modality can be considered a system-level design
decision because it determines how the environment is observed and influ-
ences the available measurements, algorithms, and hardware. Accordingly,
the papers in this thesis consider vision-, radio-, and audio-based localization
systems. When the localization system is considered at the measurement, al-
gorithm, and hardware levels, the sensor type is included at the measurement
level, together with the characteristics of the resulting measurements. These
measurement choices then influence the subsequent algorithm and hardware
design.

The choice of sensor and localization method therefore depends on the
application, the environment, and the system requirements. A method that
performs well in one setting may not be suitable in another. This makes the
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sensing setup, the available measurements, the algorithm, and the implemen-
tation constraints important parts of the overall localization system.

RESEARCH CHALLENGES

The previous section shows that different applications impose different re-
quirements on localization systems, including accuracy, latency, and imple-
mentation constraints. This creates challenges not only in selecting a suitable
sensing modality, but also in collecting and processing measurements under
realistic conditions.

Vision, radio, and audio systems all provide different types of information
about the environment. However, comparing these modalities is not straight-
forward. To make a fair comparison, the measurements should be collected
under the same conditions, synchronized in time, and associated with a
reliable ground-truth position. Otherwise, it becomes difficult to separate
the effect of the sensor from the effect of the measurement setup. Simulated
data can be useful for controlled studies, but it may not capture all practical
effects that appear in real measurements, such as hardware impairments,
synchronization errors, calibration errors, noise, and environmental changes.

Even after the data has been collected, several practical challenges remain.
Measurements from different sensors are often represented in different co-
ordinate systems and have different sampling rates, resolutions, and noise
characteristics. The data must therefore be aligned, calibrated, and validated
before it can be used for localization. This is especially important for multi-
modal datasets, where inconsistencies between sensors can directly affect the
evaluation of the localization algorithms.

After selecting a sensing modality, the next challenge is to design algo-
rithms that are accurate and reliable under realistic conditions. In radio-
based localization, the measured channel depends strongly on the propa-
gation environment. Indoor and outdoor scenarios can have very different
channel characteristics, and LoS, NLoS, and mixed conditions can lead to
different measurements. A method that works well in one environment may
therefore lose accuracy when the propagation conditions change. This makes
robustness and adaptability important requirements for learning-based radio
localization.

Accuracy alone is not sufficient for practical deployment. Many localization
applications require frequent position updates, low latency, and limited power
consumption. This becomes challenging when the localization algorithm
uses high-dimensional sensor data or complex machine learning models.
For example, massive MIMO radio measurements can provide rich spatial
information, but they also increase the amount of data that must be processed.
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Similarly, machine learning models can improve localization performance, but
they introduce computational and memory-access costs that may be difficult
to support on resource-constrained platforms.

RESEARCH QUESTIONS AND THESIS CONTRIBUTIONS

The thesis therefore treats localization as a co-design problem across mea-
surements, algorithms, and hardware implementation. Design choices across
these three domains are considered together to achieve the required localiza-
tion accuracy and real-time performance under realistic operating conditions,
while limiting computational, memory, hardware resource, and energy costs.
The research presented in this thesis addresses the following questions:

1. How can measurements, algorithm design, and hardware implemen-
tation be considered jointly with system requirements and constraints
to achieve high localization accuracy, real-time operation, and reduced
energy consumption?

2. How can localization algorithms based on different modalities be devel-
oped, evaluated, and compared using real-world measurements? What
are the advantages and limitations of vision-, radio-, and audio-based
localization?

3. How can 5G massive MIMO measurements be used for localization,
and how do measurement structure and system requirements affect
algorithm selection and the trade-off between localization accuracy and
computational complexity?

4. How can propagation conditions and measurement characteristics
be used to design learning-based radio localization algorithms that
improve localization performance while reducing computational and
hardware implementation costs?

5. How can adaptive learning-based radio localization models be im-
plemented in hardware while considering latency, computational re-
sources, and energy requirements?

The thesis addresses these questions across real-world data collection,
algorithm development, and hardware realization. An overview of the
measurement, algorithm, and hardware design parameters considered in the
thesis is shown in Fig. 1.3.

10
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Localization Systems

System Requirements and Constraints

Measurements Algorithms Hardware
Sensor type* Geometry-based Architecture
Input characteristics Data-driven Dataflow
Calibration Memory organization
Time synchronization Quantization
N~ -
—

............................................................

*Sensor type is included under the measurement domain for simplicity, but may also be
regarded as a system-level design choice.

Figure 1.3: Co-design of localization systems across measurement, algorithm,
and hardware implementation.

The main contributions of the thesis can be summarized as follows:

¢ Joint analysis and optimization of selected design choices across the
measurement, algorithm, and hardware implementation levels of in-
door and outdoor localization systems.

¢ Development and evaluation of a synchronized multimodal localization
dataset containing vision, radio, and audio measurements together
with accurate ground truth positions, enabling localization methods
based on different sensing modalities to be evaluated under common
measurement conditions.

¢ Investigation of learning-based localization using 5G massive MIMO
measurements, including how the structure of the radio measurements
influences model selection, localization accuracy, and computational
complexity.

* Development of adaptive radio localization using real-world measure-
ments from a commercial 5G massive MIMO base station under varying
propagation conditions. Measurement characteristics are used to select
specialized localization models, improving localization accuracy while
reducing computational complexity.

11
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* Based on the adaptive models, development and implementation of
processing architecture for low-latency adaptive radio localization, in-
cluding quantization, mixed dataflow, and sparsity-aware processing.

12
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Localization Systems and
Measurements

OCALIZATION systems combine sensor measurements with models
and coordinate representations to estimate the position or pose of a
target. This chapter first introduces the main system concepts used
throughout the thesis, including state representation, coordinate frames, and
the distinction between point-source and rigid-body models. The notion
of pose as a Six Degrees of Freedom (6DoF) representation is established.
Different sensing modalities are then considered, with focus on vision, radio,
and audio systems. The sensing modality determines the type of information
available for localization as well as properties such as measurement resolution
and sensitivity to the surrounding environment. Two fundamental types of
localization measurements, range and bearing, are introduced and related to
the different sensing modalities [15].

Measurements collected using physical sensors are affected by the measure-
ment setup and hardware. In contrast to simulated data, real measurements
may contain hardware impairments, noise, calibration errors, synchronization
errors, and variations in the measurement conditions. These effects make data
collection more challenging, but they are also essential for evaluating localiza-
tion systems under realistic conditions. Calibration and time synchronization
are therefore discussed as important parts of the measurement process, allow-
ing measurements from different sensors to be related to common spatial and
temporal references.

LOCALIZATION STATE REPRESENTATION

Point source and rigid body motion are two models for describing objects
in localization problems. A point source treats an object as a single point,

13
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neglecting its size and rotation, and is described by three translational degrees
of freedom in 3D space. In contrast, a rigid body has six degrees of freedom:
three translational and three rotational. The pose of an object describes both
its position and orientation.

Accordingly, if a sensor is modeled as a point source, its state is defined
solely by its position, whereas a 3D object requires both position and orienta-
tion. The position is represented by the translation vector t = [x;y;z] ", while
the orientation can be represented using Euler angles (yaw ¢, pitch ¢, roll ¢)
or by a rotation matrix R € IR®*3, obtained from the composition of individual
rotation matrices *:

R =R:(¥)Ry(3)Rx(¢), (2.1)
where ) )
1 0 0
Ry(¢) = |0 cos¢p —sing (2.2)

|0 sing cos¢ |

cos® O sin19_
R(&)=| 0 1 0 (2.3)

—sind 0 cos 19_

cosyp —sinyp 0
R;(¢) = |sinyg cosyp O (2.4)
0 0 1

The full pose can then be compactly expressed using a homogeneous trans-
formation matrix:
R t

01

T= ) (2.5)

which fully characterizes the rigid-body transformation in three-dimensional
space. In practical systems, such as the motion capture setups used in the
Lund University Vision, Radio, and Audio (LuViRA) dataset described in this
thesis, reference data is provided both as three-dimensional positions and full
6DoF poses. Rigid objects need to be tracked with at least three non-collinear
markers to enable estimation of both translation and orientation, while the
individual markers themselves are modeled as point sources.

*A right-handed coordinate system is used, with positive rotations defined accord-
ing to the right-hand rule. Left-handed coordinate systems and alternative rotation
conventions are also used in the literature [15].

14
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Localization is inherently dependent on the choice of coordinate frame. A
distinction is typically made between global and local coordinate systems. The
global frame defines an absolute reference, often tied to a fixed environment
or external positioning system, whereas the local frame is attached to the
sensor and evolves over time.

Transformation matrices are used to express measurements from different
sensors in a common reference frame. This is necessary when sensors use
different coordinate systems, since their measurements must be represented
in the same frame before they can be compared or combined. A similar
issue appears when evaluating the absolute trajectory error. If the estimated
trajectory and the ground truth trajectory are not already expressed in the
same coordinate frame, a rigid transformation can first be estimated between
them [16]. The absolute trajectory error can then be computed from the
differences between corresponding poses of the estimated and reference tra-
jectories [17]. Relative trajectory metrics, on the other hand, compare changes
in pose over a time interval and are therefore less dependent on the choice
of global coordinate frame. In a dataset, the relationship between different
cameras (i.e. two imagers and the color camera) and the transformation matrix
between the cameras and IMU are obtained and used as extrinsic parameters
of the camera.

SENSORS

The choice of sensors determines what physical information can be used to
estimate position. Different sensors measure different physical quantities:
cameras capture visual information, antennas receive radio signals affected
by the propagation environment, and microphones capture acoustic signals
and their timing differences. Other sensors, such as Radio Detection and
Ranging (Radar), Light Detection and Ranging (LiDAR), and IMUs, are also
widely used in localization and robotics. Radar and LiDAR actively probe
the environment using reflected signals, while IMUs measure the acceleration
and angular velocity of the device itself. However, the main focus of this
thesis is on systems based on cameras, antennas, and microphones, which are
introduced in the following subsections.

Sensing methods can also be broadly divided into passive and active
approaches. Passive systems measure signals that are already present in the
environment, such as images formed by ambient light or sounds captured by
microphones. Active systems, on the other hand, transmit a signal and use the
received response for localization, as in radar, sonar, and many radio-based
systems.

15
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Ground truth systems are also important when collecting datasets for
localization research. They provide reference positions or trajectories that can
be used for training, evaluation, and comparison of localization algorithms.
As an example, motion capture systems can provide highly accurate marker
positions using multiple calibrated cameras placed around the measurement
area. This makes them useful as external reference systems in controlled
indoor experiments. However, they require LoS visibility to the markers,
careful calibration, and a fixed measurement setup, and are therefore mainly
used for dataset collection and evaluation.

VISION SENSORS

Cameras provide visual observations of the environment and are widely
used in vision-based localization. Depending on the camera setup, the
measurements may consist of color images, grayscale images, stereo image
pairs, or depth images. These observations can be used to estimate the motion
and pose of the camera by detecting visual structure in the scene and relating
this structure across multiple frames.

In a monocular setup, a single camera is used. The corresponding lo-
calization or mapping approach is referred to as monocular SLAM. Since a
single image does not directly provide absolute depth, monocular systems
suffer from scale ambiguity. Depth can only be inferred from camera motion
and feature correspondences over time, and the true metric scale cannot be
recovered without additional information [18].

Stereo cameras and depth sensors address this limitation by providing
depth-related information. In a stereo setup, depth is estimated by comparing
corresponding points observed by two cameras with a known relative pose.
Red-Green-Blue-Depth (RGB-D) cameras provide both color and depth im-
ages, where the depth image gives the distance from the camera to visible
surfaces. Depending on the sensor, depth can be obtained using stereo
matching, active infrared projection, structured light, or Time-of-Flight (ToF)
measurements. When color and depth are captured by different sensing
elements, the images may have different fields of view and must be registered
to a common image frame before they can be used jointly.

The use of multiple images is also central to Structure-from-Motion (Sf{M),
where three-dimensional scene structure and camera motion are estimated
jointly from feature correspondences and geometric constraints across views.
These principles are used in many vision-based localization systems, includ-
ing visual odometry and SLAM, where the camera pose is estimated from
changes in the observed scene over time.

Compared with radio or audio sensors, cameras provide rich spatial in-
formation in each frame, but their temporal resolution is limited by the

16
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frame rate. Vision systems commonly operate at frame rates on the order
of 10-60Hz, although this depends on the sensor and acquisition setup.
Since a camera observes the environment from a particular viewpoint, its
state is described by both position and orientation. Therefore, vision-based
localization typically estimates the full camera pose rather than only a point
position.

RADIO SENSORS

Radio systems consist of antennas that transmit and receive electromagnetic
signals through the wireless channel. Depending on the antenna configura-
tion, a radio system can be classified as Single-Input Single-Output (SISO)
when both the transmitter and receiver have one antenna, Single-Input
Multiple-Output (SIMO) or Multiple-Input Single-Output (MISO) when only
one side has multiple antennas, and MIMO when both sides have multiple
antennas. A SISO system is illustrated in Fig. 2.1 [19].

Non-Line-of-Sight
Component
Direct Line-of-Sight

Component
-
Receiver ) [Transmmer

Single Single Single Single
Input Output Input Output

Figure 2.1: Illustration of a wireless communication channel between transmit
and receive antennas.

In cellular systems, communication takes place between Base Stations (BSs)
and User Equipments (UEs). In the uplink, the UE transmits to the BS, while
in the downlink, the BS transmits to the UE. Other radio technologies, such as
WiFi and Ultra-Wideband (UWB), are also used for localization, with different
tradeoffs in coverage, bandwidth, infrastructure requirements, and accuracy.

For a radio link with N; transmit antennas and N, receive antennas,
known pilot signals can be transmitted to estimate the channel between the
transmitter and receiver. For an Orthogonal Frequency Division Multiplexing
(OFDM) system, the received signal on subcarrier k can be expressed as

y[k] = H[K]x[k] + nl[K], (2.6)
where x[k] € CM is the transmitted signal vector, y[k] € CM is the received
signal vector, H[k] € CN>Nt is the complex-valued channel matrix for

subcarrier k, and n[k] € CNr represents additive noise [13]. The collection
of channel estimates across the subcarriers describes the frequency-domain
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channel response and is commonly referred to as Channel State Information
(CsI).

The measured channel depends on how the transmitted signal propagates
through the environment and is affected by path loss, shadowing, reflections,
diffraction, scattering, and the antenna configuration. The wireless channel
typically contains multiple propagation paths, referred to as Multipath Com-
ponents (MPCs). These paths arise from interactions with the surrounding
environment and arrive at the receiver with different delays, amplitudes,
phases, and angles. This structure provides information about the position
of the transmitter or receiver, but it also depends strongly on the propagation
conditions. In particular, the LoS and NLoS cases shown in Fig. 2.1 differ in
their multipath structure and in the degree to which the measured channel is
distorted by indirect propagation. Both the magnitude and phase of the chan-
nel coefficients can therefore contain useful localization information [20, 21].
In practical systems, however, stable and calibrated phase information can be
difficult to obtain because of hardware impairments, synchronization errors,
and phase variations between measurements.

The channel described above can also be represented in the delay domain
using the Channel Impulse Response (CIR). For an OFDM system, a sampled
delay-domain representation can be obtained by applying an Inverse Fast
Fourier Transform (IFFT) across the frequency-domain channel estimates. For
a single transmit-receive antenna pair, the continuous-time baseband CIR can
be written as .

h(t) =) a(t—1), (2.7)
=1
where L is the number of multipath components, a; is the complex gain of
path ¢, 1; is the corresponding propagation delay, and 4(-) is the Dirac delta
function. The delays and complex gains therefore describe the delay-domain
multipath structure of the channel.

The Power Delay Profile (PDP) is derived from the CIR and describes how

the received signal power is distributed over delay:

PDP(7) = E {|h(r)|2} . (2.8)

The PDP is useful because it provides a compact description of the relative
strength and delay of the different propagation paths.

A single antenna at the transmitter or receiver can often be modeled as a
point, while an antenna array has a fixed geometry defined by the positions
of its elements. The known spacing between the antenna elements makes
it possible to compare the received signals across the array and relate their
differences to the direction or position of the transmitter or receiver.
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Massive MIMO systems

Massive MIMO systems extend the multiple-antenna principle by using
large antenna arrays, typically at the BS. The large number of antennas
can provide high spatial resolution and make it possible to observe fine
differences in the radio channel across space. This is useful for localization,
since the measured CSI depends on the position of the UE, the surrounding
propagation environment, and the array geometry.

The use of multiple antennas enables spatial diversity and spatial multi-
plexing. In localization, the same spatial information can be used to distin-
guish between different user positions. Larger bandwidths improve delay
resolution, while shorter wavelengths and larger array apertures improve
the ability to resolve spatial differences in the channel. In practical systems,
CSI is often estimated for multiple antennas, subcarriers, and time instances,
resulting in high-dimensional channel measurements.

One example of such a system is the Lund University Massive MIMO
testbed (LuMaMi), which was among the first real-time massive MIMO
testbeds developed for wireless communication research [22]. Throughout
this thesis, massive MIMO testbeds are used as BSs for radio-based localiza-
tion, including in Papers I-III. These systems typically provide measurements
at rates ranging from tens to hundreds of Hz, depending on the pilot signaling
configuration and system design.

The measured channel can also be transformed into alternative represen-
tations that expose structure useful for localization. For example, apply-
ing an IFFT across the frequency-domain subcarriers gives a delay-domain
representation, while applying a Fast Fourier Transform (FFT) across the
antenna dimension gives a beam-domain representation. Combining these
transformations results in a beam-delay representation, which exposes struc-
ture across the spatial and delay dimensions and is useful for learning-based
localization methods [23].

2.2.3 AUDIO SENSORS

Audio-based localization relies on sound sources and microphones, often
arranged in arrays, to capture acoustic signals from the environment [24].
Microphones sample sound pressure at rates in the kHz range, providing
high temporal resolution compared with many visual sensors. The recorded
signals contain information about the source, the propagation path, and the
environment, but this information is affected by the acoustic content of the
source, background noise, reverberation, and the speed of sound.

In many systems, the sound source is modeled as a point source, while the
microphone array is assumed to have a fixed and calibrated geometry [25].
The known spacing between microphones makes it possible to compare the
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signals received at different microphones and relate their differences to the
source direction or position. Reflections from walls, floors, and objects create
multipath components, while reverberation can make the direct path harder
to identify. In addition, the speed of sound depends on environmental
conditions, such as temperature, which can introduce errors in localization
systems based on acoustic propagation. For more details on acoustic sensing
and sound propagation for localization, please see [26].

RANGE MEASUREMENTS

Range measurements describe the distance between a signal source and a
receiver. The most direct approach is based on the signal propagation time. If
the ToF is denoted by t,, the corresponding propagation distance is

d=10"tyf, (2.9)

where d is the propagation distance and v is the propagation speed. For radio
signals, v is approximately the speed of light, whereas for acoustic signals it
is the speed of sound.

The ToF is not always observed directly. A Time-of-Arrival (ToA) mea-
surement records the time at which a signal reaches the receiver. If the
transmission time is known and the transmitter and receiver share a common
timing reference, the ToF can be obtained from the difference between the
arrival and transmission times.

When the transmitter and receivers do not share a common clock, relative
arrival-time measurements can be used instead. Time-Difference-of-Arrival
(TDoA) measurements describe the difference in arrival time of the same
transmitted signal at two receivers. For receivers i and j, the corresponding
distance difference, Ad,'j, can be written as

Adi]' =d; — d] =v-(f— tj), (2.10)

where d; and d; are the propagation distances from the source to receivers i
and j, respectively, and f; and t; are the corresponding arrival times measured
at those receivers. The time difference ¢; — f; removes the unknown transmis-
sion time, but the receivers must still share a synchronized time reference, or
their relative clock offsets must be known or estimated.

Another common approach is round-trip-time-based ranging, where a
signal is sent from one device to another and a response is returned. In this
case, the propagation time is estimated from the measured Round-Trip Time
(RTT), after accounting for any known processing or turnaround delay. This
avoids the need for tight clock synchronization between the two devices, but
the accuracy depends on how well the response delay is known or controlled.
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In vision systems, depth measurements provide distance information for
visible surfaces. A depth map assigns a depth value to each image pixel
or image region. Depending on the sensor and coordinate convention, this
value may represent distance along the camera’s optical axis or distance along
the corresponding viewing ray. Depth maps can be obtained using stereo
cameras, structured-light systems, or ToF-based depth cameras. An RGB-D
camera provides both color images and corresponding depth measurements.

In radio systems, distance can also be inferred from measurements that are
not based directly on propagation time. One such measurement is Received
Signal Strength (RSS), which describes the received signal power. For a
received signal r(t), the average received power can be written as

P =E [|r(t)|2] . (2.11)

Received power generally decreases with propagation distance according to
an environment-dependent path-loss model and can therefore provide coarse
range-related information [15]. However, RSS does not determine distance
directly, and its relationship to distance is affected by shadowing, antenna
orientation, multipath propagation, and variations in transmit power. Similar
distance-dependent attenuation can occur in acoustic systems, although the
corresponding propagation models differ.

In microphone arrays, arrival-time differences between microphones can
be estimated from recorded audio using methods such as Generalized Cross-
Correlation with Phase Transform (GCC-PHAT) [27]. These time-delay esti-
mates can be converted into propagation-distance differences using the speed
of sound and subsequently used to estimate the source direction or position.

BEARING MEASUREMENTS

Bearing measurements describe the direction from a sensor or receiver array
toward a target or signal source. Unlike range measurements, they do not
directly determine the distance between the sensor and the target. In two
dimensions, a bearing is fully described by a single azimuth angle. In three
dimensions, it is described by two angles: an azimuth  and an elevation 7.

Given a bearing (1, 7), the unit vector pointing toward the target in the
sensor’s local frame is

COS 1] COS 7y
us(7,1) = |cosysiny | € R?, lus(y,7)|| = 1. (2.12)

siny
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The direction can be expressed in the world frame using the sensor-to-world
rotation matrix Ryys:

uy = Rys us (’)// 77) (2.13)

Together with the sensor position ps, the transformed direction defines a ray
along which the target must lie:

pw(d) =ps+du,,  d>0. (2.14)

Here, d denotes the distance from the sensor to the target along the ray [28].
A single bearing measurement determines the direction uy but leaves d un-
known. The target position therefore cannot be recovered without additional
information, such as a range measurement or bearing measurements obtained
from multiple sensor positions.

Calibrated cameras provide bearing information through image coordi-
nates. A point observed in an image corresponds to a viewing direction in
the camera coordinate frame. A single image observation therefore constrains
the target to lie along a viewing ray but does not determine its distance from
the camera. Range can instead be recovered by combining observations from
multiple viewpoints, using known object geometry, or incorporating depth
information.

In radio systems, the Angle-of-Arrival (AoA) describes the direction from
which a signal reaches a receiving antenna array. It can be estimated from the
relative phase or time differences observed across the array elements. Since
these differences depend on the antenna locations and signal wavelength,
AoA estimation requires knowledge of the array geometry and calibration
of the relative phase and timing responses of the receiver channels.

In audio systems, the Direction-of-Arrival (DoA) of a sound source can
similarly be estimated using a microphone array. The direction is inferred
from the relative arrival times or phases of the acoustic signal at different
microphones. For example, pairwise time delays estimated using GCC-
PHAT can be related to the source direction through the known microphone
geometry and the speed of sound. In the far-field approximation, the
incoming wavefront is treated as approximately planar, and the measured
time differences primarily describe direction rather than distance. For nearby
sources, the curvature of the wavefront may also contain range information.

Across vision, radio, and audio systems, converting the sensor observations

into bearing measurements requires knowledge of the sensor geometry and
relevant calibration parameters.
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2.5 CALIBRATION

The calibration required for localization depends on the sensor, the type of
measurement, and the algorithm used. Range estimation based on prop-
agation time requires compensation for fixed delays in the measurement
system and accurate time synchronization, which will be discussed in the next
section. Bearing estimation instead depends strongly on the sensor geometry
and on parameters such as camera intrinsics or relative phase and delay offsets
across microphone and antenna channels.

For cameras, calibration determines the parameters that relate a 3D point
in the world to its corresponding 2D image coordinate. Using the pinhole
camera model, a world point py = [Xw, Yw, Zw, 1]T is projected onto a point
pc = [u,0,1]T in the camera frame as

fx 0 cx
SPpec = K. [Rcw tcw} Pw, K= 1|0 f]/ Cy| » (2‘15)
0O 0 1

where s is a scale factor, K. is the intrinsic camera matrix, and R¢y, and tq
describe the rotation and translation from the world coordinate frame to the
camera coordinate frame. The parameters fy and f, are the focal lengths in
pixel units, and (cy, ¢y) is the principal point of the camera in pixel units.

In practical cameras, the ideal pinhole projection is also affected by lens
distortion. This means that the observed image points may deviate from
their ideal locations, especially near the image boundaries. Lens distortion
is commonly described using radial distortion, which bends straight lines
outward or inward, and tangential distortion, which can occur when the
lens and image sensor are not perfectly aligned. These distortion effects are
estimated during calibration together with the other camera parameters.

Camera calibration therefore estimates both intrinsic parameters, such as
focal length, principal point, and distortion, and extrinsic parameters, which
describe the camera position and orientation relative to a world frame or
another sensor. Although approximate intrinsic parameters may be provided
by the manufacturer or through factory calibration, they may not be accurate
enough for all localization tasks. Therefore, the selected camera is often
calibrated directly using a known calibration target, such as a checkerboard,
captured from several viewpoints, as illustrated in Fig. 2.2 [29].

Since the geometry of the target is known, the detected corner locations
can be compared with their predicted image locations, and the calibration
parameters can be estimated by minimizing the reprojection error. The
resulting intrinsic and extrinsic parameters are typically stored in calibration
files, often using the YAML format, which is widely supported by computer

23



Efficient Real-Time Localization Systems: Measurements, Algorithms, and Hardware

vision and robotics frameworks such as OpenCV and ROS. Storing the cali-
bration results allows distortion correction, coordinate transformations, and
pose estimation algorithms to consistently use the same camera model across
different applications.

(2) (3)

Figure 2.2: Example of a checkerboard, captured from several viewpoints.

For radio-based localization, the calibration requirements depend on the
channel features and localization method being used. Methods that explicitly
exploit the antenna-array geometry require sufficiently accurate knowledge
of the antenna-element positions and, when estimates are expressed in a
room or global coordinate frame, the position and orientation of the ar-
ray. Calibration of the Radio Frequency (RF) hardware may additionally
be required to account for differences among the RF chains. In particular,
AoA estimation depends on the spatial response of the antenna array and
requires accurate knowledge of the array geometry and the relative gain,
phase, and delay responses of the RF chains [30,31]. In contrast, supervised
Machine Learning (ML)-based fingerprinting can learn a direct mapping
from measured channel features to position without separately calibrating
every RF chain, as demonstrated in Papers II-III. This relies on the relevant
hardware- and array-dependent effects remaining consistent between training
and deployment. Changes in the antenna configuration or RF-chain responses
due to hardware replacement, temperature variation, or component drift may
otherwise degrade localization performance.

Audio calibration mainly concerns the microphone geometry and differ-
ences among the microphone acquisition channels. For array-based DoA
or TDoA estimation, the microphone positions must be known because the
expected arrival-time differences depend on the relative positions of the
microphones. These positions may be obtained through direct measurement
or estimated from recorded audio. In audio localization, this is often referred
to as self-calibration, sensor-network self-calibration, or structure from sound,
and may involve jointly estimating unknown microphone and sound-source
positions [32,33]. Calibration may also compensate for differences in micro-
phone sensitivity and relative phase and delay responses. The importance of
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these parameters depends on the localization method: gain differences mainly
affect amplitude-based methods, while relative phase and delay errors are
particularly important for bearing and TDoA-based methods.

The practical effort required for calibration differs across sensor types.
Camera calibration is well established and can often be performed using
a single calibration target. In systems with multiple cameras, the target
must provide sufficient shared observations to determine the position and
orientation of each camera in a common coordinate frame. Radio-array
calibration can be particularly demanding when localization relies on phase
differences across the antenna elements. Differences among the RF chains can
be characterized using conducted measurements, for example by applying
known signals through cable connections. If the response of the antenna
array itself must also be characterized, over-the-air measurements may be
required. Such measurements can be performed in a controlled environ-
ment, such as an anechoic chamber, to reduce the influence of surrounding
reflections. Microphone-array calibration becomes more demanding when
the microphones are distributed across the environment or recorded using
separate acquisition devices, since the microphone positions and differences
in the gain, phase, or delay responses of the acquisition paths may need to be
characterized.

The LuViRA campaign presented in Paper I illustrates these different
calibration requirements. The cameras were calibrated because their intrinsic
and extrinsic parameters were required to relate image measurements to
the camera geometry and the common coordinate system. For the radio
system, no separate calibration of the antenna-array response for localization
was performed, since the learning-based methods in Papers II and III used
the measured channel responses directly. For the audio system, the known
microphone positions were used in the localization algorithm, although the
selected method can also jointly estimate unknown microphone and source
positions. The localization calculations also depend on the assumed speed of
sound, which varies with environmental conditions such as temperature.

TIME SYNCHRONIZATION

Measurements collected by sensors and ground truth systems are usually
assigned timestamps using the clocks of their acquisition devices. These
clocks must refer to a common time scale so that measurements associated
with the same target state can be identified. This is required both when
jointly processing measurements from multiple sensors and when comparing
sensor measurements or localization estimates with ground-truth positions.
Without correct time alignment, the measurement and reference position
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may correspond to different positions of a moving target, leading to errors
in training and evaluation [29]. Unix time is commonly used to represent
timestamps as the elapsed time since 1 January 1970 in Coordinated Universal
Time (UTC).

A common physical event can be used to approximately align sensor
streams. One example is a movie clapper, as illustrated in Fig. 2.3. When
the clapper is closed in front of the camera, it creates a visual event in the
image sequence and an acoustic event in the microphone recordings. These
two events can then be matched in time to synchronize the camera and audio
measurements. In the same setup, reflective markers used by the motion-
capture system are also visible, allowing the motion-capture measurements
to be aligned with the camera and audio recordings. However, this approach
requires manual inspection of each recorded stream to identify and match the
clapper event. The resulting time alignment is limited by the sensor sampling
rates, since the event may occur between camera frames or extend over several
audio samples. Differences in the delay between the physical measurement
and timestamp generation may introduce an additional offset between the
sensor streams. It also corrects only the initial time difference; if the devices
use independent clocks, differences in their clock rates may cause the streams
to drift apart during longer recordings.
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Figure 2.3: Example of a clapper providing a common visual and acoustic
event for aligning camera and microphone measurements. Reflective markers
can also make the event observable by a motion-capture system.

‘ CAMERA "
SCENE g X DATE __ SCENE

DATE

The sensors may also operate at different sampling rates, as illustrated in
Fig. 2.4. Their measurements therefore do not generally occur at exactly the
same times, even when their clocks are synchronized. A shared time reference
allows measurements from the different streams to be associated using their
timestamps, for example by selecting the closest samples or interpolating
between measurements.
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Figure 2.4: lllustration of camera, microphone, and antenna streams sampled
at different rates over the same time interval. A common time reference allows
measurements to be associated despite their different sampling instants.

Network-based synchronization can establish a shared time reference and
limit clock drift throughout a recording. Network Time Protocol (NTP) peri-
odically adjusts computer clocks using timing information exchanged over a
network. It is widely used in computer networks and can provide millisecond-
level synchronization, although the achieved performance depends on the
network and system configuration [34,35]. For systems requiring higher
timing precision, Precision Time Protocol (PTP), standardized in IEEE 1588,
supports sub-microsecond synchronization between devices connected over a
network [36].

The required synchronization accuracy depends on the target motion,
sensor sampling rates, and how the measurements are used. As an example,
a target velocity of vy = 0.1m/s is considered, corresponding approximately
to the robot speed in the measurement campaign presented in Paper I. A time
offset At then introduces an approximate position difference of

Ap ~ v At (2.16)

A time difference of 10ms therefore corresponds to approximately 1mm of
motion, while a difference of 100ms corresponds to approximately lcm.

In the LuViRA measurement system, synchronization was established us-
ing a combination of network-based clock synchronization, hardware signals,
and shared physical events. A Raspberry Pi operated as a local NTP server
and periodically synchronized the acquisition computers, including the com-
puter used for audio recording. This provided a common time reference
across the acquisition computers and limited clock drift during the recordings.
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For the radio system, the UE and LuMaMi were connected by cable to
provide a common frequency reference and eliminate carrier-frequency offset,
avoiding the need for over-the-air frequency synchronization.

A Transistor-Transistor Logic (TTL) signal generated by the Qualisys syn-
chronization unit at the start and end of each motion-capture recording was
detected by the Raspberry Pi and supplied to the audio system. For the audio
recordings, this signal was converted into an audio pulse and recorded on a
separate synchronization channel, while all microphones were connected to
the same sound card to maintain synchronization between the microphone
channels. Additional events generated by the radio synchronization circuit
and the clapperboard were used to verify the temporal alignment between
the radio, vision, audio, and ground-truth measurements. These references
also allowed remaining systematic time offsets to be estimated and corrected
during post-processing. According to Eq. (2.16), millisecond-level synchro-
nization was sufficient for the robot speed and the millimetre-level accuracy
of the motion-capture system. The complete synchronization setup and its
verification for each sensor system are described in more detail in Paper I.
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OCALIZATION algorithms use measurements and representations ob-
tained from the sensing system to estimate position. Geometry-based
algorithms determine position from geometric relationships, signal
propagation, or feature correspondences, whereas data-driven algorithms
learn mappings from measurement representations to position. Geometry-
based methods depend on how well the assumed geometric and measurement
models represent the actual measurement conditions, as well as on synchro-
nization, calibration, and measurement quality. Data-driven methods instead
depend on representative training data and their ability to generalize to new
conditions.

Localization algorithms can also be developed depending on whether they
use a single measurement or a sequence of measurements. Single-snapshot
methods estimate the position from one sensor observation at a time. Multi-
snapshot methods use temporal information from consecutive observations,
which can improve stability and tracking performance.

Temporal information can also be incorporated through filtering tech-
niques, such as Kalman or particle filters, which combine measurements over
time with previous position estimates to exploit information about the motion
of the target. A filter may be included within the localization algorithm
or applied to its position estimates afterward. This can reduce fluctuations
caused by measurement noise, compensate for brief missing measurements,
and produce trajectories that are more consistent with the motion of the
target. The choice of filter depends on the system model and the form of
the uncertainty [37,38]. Although filtering is outside the scope of this thesis,
it is relevant to distinguish the localization algorithm itself from subsequent
filtering of its estimates. The focus is therefore on the localization methods
rather than on the filtering techniques used to process their outputs.
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3.1 GEOMETRY-BASED ALGORITHMS

Some of the main geometry-based algorithms are triangulation, trilateration,
and multilateration. These methods use the range or bearing measurements
introduced in the previous chapter. The reference points may be cameras, BSs,
microphones, or other objects with known positions. They are briefly defined
as follows and illustrated in Fig. 3.1:

Target

NN 7N

(1-2) (1-3)
(a) (b) (c)

Figure 3.1: (a) ToA-based trilateration, (b) TDoA-based multilateration, and
(c) AoA-based triangulation for two-dimensional localization using anchors
denoted by A.

1. Trilateration estimates position from distances to known reference
points [26]. In two-dimensional localization, each distance measure-
ment defines a circle centered at a reference point. The target position
is estimated from the intersection of these circles. With three reference
points at known coordinates (x;,y;) and distance estimates d;, the
position (x,y) satisfies

(x—x) 2+ (y—y)*=d>, i=123 (3.1)

In ideal conditions, the three circles intersect at the target position, as
illustrated in Fig. 3.1(a). In practical systems, noise and measurement
errors usually prevent an exact intersection, and the position is esti-
mated using optimization or least-squares methods.

2. Multilateration generalizes this idea to multiple reference points or to
relative distance measurements. In many localization systems, the term
is used for TDoA-based positioning, where the measured quantity is
not the absolute distance to each receiver, but the difference in distance
between pairs of receivers. For receivers i and j, the distance-difference
constraint can be written as

d; — d] =o(t — t]‘), (3.2)
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where v is the propagation speed, and t; and ¢t; are the arrival times
at receivers i and j, respectively. In two-dimensional localization, each
distance-difference measurement defines a hyperbola, and the target
position is estimated from the intersection of multiple such constraints,
as seen in Fig. 3.1(b).

3. Triangulation estimates position from angles measured with respect to
known reference points. In two-dimensional localization, each angular
measurement defines a bearing line from a known reference point [39].
The target position is estimated from the intersection of two or more
bearing lines. Therefore, triangulation is commonly associated with
AoA- or DoA-based localization, an example is shown in Fig. 3.1(c).

Robust estimation methods are used when some measurements or associ-
ations are unreliable. One common example is RANdom SAmple Consensus
(RANSAC), which repeatedly estimates a model from small subsets of the
data and selects the solution supported by the largest number of measure-
ments [40]. This is useful when feature matches, time-delay estimates, or
other measurement constraints contain outliers. In audio localization, such
outliers may arise from reverberation, where reflections from walls, the floor,
the ceiling, and surrounding objects produce delayed and attenuated copies
of the emitted sound. These reflections can obscure the direct propagation
path and lead to inconsistent delay estimates. In the audio localization
system presented in Papers I and II, the SFS2 algorithm is therefore combined
with RANSAC to estimate positions from microphone measurements while
reducing the effect of such inconsistencies [41].

The localization problem can be extended to include simultaneous map
construction. When the sensor trajectory and a map of the surrounding
environment are estimated jointly, the problem is referred to as SLAM. These
estimates are interdependent: the map is constructed using the estimated
sensor poses, while the sensor poses are determined relative to the estimated
map. In Papers I and II, Oriented FAST and Rotated BRIEF (ORB)-SLAM3 is
used as a camera-based SLAM method and provides a reference for evaluating
localization from the collected image data. It estimates the camera trajectory
and map from geometric relationships between matched image features and
uses robust estimation to reduce the effect of incorrect correspondences.
For example, RANSAC is used during place recognition to estimate the
transformation between matched map regions [42]. The method combines
feature extraction and matching with pose estimation, map construction, and
optimization.
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DATA-DRIVEN ALGORITHMS

Data-driven approaches use statistical learning to map measurements to spa-
tial coordinates without explicitly relying on geometric models. A data-driven
algorithm learns a function that maps an input representation directly to a
position estimate, without modeling the underlying propagation geometry.
Such a method is defined by three components: the input representation, the
learning model, and the training task.

The input representation can be derived from images, audio recordings, or
radio-channel measurements. When measurement representations are associ-
ated with known reference positions, they can be interpreted as fingerprints.
In radio-based localization, fingerprints use location-dependent channel char-
acteristics, including RSS, the CIR, multipath structure, or derived representa-
tions such as the PDP. Since the measured channel depends on the positions of
the transmitter and receiver relative to the surrounding environment, nearby
locations often produce similar fingerprints, while different locations may
produce distinguishable fingerprints.

Fingerprints collected at known reference positions can be stored in a
database or used to train a learning-based model. During localization, a new
measurement can be compared with the stored fingerprints using methods
such as nearest-neighbor matching or processed by a trained model that
directly estimates the position. In the latter case, the localization task is com-
monly formulated as regression, where the predicted coordinates are com-
pared with known reference coordinates during training [23]. In Papers II-
V, location-dependent radio-channel representations are used as fingerprints,
and learning-based models map them directly to spatial coordinates.

During training, each sample consists of an input measurement represen-
tation x; € RN and a corresponding ground truth position p; € RP, where
D = 2 for two-dimensional localization and D = 3 for three-dimensional
localization. The learned mapping

fo: RN — RP (3.3)

is parameterized by 0, typically the weights of a neural network, and produces
a position estimate

pi = fﬂ(xi)' (3.4)
Given a training set {(x;, p;)}M, of M samples, the parameters 6 are obtained
by minimizing an empirical loss that quantifies the discrepancy between esti-

mated and ground truth positions. A common choice for position regression
is the Mean Squared Error (MSE),

1Mo 1 MD
Lyse(0) = M Y 1P —pils = N Yo N (ix— pig)* (3.5)
i=1 i=1k=1

—_
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The parameters are optimized as

0" = arg mein Lyvse(0), (3.6)

typically via stochastic gradient-based optimization (e.g., Stochastic Gradient
Descent (SGD)) with gradients computed through backpropagation. After
training, 0* is fixed, and inference on a new, previously unseen measurement
x; is performed as P; = fg+(x;); in real-time localization, this step must
additionally satisfy the latency, throughput, memory, and energy constraints
of the target system.

The formulation above corresponds to supervised learning, where labeled
ground truth positions are available during training. Unsupervised methods
can instead be used to learn representations without labeled data, while
reinforcement learning is mainly relevant when localization is part of a
sequential decision-making problem. Among ML methods, Deep Learning
(DL) models have been widely used for both localization and SLAM. For
example, DL has been applied to vision-based SLAM [43], as well as vision-
, radio-, and audio-based localization [21,44-46]. Different architectures
suit different input structures: Fully Connected Neural Networks (FCNNs)
process fixed-size feature vectors, Convolutional Neural Networks (CNNs)
exploit local structure in images or radio-channel representations, attention-
based models learn relationships between input components, and sequence
models such as Recurrent Neural Networks (RNNs), and Mamba process
ordered measurements over time.

BASICS OF NEURAL NETWORKS

Neural networks are one way to implement the learnable function fy(-)
introduced above. The parameters 0 correspond to quantities such as weight
matrices and bias vectors, which are updated during training. Given an input
vector x € RV, a fully connected layer can be expressed as

y = 3(Wx+Db), (3.7)

where y € RM is the layer output, W € RM*N s the weight matrix, b € RM is

the bias vector, and g(-) denotes a non-linear activation function. An example
neural network with two layers is shown in Fig. 3.2.

Other important components include:

® Activation functions: introduce non-linearity into neural networks,

allowing them to approximate non-linear mappings between inputs

and outputs. Without non-linear activation functions, multiple layers

of affine transformations could be reduced to a single affine transfor-

mation, limiting the network’s ability to model complex non-linear
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Layer 1 Layer 2

Figure 3.2: [llustration of a neural network with two layers [47].

relationships in the data. Common activation functions include the
Rectified Linear Unit (ReLU), leaky ReLU, and sigmoid functions, as
illustrated in Fig. 3.3.

RelLU Leaky ReLU Sigmoid
g(x) = max(0, x) g(x) = max(ax, x) g(x)=(1+e>)"
A A A
14------- . 14~ne=-=; ; 1 r—
3 i 5
0 1 0 i 0 1

Figure 3.3: Examples of commonly used activation functions.

¢ Normalization layers: normalize intermediate activations to improve
training stability and convergence. Different layers compute the nor-
malization statistics over different dimensions. Batch normalization
uses statistics estimated across a group of training samples processed
together, while layer normalization computes them across the feature
dimension for each input independently. Instance and group normal-
ization instead normalize individual samples over spatial dimensions
or groups of features. The normalized activations are typically scaled
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and shifted using learnable parameters. The choice of layer depends on
the network architecture, input representation, and batch size.

* Pooling layers: reduce the size of an intermediate feature represen-
tation by combining values within local windows. In one-dimensional
max pooling, the maximum value is selected within each window along
one dimension of the input. This reduces the number of values passed
to later layers and can therefore decrease the number of parameters and
computations in the following parts of the model.

For an input length L;,, kernel size K, stride Sy, and padding P,, the
output length of a one-dimensional pooling layer is

(3.8)

L; 2P, — K
Lout = \‘ in + Situ SJ + 1.

In this thesis, max pooling is used between the encoder layer and the
FCNN to reduce the size of the feature representation before the final
position-regression layers. For example, using a kernel size of Ks =
4, stride S; = 4, and padding P, = 1 downsamples the input while
preserving the strongest activation within each pooling window.

* Dropout: is a regularization technique used to reduce overfitting by
randomly setting a fraction of intermediate values in the network to
zero during training. In standard dropout, this is typically applied
to layer activations. During inference, dropout is disabled and the
complete network is used.

3.2.2 FULLY CONNECTED AND CONVOLUTIONAL NEURAL NETWORKS

FCNNSs consist of fully connected layers in which each output neuron receives
input from all neurons in the preceding layer. A fully connected layer can be
written as

y =g (Wx+b), (3.9)

where x and y are the input and output vectors, W and b are learned param-
eters, and g(+) is an activation function. In localization, FCNNs can learn
a direct mapping from a fixed-size measurement representation to spatial
coordinates. However, spatial, temporal, or sensor-specific relationships are
not explicitly encoded by the fully connected structure.

CNNs instead apply shared kernels across structured inputs, allowing local
patterns to be extracted while preserving spatial or sequential relationships.
For a two-dimensional input X and kernel K, the convolution operation is

Y(i,j) = )Y X(i—m,j—n)Ks(m,n), (3.10)
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where Y (i, f) is the resulting feature-map value. Depending on the measure-
ment representation, convolution can be applied across image coordinates,
time samples, frequency bins, antennas, or other structured dimensions.
FCNNs and CNNs have been used in data-driven localization to learn
mappings from measurement representations to positions. FCNNs are well
suited to fixed-size feature vectors, while CNNs can exploit local structure
in representations such as images, channel matrices, and fingerprint maps.
In Papers II-III, FCNNs are used for radio-based localization by mapping
channel-derived input representations directly to spatial coordinates.

3.2.3 TRANSFORMER MODELS

Transformers are attention-based models that learn relationships between
different parts of an input representation and assign larger weights to the
most relevant information. Since self-attention does not inherently represent
input order, Transformers commonly add positional encoding to indicate the
position of each input element. Self-attention processes all elements in parallel
and can capture dependencies across time steps, sensors, antennas, or spatial
features. Given an input X € RN*%model containing N elements, for a single
attention operation, the query, key, and value matrices are obtained as

Q=XWgy K=XWg, V=XWy. (3.11)

where Wg € Rmodet ¥4k Wy € Rfmodet ¥4k and Wy € Rfmodel*do are the
learnable projections for the queries, keys, and values, respectively. Scaled
dot-product attention is then computed as

Vi

where d is the dimension of the query and key vectors. The resulting
attention weights determine how strongly each input element contributes to
the output.

Multi-Head Attention (MHA) applies several attention heads in parallel
using different learned projections:

. QKT
Attention(Q, K, V) = softmax v, (3.12)

head; = Attention (xw?, XWK, xwV ) ) (3.13)
MHA (X) = Concat (heady, ..., head;) WO, (3.14)

where [ is the number of attention heads [48]. Different heads can capture
complementary relationships within the input representation.

Each attention layer is typically followed by a position-wise Feedforward
Neural Network (FFN). For localization, attention-based models can learn
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relationships across measurements, sensor channels, or time steps and em-
phasize the information most relevant to position estimation. Papers IV and
V investigate attention-based models for radio-based localization.

RECURRENT AND STATE-SPACE MODELS

RNNs process sequential inputs by updating a hidden state that carries
information from previous time steps [49]. Given an input x; at time ¢, a
basic recurrent update is

ht = f (Waxe + Wyh; 1 +by), (3.15)
yt =g (Wyhi+b,), (3.16)

where h; is the hidden state and f(-), g() are activation functions. Variants
such as the Long Short-Term Memory (LSTM) and Gated Recurrent Unit
(GRU) use gating mechanisms to control how information is retained or
discarded over longer sequences [50,51].

Mamba is a sequence model based on selective State-Space Models (SSMs),
with the recurrent form

h; = Athy_q + Bixg, (3.17)
yt = Cth; + Dx;. (3.18)

where A; is the state-transition matrix, B; maps the input to the state, C;
maps the state to the output, and D represents the direct input-to-output
mapping [52]. Unlike conventional SSMs with fixed parameters, Mamba
introduces input-dependent state-space parameters, allowing the state dy-
namics to adapt to the input at each time step while maintaining linear
computational complexity with respect to the sequence length.

In localization, recurrent and state-space models can exploit sequences of
measurements to capture temporal dependencies and changes in the observed
environment. In temporal or multi-snapshot localization, recurrent and state-
space models can use information across consecutive measurements to cap-
ture temporal dependencies that are not available to single-snapshot methods.
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Hardware Implementations

FFICIENT eXecution of localization algorithms requires careful con-
sideration of hardware constraints, including power consumption,
latency, computational resources, and memory requirements. Process-
ing architecture design plays a critical role in addressing these constraints [53].
Different processing platforms, including General Purpose Processors (GPPs),
Field-Programmable Gate Arrays (FPGAs), and Application-Specific Inte-
grated Circuits (ASICs), offer distinct trade-offs in flexibility, performance,
energy efficiency, and memory organization [54].

This chapter discusses processing architectures, including systolic arrays
and parallel vector engines, dataflow strategies and memory hierarchy and
organization. It also introduces quantization as a method for reducing
arithmetic, storage, and memory-bandwidth requirements.

PROCESSING ARCHITECTURES

Processing architectures determine how computational units, memories, inter-
connections, and control mechanisms are organized to execute an algorithm
in hardware. The basic computational unit is commonly referred to as a Pro-
cessing Element (PE) and may contain arithmetic units, such as multipliers,
adders, or Multiply ACcumulates (MACs), together with registers or local
memory. The organization and interconnection of these PEs determine how
operations are performed and how data are distributed and reused. This
section presents systolic arrays and parallel vector engines as two processing
architectures for matrix and vector operations.
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SYSTOLIC ARRAYS

In many workloads, transferring data between memory and processing units
consumes significantly more energy and time than the arithmetic operations
themselves [55,56]. Systolic arrays address this challenge by maximizing data
reuse and minimizing memory accesses [57]. Instead of repeatedly fetching
the same data from external memory, data elements are loaded and reused
across multiple computations as they propagate through the array. In a
systolic architecture, data flows rhythmically between PEs, similar to the flow
of blood through the circulatory system. Data is streamed from memory
through multiple interconnected PEs before the results are written back to
memory. Since the computation schedule and data movement pattern are
predetermined, the need for explicit instruction control between operations
can be significantly reduced. Each PE typically performs simple operations,
such as MAC computations, and may include local memory for temporary
storage and data reuse.

For example, as shown in Fig. 4.1, an output-stationary systolic array can
be used to perform the following matrix multiplication:

a1 a2 m3z| |bn bz bz C11 €12 €13
a1 axp ax| |ba by ba| = |c 2 o3| - (4.1)
a3 a3 a3z | |bs1 b3y b3z €31 €3 €33

However, the regular structure of a systolic array requires the input data to
be supplied in the correct order and at the correct time so that the required
operands meet at each PE. As seen in the example above, additional buffering
may therefore be needed to align the inputs, while filling and draining the
array introduces some latency. For large and regular matrix operations, the
computational benefits can outweigh these overheads. For example, Google’s
Tensor Processing Units (TPUs) have used systolic arrays with dimensions of
256 x 256 and 128 x 128 [58].

The performance of a systolic architecture therefore depends on balancing
computational throughput with memory bandwidth and the cost of data
movement between the PEs. This is achieved by organizing many simple PEs
into a regular array structure and carefully optimizing the dataflow between
neighboring PEs.

PARALLEL VECTOR ENGINES

A parallel vector engine distributes vector elements across several computa-
tional lanes that operate concurrently. As illustrated in Fig. 4.2 (b), the lanes
receive their operands directly rather than passing data between neighboring
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Figure 4.1: Example of matrix multiplication using a systolic array architecture
with output stationary dataflow.

PEs, as in a systolic array. The products computed in parallel are then
combined using a reduction structure, such as an adder tree. When the same
operand is used by several lanes, it may be broadcast to the lanes while the
remaining operands are supplied individually.

For the matrix multiplication in Eq. 4.1, elements from a row of the first
matrix and a column of the second matrix can be distributed across the
available lanes. The element-wise products are computed in parallel and
accumulated to obtain an output element. When the inner matrix dimension
exceeds the number of lanes, the dot product is divided across several clock
cycles and the resulting partial sums are accumulated.

Compared with systolic arrays, parallel vector engines can provide greater
flexibility for computations with varying dimensions or irregular execution
patterns. Operands are supplied directly to the computational lanes, and the
number of active lanes can be adapted to the operation. This is advantageous
for irregular workloads, such as zero skipping, where a conventional systolic
array may require additional control and buffering to preserve the required
data alignment and can suffer from reduced PE utilization when the regular
execution pattern is disrupted. Systolic arrays are instead well suited to large
and regular matrix operations, where predictable data movement between
neighboring PEs enables efficient local data reuse.
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Systolic Array Parallel Vector Engines

(a) (b)

Figure 4.2: Comparison of (a) a systolic array, where data propagate between
neighboring PEs, and (b) parallel vector engines, where parallel products are
combined using reduction structures. Adapted from [59].

The added flexibility of parallel vector engines can increase the require-
ments on the memory system and interconnect, including support for varied
memory access patterns. Different operands may need to be supplied in-
dependently to the lanes, while values that are reused across several lanes
may need to be broadcast. Systolic arrays reduce these requirements by
propagating data through a regular array, but provide less flexibility for
computations with varying dimensions or irregular execution patterns. The
choice between the two architectures therefore depends on the regularity and
dimensions of the computation, available data reuse, memory bandwidth,
interconnect requirements, and the required degree of parallelism.

MEMORY HIERARCHY AND ORGANIZATION

The energy required to execute an operation depends not only on the arith-
metic itself, but also on where its operands are stored and how often they
must be moved. Data locality is therefore important in accelerator design:
temporal reuse allows frequently used data to remain in local storage across
several operations, while spatial reuse allows the same data to be shared
among multiple PEs.
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The memory hierarchy is therefore organized to exploit these forms of
locality. Frequently reused operands and intermediate results can be retained
in registers or local memories close to the PEs, while data shared across
several PEs can be stored in an on-chip buffer or transferred directly between
processing elements. Large inputs and model parameters may initially reside
in external memory and be transferred to on-chip Static Random-Access
Memory (SRAM) before processing. In FPGA implementations, on-chip
storage can be mapped to dedicated block memories, while small local buffers
and lookup tables may also be implemented using distributed Lookup Table
(LUT)-based memory.

Memory bandwidth determines how quickly operands can be supplied
to the PEs and results can be written back. As the number of parallel
computational units increases, a single memory port may not provide enough
data per clock cycle. On-chip memories can therefore be divided into several
independent banks that are accessed simultaneously, increasing the aggregate
bandwidth. The distribution of data across these banks can be selected
according to the expected access pattern, allowing several matrix or vector
elements to be read in parallel. On the other hand, increasing the number
of banks increases the area overhead because each memory bank requires
additional peripheral circuitry.

The memory layout must also match the access pattern of the computation.
For a matrix stored in row-major order, the elements of a row occupy con-
secutive memory locations, whereas the elements of a column are separated
by the row length. Row-wise accesses can therefore be supplied sequentially,
while column-wise accesses may require strided reads or a transposed repre-
sentation. This distinction is important for matrix multiplication and matrix
decomposition, where rows, columns, or both may be accessed repeatedly. A
matrix can be stored in transposed form when column-wise access dominates,
or the memory can be organized to support several access directions.

For example, the parallel vector memory in [60] distributes matrix ele-
ments across multiple memories and uses data shufflers to support access
to a complete row, column, or diagonal in the matrix. The required index
mapping mechanism is calculated according to [61,62]. This allows the same
computational units to process different matrix operations without repeatedly
rearranging the data in software, as seen in Fig. 4.3. Memory organization
is therefore closely connected to the selected dataflow, which determines
which operands remain locally stored and when data are transferred between
memory levels.
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Figure 4.3: Mapping of the elements of an 8 x 8 matrix in a parallel memory
system with 8 memory banks, denoted by By, .. ., Bg, allowing rows, columns,
and diagonals to be accessed without bank conflicts. [60].

DATAFLOW

Efficient hardware design depends strongly on memory-access patterns and
data reuse. In DL accelerators, a large fraction of the implementation cost
can arise from moving inputs, weights, and intermediate results through the
memory hierarchy rather than from the arithmetic operations themselves.
Dataflow selection determines how these data are mapped to the PEs, which
values remain locally available, and which values must be transferred between
PEs or memory levels. Temporal reuse allows values to remain locally
available across several operations, while spatial reuse allows values to be
shared or forwarded among multiple PEs. Increasing such reuse can re-
duce memory traffic, execution latency, and energy consumption. Common
dataflows include output-, input-, and weight-stationary execution, while
hybrid approaches combine several forms of reuse.

¢ Output Stationary (OS): Each PE accumulates a specific output element
or partial sum. The partial sum remains stationary while weights and
input activations are supplied to the PE, reducing the movement of
intermediate results. An example is shown in Fig. 4.4.

¢ Input Stationary (IS): Input activations (feature maps) are kept station-
ary in the PE registers. This is often used when the input data is
significantly larger than the weights, or in specific streaming scenarios
where buffering inputs is more efficient than buffering weights.

* Weight Stationary (WS): Filter weights are pre-loaded and kept fixed
within the PEs. Input activations and partial sums stream through the
array. This can be advantageous when weights are used across many
input batches (e.g., in large convolutional layers).

* Row Stationary (RS): Row-stationary execution combines several forms
of reuse by mapping rows of inputs and weights across the PE array,
allowing reuse of inputs, weights, and partial sums [56].
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Figure 4.4: Example processing architecture of an OS dataflow taxonomy.

Since different operations provide different reuse opportunities, no single
dataflow is optimal for all computations. For example, when both operands of
a matrix multiplication are generated during execution rather than stored as
pre-computed parameters, an OS dataflow can keep the partial sums locally
while the input operands are streamed into the computation. This reduces
the storage and memory traffic associated with intermediate results. In an
image processing system, the same input data may be reused to compute
multiple different features, and an IS dataflow can keep these inputs locally
to reduce repeated memory accesses. In contrast, when pre-computed weights
are reused across many input samples or operations, a WS dataflow can keep
the weights close to the PEs and reduce repeated accesses to the memory
hierarchy.

Dataflow selection must therefore consider the computation dimensions,
memory organization, available on-chip storage, degree of parallelism, and
hardware resources together with the latency, resource, and energy require-
ments [47].

QUANTIZATION

This section considers affine integer quantization, which reduces computa-
tional cost and memory footprint by mapping floating-point values to low-
precision integer representations [63]. It is parameterized by a scaling factor
and zero-point. For a set of values X that shares the same quantization
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parameters, these are computed as

B—«
By —ay 4.2)
zeroPoint = clip (round (aq — ﬁ) /0, /3,7) ,

scale =

where a, = —2(num-bits=1) g — p(num.bits—1) _ 1 and ¢ and B denote the
minimum and maximum values of X.

Quantization is applied element-wise. The quantized representation is
obtained as

. X .
X4 = clip <round (scale + zeroPomt) S0, [Sq> , (4.3)

and de-quantization is given by
X & scale (X, — zeroPoint) . (4.4)

Table 4.1 summarizes representative hardware cost trends across integer
and floating-point formats. These formats are not exhaustive, as number
formats designed specifically for ML have also been developed, including
bfloatl6 [64] and FP8 formats such as E4M3 and E5M2 [65].

Table 4.1: Representative energy cost trends for various operations in 45nm,
0.9V [55].

Format | Add | Multiply
INTS | 0.03p] | 02p]
INT32 | 0.1p] | 3.1p]
FP16 | 0.4p] 1.1p]
FP32 | 09p] | 37p]

Low-precision fixed-point arithmetic can reduce the resource requirements
of arithmetic units on FPGA platforms. Table 4.2 shows representative LUT
and Flip-Flop (FF) utilization for multiplier and adder IP cores synthesized
using different number formats, as reported by Guo et al. [66]. In this study,
Fixed8 denotes an 8-bit fixed-point implementation, which corresponds most
closely to the INT8 arithmetic considered in this thesis. Compared with
Fixed8, the FP32 multiplier uses approximately 9.4x more LUTs and 10.7 x
more FFs, while the FP32 adder uses approximately 53.8x more LUTs and
93.6x more FFs. Although the exact resource utilization depends on the
device and implementation of the arithmetic IP cores, these results illustrate
the potential hardware savings of low-precision arithmetic and motivate its
use for deploying DL models on resource-constrained hardware.
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Table 4.2: Representative FPGA resource utilization for individual arithmetic

units [66].
Multiplier Adder
Format | LUT FF LUT | FF
Fixed8 75 80 8 8
Fixed32 | 1112 | 1143 32 32
FP16 221 303 211 | 337
FP32 708 858 430 | 749

4.4.1 QUANTIZATION METHODS FOR DEEP LEARNING MODELS

Two main approaches are commonly used to quantize neural networks: Post-
Training Quantization (PTQ) and Quantization-Aware Training (QAT). PTQ
applies quantization after training and can be effective for models with
sufficient redundancy, but may introduce significant accuracy degradation
in compact models [67]. In contrast, QAT simulates quantization and
dequantization during the forward pass, allowing the model to adapt to
reduced precision during training. Since rounding and clipping operations
are non-differentiable, the Straight-Through Estimator (STE) can be used to
approximate their gradients during the backward pass [68].

The scale and zero-point are commonly estimated using observers that
collect information about the ranges of weights and activations. In PTQ,
this is performed using a representative calibration dataset after training,
whereas in QAT, the observers operate while the model is trained and may
be fixed during the later training stages. Min-max calibration uses the
observed minimum and maximum values, while alternative methods, such as
percentile-based calibration, clip a small fraction of extreme values to reduce
the influence of outliers [69]. When input distributions vary across scenarios,
the calibration data should represent these variations so that the selected
quantization ranges remain suitable during inference.

For weights, symmetric quantization is commonly used, with the zero-point
set to zero, because weight distributions are often approximately centered
around zero. This eliminates offset terms in multiplication and simplifies
the hardware implementation. For strongly asymmetric weight distributions,
however, asymmetric quantization may reduce the quantization error at the
cost of additional hardware complexity. Per-channel symmetric quantization
can also account for differences in the weight ranges across output channels
while retaining a zero-point of zero. Activations and intermediate values are
more commonly quantized asymmetrically because their distributions are not
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necessarily centered around zero.

The hardware design space therefore includes several related choices, in-
cluding the processing platform, memory organization, dataflow, processing
architecture, numerical precision, and degree of parallelism. Techniques
such as stationary dataflows, local data reuse, quantization, and sparsity
exploitation can reduce computation and data movement, although their
benefits depend on the algorithm and the available hardware resources. These
choices should therefore not be considered independently. The next chapter
takes a broader view of this design space by considering the localization
system, algorithm, and hardware implementation together.
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OCALIZATION systems are often evaluated based on their positioning
accuracy, but practical deployment requires a broader view. The
sensing system must provide measurements that contain useful infor-
mation about the target position, the algorithm must extract this information
reliably, and the hardware must process the data within latency, energy,
and resource constraints. These parts are strongly connected: the input
representation and measurement environment affect the selection and design
of the DL model, while the resulting model determines the computational
and memory requirements of the implementation. Hardware capabilities and
constraints can, in turn, influence the choice of algorithm, model structure,
numerical precision, and input representation.

Previous works have studied similar system-level approaches in spatial Ar-
tificial Intelligence (AI), where real-time perception requires co-design across
sensors, algorithms, and processors [70]. Real-time localization and map-
ping systems also require joint consideration of algorithm choice, hardware
architecture, localization accuracy, computational performance, and energy
consumption [71]. These studies have largely focused on visual perception
and SLAM, whereas the perspective considered here also includes localization
based on radio and audio measurements. In radio systems, algorithm-
hardware co-design has been studied for deep-learning-based MIMO channel
estimation and energy-efficient 5G positioning [72,73]. This chapter considers
localization systems as a co-design problem across the measurement, algo-
rithm, and hardware levels. It describes our methodology for design space
exploration and optimization, introduces the relevant performance metrics
and design parameters, and presents case studies illustrating the resulting
design decisions.
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DESIGN SPACE EXPLORATION AND OPTIMIZATION

Design space exploration is guided by the performance metrics and design
parameters used throughout this thesis, which are described in the next
section. The performance metrics provide a basis for formulating optimization
objectives and constraints, such as reducing localization error, latency, energy
consumption, and hardware-resource use while accounting for limits on
inference time or available memory. Since these objectives can conflict, design
space exploration generally aims to identify appropriate trade-offs rather than
optimize one metric independently.

The design space is formed by identifying the parameters that can be varied
at the measurement, algorithm, and hardware levels, together with the values
or alternatives considered for each parameter. A comprehensive design space
exploration would ideally use models of the relevant design abstractions and
integrate them within a common framework for joint optimization across
the three levels. Jointly exploring all parameters, however, results in a large
number of possible combinations, making exhaustive evaluation impractical.
The case studies in this thesis therefore focus on selected subsets of the design
parameters and characteristics summarized in Table 5.1.

Table 5.1: Design parameters and characteristics considered in this thesis.

Measurement ‘ Algorithm ‘ Hardware
Sensor type Geometry-based methods Hardware platform
— Camera, antenna, — Triangulation, trilateration, - CPU, GPU, FPGA, ASIC
microphone multilateration Processing architecture
Measurement characteristics Data-driven methods - Systolic arrays, parallel
- Range and bearing — Model type (FCNN, CNN, vector engines
measurements, propagation attention-based, RNN, Dataflow
conditions, input sparsity Mamba), model structure and | _ g 15 WS RS
Calibration size, activation and M pati

- emory organization
— Intrinsic and extrinsic normah.za’uon, temporal _ Memg;y l‘{;ierarchy memory
parameters processing, adaptive model access patterns
T hronizati selection p
ime synchronization Quantization

— NTP, PTP, hardware — Number format, bit width,
triggering, common clock scaling

The selection of these parameters can also be guided by characteristics
observed in the measurements and by bottlenecks identified in the algorithm
or hardware implementation. For example, radio-channel measurements
may contain spatial and delay-domain structure, while image and audio
measurements contain different forms of spatial and temporal information.
Propagation conditions and beam-domain sparsity can also motivate changes
to the algorithm or the amount of computation performed. At the algorithm-
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hardware boundary, the selected model must be mapped to the target pro-
cessing platform [74,75]. Operations such as matrix multiplication, normal-
ization, and activation functions have different implementation costs, while
the movement of model parameters and intermediate values can become a
major bottleneck.

PERFORMANCE METRICS

The accuracy of a localization system is commonly evaluated by comparing
the estimated position with a reference ground truth position. For each po-
sition estimate, the localization error is computed from the distance between
the estimated and ground truth positions; a smaller error corresponds to a
more accurate estimate. When several position estimates are evaluated, the
resulting error values are used to compute metrics and error distributions
such as the Mean Euclidean Error (ME), median error, percentile error,
variance of the error, and the Cumulative Distribution Function (CDF) of the
positioning error.

In this thesis, the 2D localization error is computed as the Euclidean
distance between the estimated and ground truth positions, for each sample.
For a two-dimensional position estimate, this error is given by

ei = ||pi — pill, = \/(fi —xi)2+ (Ji — i) (5.1)

where p; and p; denote the estimated and ground truth positions for sample
i, respectively.

In addition to accuracy, latency and throughput are important metrics for
practical localization systems. In hardware implementations, latency refers
to the time between providing a localization measurement to the processing
hardware and receiving the corresponding position estimate. Throughput is
the number of position estimates produced by the processing hardware per
unit time.

For pipelined designs, new inputs can be accepted before previous inputs
have completed. The time between two consecutive inputs accepted by the
hardware is referred to as the initiation interval. Once the pipeline is fully
occupied, consecutive outputs are produced at the same interval, so a shorter
initiation interval corresponds to a higher throughput.

The required throughput depends on the rate at which localization mea-
surements become available. The sensor sampling rate sets the measurement
arrival rate for a single sensor stream, while multiple users or targets can
further increase the number of measurements that must be handled within
the same time interval. For real-time processing of a single measurement
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stream, the initiation interval must not exceed the sensor sampling period.
The required accuracy and latency depend on the localization use case, as
presented in Chapter 1.

Energy consumption is another important performance metric, especially
for battery-powered or embedded devices. A localization algorithm that
requires frequent memory accesses, large matrix operations, or high computa-
tional precision can increase both power dissipation and energy use. Higher
power dissipation also increases thermal-management requirements, while
energy per inference and average power determine the operating time of
battery-powered devices. These metrics are therefore often considered to-
gether with accuracy and latency when evaluating practical implementations.

Hardware constraints also affect the choice of localization algorithm. Avail-
able memory limits the size of the model parameters and intermediate data,
while the number of processing elements, memory bandwidth, and supported
arithmetic precision determine how efficiently the algorithm can be executed.
Other practical constraints include chip area, hardware cost, and scalability.

CASE STUDIES

The case studies below illustrate how observations at the measurement,
algorithm, and hardware levels lead to co-design decisions throughout this
thesis. Case Study 1 examines how different propagation environments can
motivate adaptive model selection. Case Study 2 analyzes how structural and
temporal relationships within the input features—along with the hardware
costs of model implementation—dictate model selection, demonstrating that
the architecture achieving the lowest localization error is not necessarily
optimal when balanced against throughput, latency, and memory constraints.
Case Study 3 exploits sparsity in radio-channel representations to skip
unnecessary computations and reduce execution time. Case Study 4 considers
replacing activation functions with alternatives that require less computation
in hardware while limiting the resulting degradation in localization accuracy.

Case Study 1 - Effect of Measurement Environment on Localization Algo-
rithms and Hardware

Localization systems may operate under measurement conditions that vary
across environments. Radio measurements are affected by, for instance, LoS,
NLoS, and mixed propagation conditions, while vision-based localization can
be affected by lighting and occlusions, and audio-based localization by reflec-
tions and background noise. Changes in the surrounding geometry, sensor
placement, and propagation environment can therefore produce different in-
put distributions across buildings, routes, or cities. A single model trained to
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cover all such conditions must learn a broad mapping from the measurements
to position and may not provide the same localization performance in every
environment.

Adaptive localization algorithms address this problem by changing the pro-
cessing strategy based on the current measurements, operating environment,
or computational constraints. At the measurement level, the system may
select or weight sensors according to their reliability. For example, visual
measurements may be useful when image features are clearly visible, while
radio measurements may provide information when the target is not directly
visible. At the input-representation level, the system may process selected
parts of the measurement, such as antennas, beams, delay bins, or time
samples in radio-based localization. This can reduce the computational load
by focusing the processing on input components that are more informative
for the current position estimate.

At the algorithm level, the localization problem can be divided into smaller
sub-problems by using specialized models for different environments, sensor
conditions, or propagation scenarios. A single generalized model trained to
cover all conditions must learn a broader mapping from measurements to
position, even though some features may only be useful in specific environ-
ments. Specialized models reduce the complexity of the learning problem
by limiting each model to a smaller and more homogeneous subset of the
data. A lightweight routing module can then select the model that best
matches the current input. This idea was further explored in Paper IV, where
environment-dependent model selection was used for adaptive attention-
based 5G radio localization.

While originally proposed in 1991 to isolate independent subtasks within a
single dataset [76], this foundational concept has expanded into a macro-level
framework for spatial and temporal adaptation [77]. This idea is related to
transfer learning and domain adaptation in localization, where models are
adapted across time, space, or devices, as well as to conditional computa-
tion and Mixture-of-Experts (MoE) architectures, where a gating mechanism
selects the most relevant expert for each input.

Adaptive processing is also relevant for hardware implementation because
real-time localization systems must satisfy latency, memory, and energy
constraints, explored in Paper V. Applying the same computation to
every input may result in redundant processing and inefficient utilization
of computational and memory resources. This cost can be reduced by
skipping computations, activating only the required model parameters, or
choosing a dataflow that matches the selected computation. The measurement
determines which parts of the input are reliable or informative, the algorithm
determines how this information is used for position estimation, and the
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hardware determines whether the selected computation can be executed
within the available resource budget.

Case Study 2 - DL Model Selection Based on Input Characteristics

The selection of a DL model depends on whether each position is estimated
from a single measurement snapshot or a sequence of consecutive observa-
tions, as well as on the spatial, temporal, or other structural relationships
among the input elements. For a single measurement snapshot represented
as a feature vector, such as RSS values from several anchors or estimated
distances to known reference points, a feedforward model such as an FCNN
may be sufficient. For structured input representations, the position or index
of each input element can carry additional information. Examples include
neighboring pixels in an image, antennas in an array, and beam indices and
delay bins in a radio-channel representation. Although these inputs can be
flattened and processed by an FCNN, doing so does not directly exploit their
spatial arrangement or ordering. CNNs can capture local patterns, while
attention-based models can capture relationships between more distant input
elements.

When consecutive measurement snapshots are available, temporal rela-
tionships can be used to capture motion or changes in the propagation
environment. The measurement rate, required update rate, and selected
window size determine how much historical information can be incorporated
into each position estimate. RNNs and state-space models such as Mamba [52]
process ordered measurements by updating an internal state, while attention-
based models can capture dependencies among measurements within a tem-
poral window. Figure 5.1 summarizes how different model types exploit
relationships among input elements. CNNs extract features from local input
regions, Transformers relate input elements through attention, and RNNs
capture sequential dependencies through a recurrent state.

(a) (b) (c)
CNN Transformers RNN

Figure 5.1: Simplified illustration of feature extraction in (a) CNNs, using local
neighborhoods, (b) Transformers, using relationships between input elements
through attention, and (c) RNNs, using sequential dependencies.
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Model selection must also consider localization accuracy together with
throughput, latency, energy consumption, and memory requirements. Models
differ substantially in computational complexity and memory footprint. An
FCNN has a fixed-size input and output, and its parameter count and
computational cost scale with these dimensions rather than with sequence
length. Convolutional layers are effective for local pattern extraction, but
capturing long-range dependencies may require deeper stacks or larger ker-
nels. RNNs process measurements sequentially, updating a fixed-size internal
state at each step; this keeps memory and per-step computation low, but the
sequential dependency prevents parallelization across time steps and can lead
to vanishing or exploding gradients over long sequences [78]. Self-attention
can directly relate input elements across the sequence, but its computational
and memory complexity scales quadratically with sequence length [48].

The studies presented in this thesis illustrate several of these model-
selection choices. In Papers II and III, an FCNN learns a direct mapping from
the radio input features to the target position. In Paper IV, an attention-based
model is instead used to exploit relationships between beam components
within a single measurement snapshot. The beam indices form the sequence
dimension of the attention model and therefore represent structure within
one snapshot rather than a temporal sequence of consecutive measurements.
Paper V further investigates how the computational structure of this model
affects the processing architecture and dataflow.

The models in Papers IV and V do not exploit temporal relationships
between consecutive measurement snapshots. Extending attention-based or
state-space models to temporal measurement sequences therefore remains a
possible direction for future work. For instance, in [79], an FCNN is compared
with a Mamba-based model using the dataset introduced in Paper 1. The
Mamba model achieves comparable localization accuracy with a substantially
smaller model size, making it well suited for memory-constrained edge
hardware.

Case Study 3 - Exploiting Radio-Channel Sparsity for Reduced Execution
Time

Sparsity refers to the presence of zero-valued elements in data or model
parameters that can allow the corresponding storage, memory accesses, or
computations to be omitted. In DL models, sparsity may arise within the
model, for example through zero-valued activations or pruned weights, or
from the input data. From a hardware perspective, the organization of the
zero-valued elements is important. Fine-grained sparsity occurs at the level
of individual elements, whereas coarse-grained or structured sparsity occurs
when complete rows, columns, channels, or other groups can be omitted.
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The sparsity granularity therefore affects how efficiently the corresponding
arithmetic operations and memory accesses can be skipped.

Fine-grained sparsity, such as individual zero-valued activations produced
by ReLU, can reduce the number of arithmetic operations. However, ex-
ploiting isolated zeros may require additional detection and indexing logic
and can result in irregular memory accesses. The location of the zero-valued
elements may also change between inputs, requiring the hardware to identify
which elements can be skipped during execution. Sparsity-aware execution
is therefore beneficial only when the reduction in computation and data
movement outweighs the overhead of identifying and managing the sparse
pattern [80].

Coarse-grained sparsity is generally easier to exploit because larger parts of
the computation can be skipped using simpler control logic. In radio-channel
measurements, such sparsity can arise from the propagation environment and
the selected channel representation. For a beam-delay representation, the
received energy may be concentrated in a limited number of beams and delay
components, while other parts of the representation contain considerably
less energy. These values are not necessarily zero, but components below
a selected energy threshold can be treated as insignificant for the subsequent
computation. Grouping the sparsity at the row level allows complete beam
rows to be omitted rather than checking individual channel values.

The selected representation determines whether the sparse structure ap-
pears in a form that can be exploited efficiently, while the algorithm deter-
mines which components can be omitted without significantly degrading the
localization result. The hardware must then support skipping the correspond-
ing memory accesses and arithmetic operations with sufficiently low control
overhead. The choice of sparsity granularity therefore depends not only on
the algorithm, but also on how the data are represented, stored, and processed
in hardware.

In Paper V, row-wise skipping is implemented by identifying low-energy
beam components and omitting the corresponding computations. The
selected threshold determines the trade-off between the number of skipped
rows, the reduction in execution time, and the resulting localization accuracy.
A higher threshold can increase the amount of skipped computation, but may
also remove channel information that is useful for localization.

Case Study 4 - Activation Function Selection for Reduced Computational
Complexity

Nonlinear functions provide another example of how algorithm selection
can be influenced by hardware implementation cost. The ReLU function is
relatively simple to implement because it only requires a comparison and
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selection operation. Piecewise-linear functions can provide greater flexibility
while retaining an implementation based mainly on comparisons, additions,
and multiplications or shifts. More complex functions, such as sigmoid and
softmax, may require exponentiation, division, or LUTs. These functions
may also require higher numerical precision, especially for intermediate
values used in exponentiation and normalization, which can make low-bit
implementations more difficult.

The computational complexity depends not only on the nonlinear function
itself, but also on whether it is evaluated independently for each element or
jointly across several elements. Sigmoid operates independently on each input
element and can be approximated using a LUT. Each value can therefore be
processed as it becomes available, without waiting for the remaining elements
in the row. Softmax, in contrast, requires exponentiation of all elements,
accumulation of the exponential values, and normalization by their sum. The
normalized output for an element cannot be produced until the sum over the
complete row is known.

This dependency has direct consequences for the hardware implementa-
tion. The intermediate values for a softmax row must typically be buffered
while the sum is accumulated and then accessed again during normalization.
This requires additional storage and introduces latency before the normalized
outputs can be produced. Softmax also requires reduction and reciprocal
operations, whereas sigmoid does not require communication or normaliza-
tion across the elements of a row. Replacing softmax with sigmoid in DL
models can therefore reduce the required intermediate storage and execution
time, provided that the resulting accuracy remains acceptable, as explored in
Paper V.

Activation functions can also be modified or approximated to reduce
computational complexity. Piecewise-linear approximations and alternative
functions such as RSigELU illustrate how the shape of a nonlinear function
can be adjusted while retaining selected properties of existing activation
functions [81]. The function is therefore selected by considering both
localization accuracy and the arithmetic, memory, and control requirements
of its hardware implementation.

The case studies presented in this section show how selected design choices
across sensing and measurement, algorithms, and hardware implementation
can be considered together with the corresponding performance metrics. De-
pending on the application, these metrics may include localization accuracy,
latency, throughput, energy consumption, and hardware cost. A complete co-
design methodology would require a framework with appropriate models at
the different abstraction levels and an optimization procedure for exploring
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the resulting design space with respect to these metrics. Developing and
validating such models across the measurement, algorithm, and hardware
domains is a substantial task that extends beyond the scope of a single PhD
thesis and would benefit from joint efforts across the corresponding research
areas. The approach taken in this thesis is therefore based on prior design
experience together with local analysis and optimization, including models
of resource and energy consumption and analyses of latency and throughput,
to guide the design choices investigated in the individual case studies. Ex-
tending these methods toward systematic design space exploration and joint
optimization across all three domains represents an important direction for
future work.
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Conclusion and Future Work

h N HE presented work demonstrates that accurate and efficient localiza-

tion can be achieved by jointly considering sensing modalities, algo-
! u rithm design, and hardware implementation. By exploiting modality-
specific characteristics and structured signal representations, the proposed
approaches enable robust localization under practical constraints on latency,
power, and computational resources.

The contributions of this thesis are presented in two parts. The first part
(Chapters 1-6) provides a system-level overview of localization systems, mea-
surements, algorithms, and hardware implementation. Chapter 1 introduced
the motivation and scope of the work, outlining the challenges of localization
and the need to consider measurements, algorithms, and hardware jointly.
Chapters 2 to 4 then presented the main concepts related to localization
systems and measurements, localization algorithms, and hardware imple-
mentation, respectively. Chapter 5 brought these domains together through
a co-design perspective and showed, through selected case studies, how
measurement properties, algorithmic choices, and hardware constraints can
be considered jointly to support accurate and low-latency localization. Finally,
this current chapter summarizes the main findings of the thesis, discusses the
limitations of the presented work, and identifies directions for future research.

The second part consists of the collection of papers, which present the
detailed research contributions. A key foundation of this work is the develop-
ment of representative measurement data collected in realistic environments.

In Paper I, a multimodal public dataset, referred to as the LuViRA dataset,
is developed. The dataset includes synchronized measurements from cam-
eras, microphones, a massive MIMO testbed, a UE, and an IMU, together with
ground truth labels, enabling consistent evaluation across sensing modalities.
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In Paper II, the LuViRA dataset is analyzed and validated through a
comparison of vision-, radio-, and audio-based localization methods. The
study highlights the strengths and limitations of the different sensors and
demonstrates their complementary nature. Localization using radio signals
and machine learning is further investigated in subsequent works.

In Paper III, high-precision indoor localization is studied using channel
measurements from a 5G massive MIMO testbed. The paper investigates how
radio-channel measurements can be used with machine-learning models to
estimate the user position.

In Paper 1V, the radio-based localization problem is extended to a more
challenging outdoor setting with multiple spatially separated trajectories. In
this case, the propagation conditions vary between the different measurement
areas, including LoS and NLoS conditions. To address this, an adaptive
attention-based model is proposed for outdoor 5G localization. The model
selects an environment-specific localization model based on the measured
signal, improving robustness under different propagation conditions.

The efficient implementation of the adaptive Transformer-based localiza-
tion model is addressed in Paper V. A dedicated hardware accelerator is
designed to reduce inference latency, power consumption, and computational
cost. The architecture exploits the inherent structure of the radio signals
and the localization model, using fixed-point arithmetic, mixed dataflow, and
sparsity-aware computation.

Together, these contributions address different parts of efficient localization
system design, from multimodal data acquisition and sensor comparison to
radio-based machine learning, adaptive modeling, and hardware implementa-
tion. The resulting design space includes parameters and characteristics that
can be varied at the system, algorithm, and hardware levels, together with
performance metrics that guide their selection. The co-design methodology,
design parameters, and performance metrics considered in this thesis are
illustrated in Fig. 6.1. Table 6.1 summarizes the levels considered in each
paper.

The comparison highlights the importance of treating localization system
design as a co-design problem, since decisions across the measurement,
algorithm, and hardware domains affect one another and must be balanced
against the target performance and implementation constraints. The results
show that jointly considering these domains can support accurate and low-
latency localization.
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Table 6.1: Scope of each paper in terms of the measurement, algorithm, and
hardware levels.

Paper Measurement Algorithm Hardware
I v X X
I v v X
11 v v X
v v v v
v v v v

6.1 FUTURE WORK

Several directions remain open for future research, building upon the system-
level approach adopted in this thesis. These directions span sensing, al-
gorithm design, and hardware implementation, with the aim of further
improving robustness, accuracy, and efficiency of localization systems. One
possible future scenario, a smart factory with fully autonomous robots and
drones, is shown in Fig. 6.2. One of the most critical challenges in such a
scenario is accurate and real-time localization. Drones can be localized using
microphones [82].

A natural extension of this work is the joint use of multiple sensing modal-
ities. Some of the common sensors in the environment are cameras, radio
receivers and transmitters and microphones and speakers. While individual
sensors such as radio, vision, and audio provide complementary information,
their integration remains a challenging problem due to differences in sam-
pling rates, coordinate systems, noise characteristics, and failure modes.

Future work may explore sensor fusion strategies that combine these
modalities at different levels, including early fusion at the feature level, inter-
mediate fusion within learned representations, and late fusion at the decision
level. In particular, learning-based fusion approaches that adaptively weight
sensor contributions based on environmental conditions could significantly
improve robustness in scenarios where one or more modalities degrade, such
as low-light conditions for vision. Some works that explore fusion of these
sensors are: [83-85].

Beyond the localization scenarios considered in this thesis, the proposed
methods can also be extended to distributed localization systems. Positioning
with distributed massive MIMO has been studied using neural networks
with probabilistic output layers, where spatially separated surfaces provide
complementary channel observations for estimating the user position [86].
This direction is particularly relevant for future wireless systems, where
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manufacturing and collecting data

Autonomous robot supplying
work stations

6\ Intelligent Sensors monitoring
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overall operation

és_ UAVs performing SLAM and

monitoring

Figure 6.2: Illustration of a future fully autonomous smart factory with
cameras, antennas, and microphones.

sensing and communication infrastructure may be distributed across several
access points, surfaces, or panels. In such systems, learning-based localization
algorithms must not only process high-dimensional channel representations,
but also combine information from multiple spatially separated nodes while
accounting for uncertainty in the position estimate.

The same high-dimensional channel representations used for localization
also contain rich spatial information that can be exploited in related wireless
applications, such as beamforming and channel estimation [87,88]. Learning-
based models could, for instance, be used to predict suitable beam directions
or reconstruct channel state information in scenarios with limited measure-
ments. Exploring the interplay between localization and communication tasks
may therefore enable joint optimization frameworks, where positioning infor-
mation is directly used to improve system-level communication performance.
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Another important direction is the integration of additional sensing modal-
ities. IMUs, which provide high-rate motion information, can complement
other systems by improving temporal resolution and enabling dead-reckoning
in the absence of external references. Similarly, distributed MIMO systems,
where multiple spatially separated base stations cooperate, offer increased
spatial diversity and improved coverage. Combining such systems with
learning-based localization models may enable more accurate and scalable
solutions, particularly in large or complex environments.

From a hardware perspective, further exploration of quantization tech-
niques remains highly relevant. While this thesis demonstrates the feasibility
of low-precision implementations, additional gains may be achieved through
QAT, mixed-precision architectures, and dynamic precision scaling [89]. In
particular, adapting quantization levels based on input characteristics could
improve the trade-off between accuracy and efficiency. Moreover, incorporat-
ing quantization into the training process more tightly, for example through
hardware-in-the-loop approaches, may lead to models that are optimized for
deployment.

Finally, the concept of adaptive models can be extended further. While
this work focuses on environment-dependent adaptation, future research
may investigate more fine-grained adaptive systems that dynamically adjust
model complexity, attention mechanisms, or hardware dataflow strategies
based on the input characteristics, propagation conditions, or hardware
constraints. This also includes exploring architectures such as MoE models
and retraining strategies that incorporate newly collected measurement data
after deployment. Such approaches are particularly relevant for real-world
localization systems operating in dynamic and unpredictable environments.

Overall, advancing localization systems will require continued integration
across sensing, algorithms, and hardware. The directions outlined above pro-
vide a pathway toward more robust, scalable, and energy-efficient solutions
for future applications.
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The LuViRA Dataset: Synchronized Vision, Radio, and Audio Sensors for
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Abstract— We present a synchronized multisensory dataset
for accurate and robust indoor localization: the Lund University
Vision, Radio, and Audio (LuViRA) Dataset. The dataset
includes color images, corresponding depth maps, inertial
measurement unit (IMU) readings, channel response between a
5G massive multiple-input and multiple-output (MIMO) testbed
and user equipment, audio recorded by 12 microphones, and
accurate six degrees of freedom (6DOF) pose ground truth of
0.5 mm. We synchronize these sensors to ensure that all data
is recorded simultaneously. A camera, speaker, and transmit
antenna are placed on top of a slowly moving service robot,
and 89 trajectories are recorded. Each trajectory includes 20
to 50 seconds of recorded sensor data and ground truth labels.
Data from different sensors can be used separately or jointly to
perform localization tasks, and data from the motion capture
(mocap) system is used to verify the results obtained by the
localization algorithms. The main aim of this dataset is to enable
research on sensor fusion with the most commonly used sensors
for localization tasks. Moreover, the full dataset or some parts
of it can also be used for other research areas such as channel
estimation, image classification, etc. Our dataset is available at:
https://github.com/ilaydayaman/LuViRA Dataset

I. INTRODUCTION

Fully autonomous driving and human-free smart factories
are expected to significantly improve life quality [1], [2].
To build an autonomous smart factory, one of the most
critical challenges is performing accurate localization and
monitoring of autonomous service robots in real-time for
such an indoor environment, e.g., a service robot in a fac-
tory needs to localize itself within centimeter-level accuracy
to perform tasks such as lifting and placing objects. To
solve this problem, localization algorithms that use multiple
sensors to improve accuracy and reliability have developed
immensely [3]-[6]. There are many works that use cameras,
radio receivers and transmitters, microphones, and speakers
separately to localize objects in indoor environments [7]-
[9]. Recent works [10], [11] indicate that these sensors
can be used jointly to complement each other and enhance
the overall performance. However, to develop, evaluate, and
compare algorithms that fuse these sensors, a public dataset
that includes simultaneous and synchronized sensor readings
from each sensor in the same environment is required.

This work is funded by the Swedish Research Council, Ericsson AB, and
ELLIIT (Excellence Center at Linkoping-Lund in Information Technology).

The authors are with Lund University, !Department of Electrical and
Information Technology, 2Centre for Mathematical Sciences, Department
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Fig. 1: A photo of the sensors and the ground truth system
depicting labels for the different components and the bottom-
left corner focuses on the devices on the robot.

Public datasets and benchmarks are key to the evaluation
and development of algorithms designed by the scientific
community. 12-Scenes [12], KU Leuven [13] and Stucture
from Sound [14] datasets are examples of public datasets that
can be used for vision, radio, and audio based localization
algorithms. 12-Scenes is one of many indoor localization
datasets based on vision sensors [15], but very few public
datasets include radio and audio sensors. Massive multiple-
input and multiple-output (MIMO) is an enabling technol-
ogy for the fifth-generation technology standard for cellular
networks, or 5G, which has a scarcity of comprehensive
datasets, especially for localization tasks where ground truth
labels are required. The KU Leuven dataset is one of the very
few datasets that contains measured channel state informa-
tion (CSI) between a user and a massive MIMO testbed. The
StuctureFromSound dataset includes audio data collected
with 12 microphones. These existing datasets contain the
target sensors separately. Fusing separate datasets together
for multisensory applications is not possible due to the lack
of synchronization of different sensors as well as the different
environments where the data has been captured.

In this paper, we describe, to the best of our knowledge,
the first publicly available dataset that includes synchronized
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data from vision, 5G radio, and audio sensors that are
captured in the same indoor environment. We name the
dataset that consists of 89 trajectories the Lund University
Vision, Radio, and Audio Dataset or LuViRA. A Mobile
Industrialized Robot (MIR200) is used to carry the required
equipment for all the aforementioned sensors in the Lund
University Humanities Lab’s Motion Capture (Mocap) Stu-
dio. The radio data is recorded using the world’s first real-
time 5G massive MIMO testbed, LuMaMi [16]. A photo of
the Mocap Studio, including the sensors, and the ground
truth system, is given in Fig. 1 where each system and
other required equipment are labeled. The detailed measure-
ment setup, properties of each sensor, the synchronization
schemes, key results, and known limitations of the dataset
are described in the paper. The dataset is verified using state-
of-the-art localization algorithms for the different sensors.

II. MEASUREMENT SETUP

Ground truth systems, that achieve higher localization
accuracy than the state-of-the-art algorithms and use the
target sensors, are crucial for the precise validation and
benchmarking of these algorithms, making them an impor-
tant component in our measurement campaign. The Lund
University Humanities Lab’s Mocap Studio consists of 18
networked high-speed infrared Qualisys cameras that record
at 100Hz and are connected to the Qualisys Sync Unit,
a synchronization box, for accurate synchronization. The
system is calibrated and the localization error is measured
to be less than 0.5 mm in the effective area. Due to the high
accuracy that is achieved, it is used as a ground truth system
throughout all the measurements.

A 4.2 x 2.5m? area shown in Fig. 2 is chosen as the
effective area where the trajectories are recorded. The size
of the effective area is decided on the basis of many factors,
but the main reason is the coverage of the ground truth
system. The ground truth system tracks the 3D positions
of the robot and the sensors by placing reflective spherical
markers on target objects. Moreover, with a rigid setup of at
least 3 markers on an object, the system provides six degrees
of freedom (6DoF) data, i.e., 3D orientation plus the 3D
position. The ground truth system is the most accurate when
several cameras can see the markers and on the sides of the
studio, some markers are usually blocked by other objects.

Many precautions are taken to create a controlled envi-
ronment for all the systems in our measurement campaign.
A mobile industrial robot is used to securely transport a
camera, a single antenna user equipment (UE), a sound
source (speaker), and the equipment connected to them.
The camera, antenna, and speaker are placed on a higher-
level platform built for this measurement campaign. The
platform ensures that the sensors have dedicated and stable
locations on the robot and have an unobstructed view of the
environment. A top-down view of the sensor placement in the
studio is shown in Fig. 2, with sensors marked in yellow and
actuators marked in blue. The rounded red rectangle depicts
the robot, squares marked with “A”, “C” and “S” stand
for antenna, camera, and speaker, respectively. The LuMaMi

A
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-

Fig. 2: Top-down view of the studio, containing twelve mi-
crophones (1-12), antenna (A), RGB-D camera (C), speaker
(S), and LuMaMi testbed.

testbed is placed in the top-left corner, and the placement of
the microphones is illustrated as numbered squares.

III. SENSOR SETUP

This section gives detailed descriptions of the vision,
radio, and audio systems. A summary of all the sensors
recorded and their characteristics are shown in Table I. For
completeness, the ground truth system is also added to the
table. As can be seen in Table I, different sensors have
different snapshot rates per second (ps). Thus, when these
sensors are used together, the data should be associated with
each other based on their respective timestamps. An example
code that uses the sensor with the lowest snapshot rate as
a reference and maps the others using the smallest time
difference between timestamps is provided with the dataset.

TABLE I: Overview of the four main systems.

System Snapshot Sensor File
Rate (ps) Format

Vision 15-30 Intel® RealSense™ | .png and

frames depth camera .bag

Radio 100 channel LuMaMi testbed .mat
estimates with 100 antennas

Audio up to 96k 12 .wav
samples microphones

Ground 100 18 high Xt

Truth frames speed cameras

A. Vision system

An Intel® RealSense™ D435i camera connected to a
laptop on the robot is used as the input for the vision system.
Each snapshot of visual data includes an RGB or color
image, left and right infrared images (obtained by imagers),
a depth map, a point cloud, and inertial measurement unit
(IMU) data. The IMU data is collected by two sensors: an
accelerometer and a gyroscope. The features are captured by
using Robot Operating System (ROS) and rosbag (.bag) file
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Fig. 3: Examples of the decorations in the environment that
can be used in vision-based localization algorithms.

format. A summary of all the features of the camera is given
in Table II. The frequency of different features is chosen on
the basis of the maximum bandwidth of the USB-2 bus on
the laptop. For future dataset creation, we instead suggest
choosing a common fps for the RGB, infra cameras and
depth map, as well as a common frequency for accel, and
gyro. This would simplify usage and a reduced fps would
potentially allow higher resolution.

TABLE II: Features and Recording settings of the Camera

Sensor Snapshot | Resolution File
Rate Format
RGB Camera 30 fps 640x480 .png and .bag
Left Imager 15 fps 640x480 .bag
Right Imager 15 fps 640x480 .bag
Depth Module 15 fps 640x480 .png and .bag
IMU (gyroscope) 400 Hz N/A .bag
IMU (accelerometer) 100Hz N/A .bag

While using these data, the effect of the rolling shutter
camera can be ignored, since the camera is placed on top
of a relatively stable robot moving at a low speed. The
left and right imagers embed depth information to aid the
generation of depth maps (with the help of a filter), and
using these images in stereo-based localization algorithms
might give lower accuracy compared to non-filtered images.
The Mocap Studio is decorated with posters and objects with
different textures to enable feature extraction in vision-based
localization algorithms. Some example decorations can be
seen in Fig. 3.

B. 5G Radio system

The radio system consists of an user equipment (UE)
which is connected to the single antenna mounted on the
robot and the LuMaMi testbed with 100 antennas (each
connected to an individual RF chain). LuMaMi operates
at a center frequency of 3.7GHz and has a bandwidth of
20 MHz. The UE and LuMaMi are connected via a cable to
establish frequency synchronization and to eliminate carrier
frequency offset. A collection of known signals, called pilot

Fig. 4: Markers and the microphone are shown on the left
side of the image and the LuMaMi testbed where the wide
antenna configuration is marked with the green circle is on
the right.

signals, are sent by the UE every 10 ms. The LuMaM:i testbed
then captures 100 snapshots of the channel per second (ps).
These parameters are recorded and can be used to estimate
the position of the mobile antenna in the environment. To
exploit more information from the azimuth compared to the
elevation domain, a wide antenna configuration, which is
25 x 4, is selected rather than a quadratic one. The LuMaMi
testbed and the wide antenna configuration are depicted on
the right side of Fig. 4. During the measurement campaign,
the UE is placed on top of the moving robot, while LuMaMi
remains static. A universal software radio peripheral (NI
X310) connected to a single dipole antenna is used as the
UE.

C. Audio system

Audio-based localization uses an array of microphones
to calculate the direction or location of a sound source by
measuring different metrics, such as the time differences of
arrival (TDOA) of sound signals at different microphones
and triangulating the source’s position based on these TDOA
measurements. In our measurement campaign, 12 micro-
phones (T-bone MM-1) are set up according to Fig. 2 and
connected to a single sound card that is recording to a laptop.
A stereo speaker is placed on top of the robot, as well as the
12th microphone. The microphone on the robot is placed as
close as possible to the speaker (sound source) and works as
a reference to synchronize the speaker with the microphones.
In addition to the 12 audio tracks, a synchronization pulse
from the ground truth system on start and stop is recorded
as a 13th track (“Sync”). To make calculations easier by
viewing the sound source as a point source, only one side
of the speaker is enabled (playing sound), and the head of
the reference microphone is placed directly in front of the
sound source. All microphones, except the one on the robot,
have two markers placed, as seen on the left side of Fig. 4.
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The sampling frequency of the microphones is 96 kHz and,
if required, the audio system can localize the speaker at the
same frequency. Microphones are placed asymmetrically on
the floor and on different heights to avoid microphones being
co-linear or co-planar, as this may cause degeneracies when
solving for positions. The sound level of every microphone
is checked individually and the speaker is tested.

IV. CALIBRATION AND SYNCHRONIZATION

In this section, we outline the calibration and synchro-
nization procedures of different systems, which are key
requirements for localization using each sensor and using
the sensors together. Calibrating a sensor is important to
ensure accurate and reliable measurements, while time syn-
chronization is crucial for multisensory applications to ensure
that data from different sensors are aligned in a common
temporal reference timeframe, enabling accurate correlation
and fusion of information. Moreover, the parameters obtained
by the sensor calibration are usually required as input to the
localization algorithms.

A. Intrinsic and Extrinsic Calibration of the Sensors

As an overview, the camera (and the built-in IMU) used for
the vision system is calibrated intrinsically and extrinsically
while the intrinsic calibrations of the sensors used for radio
and audio systems are not done by us. Thus, for the radio
system, traditional radio-based localization methods cannot
be used, since the corresponding amplitude and phase of the
antennas are not calibrated.

For the camera, two intrinsic calibrations are performed.
For the first calibration, we follow the calibration procedure
proposed by the manufacturer for the best performance.
The second calibration is done using the Kalibr calibration
tool [17]. With this calibration, the intrinsic and extrinsic
parameters of the camera are extracted. The intrinsic pa-
rameters obtained with this method include camera centers,
focal length, distortion parameters, and noise information for
the IMU. The relationship between different cameras (i.e.
two imagers and the RGB camera) and the transformation
matrix between the cameras and IMU are obtained and used
as extrinsic parameters of the camera.

Temperature changes can significantly affect the calibra-
tion of the sensors. The internal temperature change of the
devices was not recorded, but the room temperature has
been measured for some of the trajectories. The change in
temperature also affects the propagation factors of the air
and the speed of sound, which can have an impact on the
audio localization algorithms.

B. Time Synchronization

We take several steps to make sure that the timestamps
can be matched for each sensor (and the ground truth),
so that the collected data can be verified with the ground
truth data and used for sensor fusion. The block diagram of
different systems and the connections that enable the time
synchronization are given in Fig. 5. The time synchronization
relies on the Raspberry Pi and Qualisys Sync Unit. An

l clock 1
Ground Truth >| Raspberry Pi
PC start
[ Pc | JLgnal (NTP Server)
18 High Speed | | Qualisys clock
Cameras

Sync Unit{_-| J_start
signal

Custom circuit for converting
TTL signal to audio

clock v
. " PC
Sync’
""""""" FPGA
PC LuMaMi
Sound Card i
I
Microphones
1-11
Sound Robot

Fig. 5: The overview block diagram of the synchronization
system and the connections to different sensors.

Network Time Protocol (NTP) server is used to give the
correct timestamps to each system, even though there are
other circuits to sync the different systems in some cases.

The NTP server runs on the Raspberry Pi and used to syn-
chronize all computers regularly, except the computer used
for sound recordings. One of the Raspberry Pi Input/Output
pins, configured as input with interrupt function, is connected
to the Qualisys Sync Unit, in order to listen to the short
pulse (TTL signal) sent by the ground truth system when the
recording starts. This TTL signal is called the “start signal”
in Fig. 5 and is also sent to the sound system, connecting
all the systems together. A more detailed description of the
synchronization methods and the corresponding verification
process are as follows.

1) Vision: The NTP server on the Raspberry Pi is used to
update the clock in the laptop, which is used to record all
the vision data. The accuracy of the system is validated up
to 33 ms (the frame rate of the camera) with the help of an
LED connected to the circuit used for the radio system.

2) Radio: The UE and LuMaMi are synchronized using
a cable to avoid losing the signal between the receiver and
the transmitter. The radio data is recorded on the testbed,
thus its computer is connected to the NTP server to get the
correct timestamp. To validate the timestamps, the Raspberry
Pi is connected to an RF switch on the robot, which can turn
the transmission of the UE on and off. Afterwards, we plot
when the UE starts and stops transmissions and compare the
results to the timestamps obtained by the NTP server. The
timestamp mismatch results in a maximum ground truth error
0.5 mm, which is negligible.

3) Audio: Synchronization between microphones is done
by connecting all microphones to a single sound card. In or-
der to synchronize the common timestamp, a separate circuit
is built to convert the TTL signal from the synchronization
box to an audio signal which is passed to the sound card
as a separate channel, as described above. For the audio

82 Paper 1 © 2024 IEEE



system, the 13th “Sync” channel is the recording of the
pulse, which gets triggered when the mocap system starts
and stops recording. The synchronization is verified using a
clapperboard. The markers on the clapperboard are tracked
by the ground truth system and seen by the vision system.
When its two sections are clapped shut, it creates a distinctive
sound and simultaneously marks a visual cue.

V. CREATED TRAJECTORIES

There are 89 trajectories collected in this measurement
campaign that include all sensors. To meet all the re-
quirements of different systems, we divide the dataset into
two parts: the “grid” and “random” data. The “grid” data
consist of 75 trajectories while “random” data consist of 14
trajectories. All the trajectories are divided into small sub-
trajectories due to the limited amount of continuous data that
LuMaMi can store at a time due to the limited memory size.
Based on previous experiments, we calculate the maximum
amount of time that LuMaMi can capture data continuously
for up to 50s (which includes the time it takes to establish
the synchronization between all the systems). The system
setup is the same in all trajectories, and if longer trajectories
are required, the data can be used jointly instead.

There are additional trajectories provided with the dataset
that include data from one sensor at a time which can
aid in calibration, extracting more information, or verifying
the sensors separately. These include recordings with the
microphones where the speaker is hand-held and the rest of
the equipment is turned off, and recordings of the background
noise in the environment when all the equipment is running.
There are also recordings with the camera, where the camera
is hand-held to cover the whole 3D environment, and a
chessboard is recorded with different rotations and distances.

A. Grid Data

One of the main considerations in designing trajectories
is supporting dense sampling for radio-based localization
algorithms. Thus, the spatial sampling of the data should be
less than \/2 (half a wavelength) according to the Nyquist
theorem. For more details on this requirement, we refer the
reader to [18]. The wavelength of LuMaMi is calculated as
approximately 8 cm, and as a result, training data is created
such that it consists of measurements of the channel response
approximately every 4cm. In order to generate data that
satisfies this condition, we scan the target area in the studio
in 75 trajectories and call this part the “grid” data.

To achieve the given resolution, the robot starts in the
top-left corner of the effective area. With the help of ROS,
the robot is moved 4.2m in a straight line with a speed of
0.1ms~!. Fig. 6 shows the overall summary of the envi-
ronment and the planned trajectory for this part. However,
in the actual measurement campaign, a slight deviation from
the straight line is seen for each “grid” trajectory. As a result
of changes in the trajectories and the limited time available
in the Mocap Studio, the 4.2 x 2.5 m? area is covered with
75 parallel trajectories for the “grid” data. Throughout the
“grid” data, the speaker plays a chirp-based audio.

~0.05m

Fig. 6: Red lines depicting the movement of the robot for the
“grid” trajectories where the blue cross is the initial location.
Yellow numbered squares are the microphones.

Trajectory forming the letter L

L5 O

Random Manual Trajectory 3 Random Manual Trajectory 4 Random Manual Trajectory 5

T2 o

Fig. 7: Example “random” trajectories plotted by using the
data from the ground truth system tracking the camera object.
Blue lines show one trajectory at a time where yellow and
purple lines are used to indicate more than one trajectory.

Trajectory forming the letter U Gircle trajectories (2)

B. Random Data

We conducted a total of 14 measurements, which are
called “random” data, and some of the selected ones are
shown in Fig. 7. In this scenario, the robot orientation is not
always perpendicular to the antenna array (unlike the “grid”
data), while humans act as static or dynamic scatterers in
several trajectories. Dynamic environments pose significant
localization challenges, including uncertainty and increased
computational complexity, with numerous research works
addressing these issues [19], [20].

The two circular trajectories are specifically designed for
localization algorithms where loop closure is desirable. The
two diagonal trajectories are corner cases for audio-based
localization algorithms since they can cause some self-
calibration methods for the audio system to fail [21]. In
the manual trajectories, the robot is controlled by the built-
in user interface with the virtual joystick. Thus, the speed
of the robot is not constant, and the movements are more
unstable and faster compared to the speed and movement of
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Fig. 8: The localization result of the ground truth (GT),
vision, and radio based localization algorithms for Grid2
trajectory (single antenna is aligned to camera location).

the robot in “grid” data. The “random manual” trajectories
number 1, 2, and 6 include people moving around, whereas
numbers 3, 4, and 5 do not. For the trajectories with people
moving around in them, ground truth drops more frames
due to markers not being seen by enough cameras. All the
trajectories are in line-of-sight (LoS) from the point of view
of LuMaMi except for the “random manual” trajectories with
people walking around. In some cases in these trajectories,
the LoS between LuMaMi and the UE is obstructed by people
and/or cables. We expect that the dynamic environment in
these trajectories affects all localization methods, but these
trajectories are particularly hard for radio-based localization
algorithms due to the very dynamic environment.

VI. VALIDATION EXPERIMENTS

This section offers a brief overview of the validation
experiments done on the dataset to set a baseline for each
component. For a more comprehensive understanding, we
refer the interested reader to [22]. In order to evaluate the
dataset, we use RGB-D Oriented FAST and Rotated BRIEF
simultaneous localization and mapping (ORB-SLAM3) [23]
for the vision data, machine learning [18] for the massive
MIMO radio data, and Structure from Sound2 (SFS2) [24]
for the audio data, respectively. Here, we use the Grid2 tra-
jectory as an example. As shown in Fig. 8, the ORB-SLAM3
algorithm demonstrates a mean localization accuracy of
4.3 cm with a standard deviation (SD) of 2.2 cm for the Grid2
trajectory. The ground truth trajectory and the estimated
trajectory are aligned by using the automated tools provided
by [25]. The machine learning algorithm for the radio data is
trained on the oddly numbered “grid” trajectories. Evenly-
numbered “grid” trajectories are used to test the accuracy
of the machine learning algorithm, which results in a mean
error of 13 cm and SD of 12 cm. The SFS2 algorithm results
in more than 1 m localization error in the “grid” data where
a chirp-based audio is used. In trajectories with music-based
audio such as the Random Circle 2 trajectory, the current
implementation of the algorithm can achieve up to a mean
error of 9.6cm and SD of 3.1cm. Detailed evaluation and
discussion of these results are not in the scope of this paper
but can be found in [22].

VII. KNOWN LIMITATIONS AND REMARKS

The following limitations and remarks should be consid-
ered when using the dataset:

1) Due to the need for power supply and synchronization, a
bundle of cables is connected to the robot. For some of the
trajectories, the cables are hanging from the roof to avoid
complications in the scene due to the robot’s movement. For
the radio system, the cables become a part of the channel,
which might affect the accuracy of the localization algorithm.
For the vision system, the cables are seen by the camera in
some frames and create a dynamic environment. Moreover,
the movement of the robot is restricted by the cables that are
attached to it.

2) In the “grid” data, the robot is facing the same direction
of the studio due to the previous remark/limitation (cables).
This results in the same viewing direction for the camera and
the same direction between the antenna that is connected to
the UE and LuMaMi. For vision data, “random” data can be
used instead.

3) The room temperature increases significantly through-
out the measurements, due to the equipment in the studio.
After the change in temperature is noticed, the studio is
measured almost every hour for the second half of the “grid”
data. Unfortunately, no temperature data exist for the first
half of the “grid” data, where the studio got significantly
warmer in the evening. We believe that the temperature was
around 28°C. This is only important for the “grid” data,
and no significant temperature change was observed for the
“random” data.

VIII. CONCLUSION

Localization is an essential process for many different
tasks and devices such as UAVs, autonomous cars, and
service robots. Localization algorithms require high compu-
tational power, where low power and high efficiency are the
key to enabling these new technologies in battery-operated
devices. In this paper, we have described a novel, unique,
and comprehensive dataset that includes synchronized mul-
tisensory data (vision, radio, and audio sensors), collected
in a controlled environment, together with high precision
ground truth labels. This dataset, fused or separately, should
allow accurate localization of devices (within cm) in real
time. We make the dataset publicly available and give
detailed information regarding its creation, drawbacks, and
limitations. Overall, we hope that this dataset will contribute
to the creation of localization algorithms that maximize the
usage of the available data for low-power devices and also
provide an in-depth understanding and further development
of Al, machine learning, and 5G (and beyond) applications.
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Abstract— We present a unique comparative analysis,
and evaluation of vision, radio, and audio based localiza-
tion algorithms. We create the first baseline for the afore-
mentioned sensors using the recently published Lund Uni-
versity Vision, Radio, and Audio (LuViRA) dataset, where all
the sensors are synchronized and measured in the same
environment. Some of the challenges of using each spe-
cific sensor for indoor localization tasks are highlighted.
Each sensor is paired with a current state-of-the-art lo-
calization algorithm and evaluated for different aspects:
localization accuracy, reliability and sensitivity to envi-
ronment changes, calibration requirements, and potential
system complexity. Specifically, the evaluation covers the
ORB-SLAM3 algorithm for vision-based localization with
an RGB-D camera, a machine-learning algorithm for radio-
based localization with massive MIMO technology, and
the SFS2 algorithm for audio-based localization with dis-
tributed microphones. The results can serve as a guideline
and basis for further development of robust and high-
precision multi-sensory localization systems, e.g., through
sensor fusion, and context- and environment-aware adap-
tation.

Index Terms— Computer vision, indoor localization, mas-
sive multiple-input multiple-output (MIMO), multisensor
dataset, simultaneous localization and mapping (SLAM).

|. INTRODUCTION

HE need for accurate and reliable location information

is rising with the increasing number of applications
that require seamless localization, such as smart factories,
autonomous driving, and unmanned aerial vehicles (UAVs) [1].
Achieving seamless localization is a critical prerequisite for
ensuring the safety, efficiency, and reliability of operations
in many scenarios, especially in dynamic conditions such
as urban mobility, indoor navigation, and rapidly changing
environments. For outdoor scenarios, the real-time kinematic
enabled global navigation satellite system (GNSS-RTK) can
achieve cm-level accuracy under good conditions [2]. For

This work is funded by the Swedish Research Council and Ericsson
AB and partially supported by the Wallenberg Al, Autonomous Systems
and Software Program (WASP) funded by the Knut and Alice Wallenberg
Foundation. (Corresponding author: llayda Yaman.)

The authors are all with LTH, Lund University, SE-22100 Lund,
Sweden (Corresponding author email: ilayda.yaman@eit.Ith.se).

indoor scenarios, there exist many different systems using
various sensors and technologies for performing localization
tasks, including WiFi, Bluetooth, digital cameras, inertial
measurement units (IMU), and microphones. Different sensors
have their advantages and limitations and there is a need for an
in-depth investigation in this area. This investigation requires
vision, radio, and audio sensor data to be captured in the
same environment at the same time. However, there is very
limited work that evaluates these sensors jointly with a realistic
dataset, while using 5G technologies such as massive multiple-
input multiple-output (MIMO).

Our paper conducts a detailed evaluation of selected existing
vision, radio, and audio based localization algorithms and
compares their localization performances in a real indoor
scenario. To this end, our main contributions are as follows:

« Providing baseline results for the first publicly available

dataset that contains synchronized data from vision, ra-
dio, and audio sensors, and a ground truth system with
localization error less than 0.5 mm: the Lund University
Vision, Radio, and Audio (LuViRA) dataset [3]'.
Evaluating each sensor type for localizing the target
object based on the following aspects using state-of-the-
art localization algorithms: localization accuracy, relia-
bility and sensitivity to environment changes, calibration
requirements, and potential system complexity.
Analyzing the advantages and limitations of localization
algorithms based on aforementioned sensors coexisting
in the same environment for trajectories with static and
dynamic (people or objects moving around, sharp move-
ments) environments.
The LuViRA dataset contains massive MIMO channel data
captured using the 100-antenna Lund University massive
MIMO (LuMaMi) testbed [4], RGB-D image streams from an
Intel® RealSense depth camera D435i, and audio clips cap-
tured by 12 microphones distributed around the measurement
area. An overview of the measurement environment can be
seen in Fig. 1. We use the 89 trajectories provided in the
LuViRA dataset, which consists of 75 “grid” and 14 “random”
trajectories.

'https://github.com/ilaydayaman/LuViRA_Dataset
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Fig. 1. An overview of the measurement setup during the recording of
the Random circle1 trajectory.

The state-of-the-art algorithms chosen to evaluate the lo-
calization accuracy of each sensor are Oriented FAST and
Rotated BRIEF simultaneous localization and mapping (ORB-
SLAM3) [5], a high precision machine-learning (ML) al-
gorithm [6], and StructureFromSound2 (SFS2) [7]?. Based
on the difference between the estimated location from these
algorithms and the ground truth labels included in the dataset,
the localization accuracy is calculated in terms of the mean and
standard deviation (SD) of the localization errors. To assess
the robustness of the algorithms and sensors, the localization
accuracy is evaluated under different conditions, e.g., static
and dynamic environments. The sensitivity to calibration errors
of different sensors and algorithms is also discussed, from
the general aspects of required calibration to precision and
frequency requirements. To the best of our knowledge, this
is the first paper that evaluates and compares localization
algorithms based on vision, 5G radio, and audio sensors
in a realistic and synchronized measurement scenario.

Il. RELATED WORKS

Many academic works on indoor localization study vision,
radio, and audio sensors individually. For example, there
are many localization systems that use variations of visual
sensors such as monocular and stereo, or RGB-D cameras [5]
[8]. Moreover, the camera information is frequently fused
with other sensors such as IMU, and Light Detection and
Ranging (LiDAR), to combat the limitations of the vision-
based localization systems in dark, low-texture, and dynamic
environments [9]. Some works also use fully distributed multi-
robot SLAM systems to achieve robustness and accuracy [10].

On the other hand, the localization accuracy of traditional
radio-based localization algorithms, such as Bluetooth and Wi-
fi based fingerprinting, are highly dependent on the setup
and measurement environment. To combat this issue, some
works use sensors such as cameras and LiDAR jointly with
radio-based localization systems [11]. On the other hand, the
accuracy requirements are increasing with each generation,
and extremely high accuracy is expected to be fundamental

2https://github.com/kalleastrom/StructureFromSound2

for the sixth generation (6G) systems [12]. Thus, there are
many works that explore new enabling technologies, such as
distributed large antenna arrays and millimeter-wave transmis-
sions, to improve localization accuracy and robustness [13].
One enabler is massive MIMO antenna arrays, that provide
high spatial resolution to fulfill the requirements of accurate
localization [14] [15].

Even though audio-based localization is more of a niche
area compared to vision and radio based approaches, various
methods are available for localizing sound sources [16] [17].
Under-water localization, such as passive sonar, relies on audio
signals since it has good propagation properties where both
vision and radio are weak in performance [18]. In many cases,
the object to localize naturally has an audio signature, whereas
vision relies on a separate light source and radio requires active
transmission.

There are many indoor localization datasets based on vision
sensors [19], but very few public datasets include radio and
audio sensors. KU Leuven [14] and StuctureFromSound [20]
are examples of public datasets for radio and audio based
localization methods, respectively. Due to the unavailability
of public datasets that include vision, radio, and audio sen-
sors, there are very few works that use these sensors jointly
to improve the accuracy, reliability, and robustness of the
localization tasks [21] [22]. When there are discussions on
these sensors together, the sensors are discussed in different
scenarios [23]. We believe the number of works that fuse these
sensors will increase with the aid of a public dataset with
known baselines, and an extensive study on the advantages
and limitations of each sensor.

I1l. BACKGROUND

In this section, the localization algorithms selected for
different sensor systems are presented at a high level of
abstraction, to provide necessary background information.

A. Vision System

Most vision-based localization algorithms assume no prior
knowledge of the environment. Thus the problem of lo-
calization extends to simultaneous localization and mapping
(SLAM). Briefly, a classical Visual SLAM framework consists
of the following steps [24]:

1) Feature extraction detects and matches key points in
each frame.

2) Visual odometry (VO) creates an initial local map by es-
timating the movement, location, and orientation (pose)
of the camera from consecutive frames.

3) Loop closing detects if the camera goes back to a
previous location.

4) Filtering and optimization (i.e. bundle adjustment) create
a more accurate camera trajectory and an environment
map using estimates from VO and loop closing.

Popular algorithms that solve the SLAM problem include

ORB-SLAM3 [5], ROVIO [9], and RTAB-MAP [25]. ORB-
SLAM3 is a very well-established, open-source algorithm.
Oriented FAST and Rotated BRIEF (ORB) features are used
in the visual odometry and loop closing steps, resulting
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Fig. 2. The ORB-SLAMS algorithm [5] pipeline for the vision system.

in accurate, robust, and real-time localization and mapping,
even in dynamic environments. Moreover, ORB-SLAM3 is
designed to support different types of cameras depending
on the available hardware in the system. For example, if
there is only a single camera available, the monocular ORB-
SLAM3 algorithm is used for localization. The accuracy of
the monocular ORB-SLAM3 is however limited due to the
lack of depth information on the extracted features. Instead, if
there is a stereo or depth camera in the environment, a more
robust and accurate solution can be obtained by using stereo
or RGB-D ORB-SLAMS3 algorithms, which are used in this
paper for vision-based localization. A high-level diagram of
the pipeline using the LuViRA dataset is shown in Fig. 2. The
IMU data from the camera unit is not used.

B. Radio System

The accuracy and applicability of different radio-based
localization systems differ greatly from each other depending
on the system configuration, such as system bandwidth, num-
ber of antennas, or input features used. The following three
features are widely used:

« Received signal strength (RSS): The distance between
the transmitter and receiver can be estimated by using
a propagation path loss model. This model establishes
a link between the received signal strength and the
separation distance between the transmitter and receiver.

o Delay or time based: The most common time-based
methods use the time of arrival (TOA) and time difference
of arrival (TDOA), which generally require multiple syn-
chronized receivers. TOA calculates the distance between
the transmitter and the receiver by multiplying the signal
propagation time with the speed of light. TDOA computes
the arrival time differences at the receivers. The location
of the transmitter can be estimated from the intersections
of hyperboloids created by those time differences.

« Angle of Arrival (AOA): Arrival angles of the received
signals are calculated and used to estimate the loca-
tion of the transmitter by triangulation or multilateration
techniques using either multiple AOAs or a single AOA
together with the measured TOA.

Filter and optimize the camera
trajectory and the map

Create an initial local map

Extract Features using Visual Odometry

Time and angle based methods can achieve very high accuracy,
but they require the antennas to be calibrated, which can
be a challenging task in real-life deployments. ML-based
methods [6] [26] can relax the calibration requirement sig-
nificantly but may require a significant amount of training
data. E.g., [6] achieves centimeter-level accuracy with a 100-
antenna massive MIMO system, by fusing 2 fully connected
neural networks (FCNNs). Each FCNN has 8 hidden layers
and takes instantaneous spatial covariance matrix and channel
impulse responses as inputs, which provide information in
both angular and delay domains. Given the advantage of
not having to calibrate the antenna array and its relatively
low computational complexity, [6] is used for evaluating the
radio-based localization system. The ML algorithm pipeline is
shown in Fig. 3.

C. Audio System

Audio-based localization extracts distance information from
audio recordings. An example of an audio system setup in-
volves multiple stationary microphones recording sound from
a single moving source. Simultaneously locating both the
sound source and microphones is referred to as the structure
from sound (SFS) problem [27]. As in the radio case, the
location can be estimated in several ways, such as by using
strength, travel time, or the direction of arrival (using an array
of microphones) of the sound signal. Time-based features such
as TOA and TDOA, are widely used in solving the SFS
problem [16] [17].

The TDOA feature is the basis for the SFS2 algorithm,
which is an open-source localization algorithm that can es-
timate the sound source locations with or without prior
knowledge of the microphone locations. Accuracy can be
increased by the assumption that the sound source is tracked
continuously during smooth motion, which enables using
recent estimates as prior location information and temporal
smoothness constraints. The SFS2 algorithm consists of the
following steps [7]:

1) Read synchronized microphone recordings as input.

2) Extract initial TDOA estimates for each time instant and

each pair of microphones by using Generalized Cross
Correlation with Phase Transform (GCC-PHAT).
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Fig. 3. The ML-based algorithm [6] pipeline for the radio system. The fully connected neural network 1 (FCNN1) extracts angular information and
FCNN2 extracts delay information through the respective hidden layers (HL). “Position A” is an example location in the measurement area.

3) For each time instant, find and use the most suit-
able TDOA estimates to calculate an initial location
of the microphones and the sound source (using min-
imal solvers, multilateration, and RANSAC to arbitrate
among solutions).

Use the (initial) location of the microphones and TDOA
estimates in a robust multilateration method to calculate
a final estimate of the sound source location.

4

=

Since GCC-PHAT uses the correlation between microphones
to estimate TDOA between each pair, step 2 could be modified
to match towards a reference signal, e.g. a known chirp pattern.
Such use of prior knowledge is not a part of the current imple-
mentation [28]. If the microphone locations are known, step 3

is not required, and finding initial source locations is in step
4. Under certain conditions, e.g., uncorrelated Gaussian noise
stochasticity, the sound source location can be estimated with
a few centimeters accuracy [28]. Thus, the SFS2 algorithm is
selected as the benchmark method for audio data, using known
microphone locations and smoothing. Fig. 4 is an overview of
how the algorithm is used with the LuViRA dataset.

IV. LUVIRA DATASET

In this section, we describe the realistic measurement data
evaluated using the selected algorithms described in the pre-
vious section. The LuViRA dataset [3] includes sensor data
recorded by a camera, a massive MIMO antenna array, and
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Fig. 4. The SFS2 algorithm [7] pipeline for the audio system using RC2 trajectory.

TABLE |
RANDOM TRAJECTORY ABBREVIATIONS
Trajectory Name Alias
Trajectory Name | Alias Random manual peoplel | RMI
Random rectl RR1 Random manual people2 | RM2
Random rect2 RR2 Random manual3 RM3
Random circlel RC1 Random manual4 RM4
Random circle2 RC2 Random manual5 RM5
Random manual people6 | RM6

12 microphones. The camera, a sound source (speaker), and a
single-antenna radio transmitter are mounted to a robot so that
only a planar movement is involved. During the measurements,
a motion capture (mocap) system tracks these objects within
0.5 mm accuracy with the help of markers, placed on the target
objects. An overview of the measurement environment can be
seen in Fig. 1. The camera, speaker, and antenna are placed
at different locations on the robot, as shown in Fig. 1.

The dataset is divided into two parts based on the movement
pattern of the robot: “grid” and “random” data. The “grid”
data includes trajectories where the robot moves forward and
backward, facing the same direction, in a measurement area
of 4.2 x 2.5m?. Please note that the relatively small size of
the measured area is a limitation of this dataset, which might
affect the comparison of different methods.

There are 75 “grid” trajectories in total, approximately 5cm
apart. The speed of the robot is 0.1 m/s for these trajectories.
The “random” data includes circular, diagonal, and rectangular
trajectories, as well as arbitrary trajectories. Abbreviations
used for each trajectory are given in Table I. In RM1, RM2,
and RM6 trajectories, people and objects are moving around.
Next, the vision, radio, and audio systems used to capture the
dataset are briefly introduced.

1) Vision System: The Intel Realsense D435i depth camera
is used for obtaining RGB images (30fps) and depth maps
(15 fps) from the environment. The Grid110 and selected “ran-
dom” trajectories are used as input to RGB-D ORB-SLAM3
for evaluating localization accuracy. The selected trajectories
include the “Random manual” trajectories, where the robot
makes sharp movements and there are dynamic features in
the environment. Automated evaluation tools [29] are used
to calculate the absolute trajectory error. The evaluation tool
aligns the ground truth labels and the estimated trajectory by

solving for rigid transformation between trajectories. The field-
of-view and frame rate of the provided depth maps and RGB
images are aligned.

2) Radio System: The measurement setup includes a single
user equipment (UE) with one antenna and the LuMaMi
testbed with 100 antennas. Both the UE and the LuMaMi
testbed have 20 MHz bandwidth and 3.7 GHz center fre-
quency. In the LuViRA dataset, a cable is used to synchronize
the UE and LuMaMi testbed to avoid possible signal drops.
The “grid” data, which consists of 75 trajectories, is used
to train and test the ML-based algorithm since localization
estimates of the target object in the “random” trajectories are
outside the measurement area defined by the dataset. In the
reference paper of the selected radio-based ML algorithm [6],
both the training and testing data are randomly selected from
all “grid” trajectories, leading to training data that encom-
passes randomly chosen points from each trajectory. Instead,
we separate training and testing trajectories, so we can com-
pare the localization accuracy of each sensor on a completely
unused trajectory. To conduct a balanced comparison with
localization methods based on other sensors, odd numbered
trajectories (number 1, 3, 5, and so on) are used to train the
ML algorithm, whereas the accuracy of the algorithm is tested
on the evenly numbered trajectories (2, 4, etc.).

3) Audio System: The audio data include recordings from
12 microphones. One of these microphones is placed on the
robot to record the sound directly from the speaker. This
reference microphone is not used in the scope of this paper.
The post-processed recordings are single-channel WAV-files
and have a sample rate of 96kHz and 16-bit resolution. The
SFS2 algorithm is evaluated on the Grid110, RR1, and RR2
trajectories where the speaker plays a chirping sound and for
the rest of the “random” trajectories where the speaker plays
different music clips. In these recordings, there is an audible
fan noise from the LuMaMi testbed. The signal-to-noise ratio
(SNR) varies naturally as the sound source moves around, and
microphone proximity to LuMaMi, but the signal is always
audible. Considering that ground truth system calibration
might fluctuate between trajectories, the microphone locations
are assumed to be fixed for each trajectory separately.

V. RESULTS AND DISCUSSION

Table II summarises the results when applying the selected
localization algorithms to the realistic dataset. Some of the
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TABLE Il
LOCALIZATION RESULTS ON SELECTED TRAJECTORIES

Vision Radio Audio
Sensor camera antenna array | microphones
Localization ORB - ML [6] SES2 [7]
algorithm SLAM3 [5]
Estimation rate® 15Hz 100Hz 100Hz
Mean error, Grid110 6.5cm 14cm 127 cmP
SD error, Grid110 3.8cm 13cm 74 cmP
Mean error, RC1 5.7cm N/AC 15¢cm
SD error, RC1 3.4cm N/A® 17cm
Mean error, RM3 10cm N/A® 6.4cm
SD error, RM3 7.2cm N/AC 4.9cm

2How frequent location estimates are completed in this benchmark.
bTrajectories using chirp audio.
“See subsection V-B.

example trajectories can be seen in Fig. 5, 6, 7, 9 and 10. In
this section, different aspects of the results are discussed.

A. Localization accuracy

The accuracy of the localization algorithms is calculated
based on the mean and SD of the Euclidean distance between
the estimated locations and ground truth labels. The vision,
radio, and audio systems calculate 6D, 3D, and 3D locations,
respectively. Since the orientation is only available for the
vision sensor, it is ignored in the accuracy calculations and the
objects are located at a constant height over the floor, so the
produced 3D locations are projected on the 2D plane to allow
comparison between systems. Prior knowledge of the environ-
ment affects the localization accuracy of all the sensors. ORB-
SLAM3 assumes that the environment is previously unknown,
whereas the ML algorithm requires extensive training to learn
the radio features in the environment and the SFS2 algorithm
assumes the microphone locations to be known. Please note
that both ORB-SLAM3 and SFS2 are not fully deterministic
algorithms, and exploring the effect of the random seed and
its spread is out of the scope of this work.

The selected vision-based localization algorithm success-
fully localizes the target object in both the “grid” and “ran-
dom” trajectories. To illustrate the results, we choose the
Grid110 and the RCI trajectories and show the corresponding
results in Fig. 5. The localization accuracy of the ORB-
SLAM3 algorithm is given in Table IIT for 11 trajectories.

TABLE Ill
PART OF THE RESULTS OF THE VISION SYSTEM

Trajectory Name | Mean (cm) | SD (em) | Median (cm)
Grid110 5.6 2.5 54
RR1 9.4 4.0 8.6
RR2 6.1 2.5 5.7
RCl 5.7 3.4 4.6
RC2 5.5 3.7 4.4
RMI 29 12 24
RM2 56 30 50
RM3 10 7.2 8.2
RM4 12 6.4 10
RMS 14 52 13
RM6 50 24 51

Grid110 RC1
1
0
E
>
-1
-2 -1
0 05 1 15 05 0 05
x [m] x [m]

Fig. 5. Ground truth (black) and the result of the ORB-SLAM3 (blue) for
Grid110 and RC1.

The radio localization algorithm results in an overall mean
error of 13 cm and SD of 12 cm for the testing trajectories. The
mean and SD of the trajectory with the performance closest
to the overall mean error (medium estimated trajectory or
Grid110), are presented in Table II. Fig. 6 gives an overview
of all the testing trajectories and the estimation results of the
best, worst, and medium trajectories based on the localization
accuracy of the ML algorithm. The measurement area and
the location of LuMaMi’s antenna array are also given in red
dashed lines and the pink line, respectively, as a reference. As
seen from Table II, the estimated locations are not valid when
the model is trained using the “grid” trajectories and tested
using the “random” trajectories. One possible explanation of
these results is the sensitivity to dynamic environment, which
is discussed in the subsection V-B.

The best and worst performances are achieved for Grid126
and Grid172 trajectories with a mean of 5cm and 35cm
and SD of 4cm and 11 cm, respectively. In Fig. 6, the test
trajectory furthest away from the antenna array performs the
worst while the performance declines when the robot moves
away from the antenna array (in the y-direction) for the
medium estimated trajectory. This can be explained by the
increased distance from the base station and the number of
training samples available [30]. On the other hand, the local-
ization accuracy could be improved by adding an extended
Kalman filter (EKF), particle filters, or other methods that
apply tracking or smoothing [9] [31]. Such methods are used
in both ORB-SLAM3 and SFS2 algorithms to correct errors
based on the prior location of the tracked object.

A part of the results for the SFS2 algorithm is given
in Table IV. The median localization error values are also
presented in the table to illustrate the distribution of the
results. E.g., the RCI trajectory shown in Fig. 7, has 15cm,
17 cm mean and SD error, whereas the median is only 7.2 cm,
indicating the results are not normally distributed. As seen
in Table IV, trajectories with chirp-based audio signal results
in more than a meter localization error, while the music-
based trajectories, such as RM3, can achieve up to 6.4cm
mean localization accuracy. The differences between chirp
and music-based trajectories will be discussed in the next
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Fig. 6. Overview of the ground truth (gray stripes) and the result

of the ML algorithm for the testing trajectories with best (Grid126, in
the middle), worst (Grid172, left side), and medium (Grid110, right
side) localization accuracy. Their ground truth trajectories are shown in
black. The measurement area (dashed red lines) and the antenna array
(horizontal pink line) are illustrated too.

TABLE IV
PART OF THE RESULTS OF THE AUDIO SYSTEM

Trajectory Name | Mean (cm) | SD (cm) | Median (cm)
Grid110* 127 74 116
RRI# 152 73 130
RR2* 167 158 111
RC1 15 17 7.2
RC2 9.6 3.1 9.3
RM1 31 44 9.3
RM2 28 38 16
RM3 6.4 4.9 52
RM4 21 28 8.7
RM5 49 95 8.7
RM6 34 53 16
2Trajectories using chirp audio.
RC1 RM3
0
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Fig. 7. Ground truth (black) and the result (blue) of SFS2 algorithm

given known microphone locations for RC1 and RMS3 trajectories.

subsection.

B. Sensitivity to dynamic environment

Fig. 8. Conceptual illustration of the change in the propagation envi-
ronment (dashed, yellow) for different robot orientations in Grid122 (left
image) and RC1 trajectories (right image). The difference is highlighted
with orange color.

Changes in the propagation environment affect radio-based
localization algorithms in terms of reliability. As mentioned
above, the ML-based algorithm (in the current configuration)
results in invalid estimates for the “random” trajectories. The
main difference between the “grid” and the “random” data
of the LuViRA dataset is the orientation of the antenna due
to the movement of the robot. For example, the location of
the robot is always in between the UE and LuMaMi for the
“grid” trajectories while for the “random” trajectories, it can
be on the side, changing the multipath components in the
environment, which results in different radio channel responses
for a given location. This change is illustrated in Fig. 8. Hence,
we conclude that, when the “grid” data is used for training
the selected ML algorithm, localizing the target object in the
“random” data is very challenging due to the strong effect of
antenna rotation on the channel characteristics.

On the vision system side, having static objects with distinct
features in the environment is an important requirement for
achieving high accuracy with the ORB-SLAM3 algorithm. If
a room is empty and the walls are just white, the algorithm
cannot extract features (since there are none) from the given
frames and the accuracy of the algorithm drops significantly
[32]. Thus, the measurement environment is decorated using
posters, a chess board, etc, as seen in Fig. 1 and 2. Moreover,
if the camera is moving at a very high speed with many
rotations, the frame rate of the camera is not sufficient. E.g.,
the RM3, RM4, and RMS trajectories in Table III, have sharp
turns which result in a slight increase of the localization error
compared to other trajectories that are not labeled “manual”. In
contrast to the other sensors, increasing the frame rate to more
than 60 fps is challenging due to the associated bandwidth,
memory, and power requirements. The RM1, RM2, and RM6
trajectories also have non-static features which result in a
sharp decline in the accuracy. The results of all the “Random
manual” trajectories are shown in Fig. 9.

For the audio system, the direct path between the speakers
and the microphones is obstructed for RM1, RM2, and RM6,
which impacts the extraction of the TDOA features. Even
though this impact is expected to be minimal due to the
distribution of microphones, the results for these trajectories
are worse than the RM3, RM4, and RM5 trajectories. Another
explanation can be the other sound sources such as footsteps
and occasional speech in the audio recordings which only exist
in RM1, RM2, and RM6 trajectories. Moreover, RM6 has the
music fading and stopping ahead of time, which results in
detrimental signal loss, as can be seen in Fig. 10.
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Fig. 9. Ground truth (black) and the result of the ORB-SLAMS3 (blue) for the “Random manual” (RM) trajectories. The comparably worse tracking
of RM1, RM2, and RM6 are the trajectories with non-static features or dynamic environment where people are moving around.

RM6 1

RM6
0.5
e
\ > 0
S ~ -
\ =
A i:) »‘/j‘\ \ £05
* Est.x > -1
* Esty ‘
GTx -1.5
GTy
— End -2
-4
0 10 20 30 40 50 -2.5

Time [s] -15 -1 -05 0 05
x[m]
Fig. 10. The left image shows, over time, the estimated X (dark blue)
and Y (dark green) coordinates, and ground truth X (light blue) and Y
(light green). The vertical red line shows where the audio signal ends.
The right image shows the ground truth (black) and the result (blue).

N

[N

o

Coordinate [m]
N

©

C. Sensitivity to Signal-to-Noise Ratio

The accuracy of vision-based localization algorithms is
reduced drastically when there is little to no light (night or
darkness), interference with other strong light sources such as
the sun, or when the camera is blocked by other objects [33].
To simulate low-light conditions, where the thermal noise in
the camera has a greater effect on the image, a zero-mean,
Gaussian white noise is added to the RGB images obtained
by the camera. Further investigation on adding noise to the
depth maps is left as future work. These results are compared
to the radio system, where the same noise level is added
to both training and testing data with SNR of 10dB and
20 dB. The noise is applied before any processing is made,
including the alignment of images and training of the neural
network. The ORB-SLAM3 algorithm is highly affected by
the low SNR even when the noise is only added to the RGB
images. The radio-based localization algorithm is more robust
against low SNR resulting from added white Gaussian noise
compared to the vision system. One possible explanation for
the difference between these sensors is the redundancy in the
100-antenna matrix and 100-subcarrier channel state informa-
tion provided by the LuMaMi testbed. Another explanation
is how these algorithms process the given inputs. The ORB-
SLAM3 algorithm processes its inputs (frames) as a whole
and extracts information (such as ORB features) while the
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ML-based algorithm learns possible changes in SNR and uses
the strength and phase of the radio signal directly.

In many realistic audio-based localization systems, sound
sources such as speech, do not transmit continuous signals
and may have a limited frequency range. The SFS2 algorithm
does not use prior knowledge about the sound signal, instead,
the correlation between the microphone pairs is used as a way
to separate signal from noise. This works better for wideband
signals, such as music, than narrowband signals where a larger
share of the spectrum can be dominated by correlated or
uncorrelated noise.

TABLE V
RESULTS OF ADDING GAUSSIAN NOISE TO VISION AND RADIO
SENSORS FOR GRID110 TRAJECTORY

Sensor | SNR (dB) | Mean (cm) | SD (cm)
N/A® 6.5 3.8
Vision 10 89 43
20 22 10
N/A® 14 13
Radio 10 15 14
20 4 13

2Baseline (no added noise)

Table IV shows that the selected audio system fails for
chirp-based trajectories. Fig. 11 shows an example of extracted
TDOA estimates for Grid110, with a ground truth overlay. The
periodic clusters at zero TDOA may correspond to the silent
time periods, but there is no pattern along the ground truth
labels. Since the algorithm has no access to the ground truth,
it randomly bases most estimates on the noise. This can be
compared to a successful localization example, such as Fig. 4
where step 2 extracts well-estimated TDOA features. From
the spectrogram analysis of the chirp audio given in Fig. 11,
the signal is estimated to be a sine wave rising from 400 Hz
to 1400 Hz during 200 ms. It repeats twice per second, which
leaves 60 % of the time, silent where the audio system relies
on interpolation. In a reverberant room, the challenge is even
greater, as echoes may be interpreted as signals and result
in misleading estimates. The Fig. 8 illustration of multi-path
arrival also in this case. The many reflection surfaces around
the speaker result in an ever-present source of correlated noise.
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Fig. 11. The leftimage shows the power spectrogram of the signal from

microphone 1. The right image displays the estimated TDOA (blue dots)
and the expected TDOA based on the ground truth (red area).

D. Calibration requirements

Each of the discussed sensors requires different intrinsic
and extrinsic calibration and time synchronization of different
components in the system. Cameras used in the ORB-SLAM3
algorithm need to be calibrated once before the camera starts
recording. This calibration configures the intrinsic parameters,
such as focal length and distortion of the lens, which are
required in the selected algorithm.

The LuMaMi testbed performs the reciprocity calibration
automatically. However, the characterization of the antenna
array elements is unknown, which is not an obstacle for
ML-based algorithms as long as coherency is maintained.
Moreover, a cable is used to synchronize the UE and LuMaMi
testbed, which is usually not feasible in real-life scenarios.

For the audio system, the synchronization between micro-
phones needs to be very accurate, thus they are connected to
a single sound card via cables. In some cases, the smoothing
forces the estimates to stray toward an outlier that is perceived
as confident. There is a bias around (—0.5, —0.5) which might
be related to the position of the fans. Trajectories that pass near
this point might achieve better accuracy, partly because these
outliers happen to result in a low error and partly because the
smoothing can correct some of them.

The changes in humidity and temperature of the room might
affect all the sensors differently. Two works examining the
effect of temperature change on cameras are presented in [34]
[35]. The temperature impacts the circuitry inside the radio
system. According to our analysis, the temperature change
given in the LuViRA dataset does not have a quantitative
impact on the vision and radio systems. On the other hand,
the SFS2 algorithm calculates the distance using the speed
of sound, which varies with temperature. According to the
description of the LuViRA dataset, the temperature changed
from 22°C to 28 °C which corresponds to a 3.6 m/s change
in the speed of sound. For reference, the speed of sound at
the initial room temperature is 344 m/s. Thus, a 1% error in
the speed of sound will have a below-centimeter impact in the
given measurement area of 4.2 x 2.5 m?.

The processed ground truth follows virtual points based on
the markers. In reality, these points may have an offset against
the target objects, e.g. the speaker. For the audio system, Fig. 7
may indicate that the ground truth labels are further away
than the estimated trajectory. However, no bias is confirmed,

given the large SD. A similar bias could affect the other sensor
estimates (e.g. Fig. 5), although with an unrelated bias since
they track different points. These systems may compensate for
such bias. The radio system is trained to predict the ground
truth (including any consistent bias) and the vision system
gives relative locations that are aligned to the ground truth.
The audio system estimates absolute locations (relative to the
microphones) without any reference to ground truth labels.

VI. CONCLUSION & FURTHER WORK

In this paper, we evaluated vision, radio, and audio based
localization methods, using state-of-the-art algorithms for each
sensor type and the LuViRA dataset. Aspects including lo-
calization accuracy, reliability, calibration requirements, and
potential system complexity are discussed to analyze the
advantages and limitations of using different sensors for indoor
localization tasks. To sum up, each sensor has its advantages
and limitations. It is challenging to find a sensor that is suitable
for all situations. The vision-based localization algorithm can
localize all the trajectories in the LuViRA dataset while the
audio system has lower accuracy in trajectories with a chirp
signal as the sound source and the radio-based localization
algorithm cannot localize the “random” trajectories. However,
when objects or people are moving around, the audio-based
localization algorithm reaches higher accuracy and may be
the most robust (as long as there is no additional sound in the
environment from the movement). The current implementation
of the radio-based localization algorithm cannot successfully
localize the “random” data in the dataset but, it is more robust
against low SNR conditions.

To leverage the strengths of each medium and overcome
the weaknesses, a fusing strategy that jointly processes the
information and increases algorithm robustness should also be
developed. One of the challenges to tackle in such a scenario is
to determine how to combine the data from different sensors.
In LuViRA dataset, the vision data is captured from the
onboard computer on the robot, whereas radio and audio
signals are captured using an external MIMO antenna and
microphone array. This could trigger an research problem
regarding where the processing should take place, especially
considering the processing capabilities of different platforms.
One idea would be to conduct thorough power analyses of
each localization algorithm and devise a strategy to offload
or replace the most power-intensive components from the
onboard computer.
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Abstract—High-precision cellular-based localization is one of
the key technologies for next-generation communication sys-
tems. In this paper, we investigate the potential of applying
machine learning (ML) to a massive multiple-input multiple-
output (MIMO) system to enhance localization accuracy. We
analyze a new ML-based localization pipeline that has two par-
allel fully connected neural networks (FCNN). The first FCNN
takes the instantaneous spatial covariance matrix to capture
angular information, while the second FCNN takes the channel
impulse responses to capture delay information. We fuse the
estimated coordinates of these two FCNNs for further accuracy
improvement. To test the localization algorithm, we performed
an indoor ement gn with a massive MIMO testbed
at 3.7GHz. In the measured scenario, the proposed pipeline
can achieve centimeter-level accuracy by combining delay and
angular information.

Index Terms—massive MIMO, machine learning, radio-based
localization, measurement, pre-processing

I. INTRODUCTION

Cellular-based localization opens the door for numerous
location-aware applications such as navigation, autonomous
driving, robot mapping, intelligent transportation [1]-[5], etc.
Since cellular-based localization has a crucial function in
those applications, efforts have been made by standardization
organizations, such as the third generation partnership project
(3GPP) to further investigate this technology. Motivated by
the growing demand for high-quality localization services,
cellular-based localization technology has rapidly evolved in
the last ten years. In the current 3GPP specification (Release
17 and 18), cellular-based localization is one of the funda-
mental features of the new radio standard.

Traditional cellular-based localization methods include
time-of-arrival (ToA), time-of-flight (ToF), time-difference-
of-arrival (TDoA), angle-of-arrival (AoA) based methods [6].
These methods estimate the user equipment (UE) coordinates
directly based on relevant propagation channel characteristics.
To further enhance localization precision, advanced radio
technologies such as ultra-wideband (UWB) [7] or massive

This work has been supported by Ericsson AB, Horizon Europe Frame-
work Programme under the Marie Sklodowska-Curie grant agreement
No.,101059091, the Swedish Research Council (Grant No. 2022-04691), and
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Special thanks to Henrik Garde, Alexander Diirr, Steffen Malkowsky, Sara
Willhammar and Sirvan Abdollah Poor, Nikhil Challa, and Ove Edfors for
their assistance throughout the measurements.
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multiple-input multiple-output (MIMO) [8]-[10] have been
considered. A UWB system can inherently capture the prop-
agation channels with high delay resolution. Similarly, by
scaling up the number of antennas at the base station (BS)
side, one can achieve a higher angular resolution and thus
better AoA estimation quality. Therefore, massive MIMO
enables excellent localization accuracy, even though avail-
able bandwidth is limited [8]. Despite the good positioning
accuracy delivered by traditional localization algorithms, it
is still challenging to use those advanced signal processing
techniques because of the computational complexity of the
algorithms [6]. In addition, AoA estimation algorithms usually
require array calibration. Since radio-based localization is in
itself a regression task (from channel state information to UE
positions), data-driven algorithms such as machine learning
(ML) can also be utilized [11]-[19]. The performance of
ML-based localization tasks hinges to large extent on two
factors: selecting appropriate channel fingerprints as training
data and choosing suitable learning algorithms. Training data
can be either the raw transfer function itself [11], [12], or
other channel fingerprints such as received signal strength,
power delay profile (PDP), angle-delay spectrum, etc, [13]-
[17]. Several ML-based localization algorithms can be found
in literature, which are categorized into the Kernel family
[14], the neural network family [11]-[13], [15]-[18] and the
Bayesian family [19].

Applying ML to massive MIMO systems for localization
purposes is a promising yet immature research topic since it
is challenging to process the rich spatial channel information
captured by a massive antenna array. Early research work [15]
proposed an approach by first extracting the delay-angle spec-
trum as a channel fingerprint and feeding this fingerprint to a
convolutional neural network (CNN). This work was validated
by simulation. The work in [18] proposed an auto-encoder-
based calibration algorithm to first calibrate the antenna array
before estimating the AoA. Measurement results show that
this approach requires fewer training samples.

In this paper, we analyze a new ML-based localization
algorithm for massive MIMO systems and we evaluate our
algorithm using real measurement data. The first step of the al-
gorithm is to extract both the instantaneous spatial covariance
matrix and channel impulse responses (CIRs) of all antennas
as fingerprints. These fingerprints contain channel information
in both the angle and the delay domains. Calibration of
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all RF chains is not necessary for the generation of those
fingerprints. We then feed the fingerprints to two separate
processing branches consisting of fully connected neural
networks (FCNN), to estimate independent UE coordinates.
The measurements indicate that those two processing branches
deliver similar localization performance and their positioning
errors have a weak correlation, given that we have enough
training samples. Therefore, we can achieve an accuracy gain
by averaging those two coordinates compared to only using
the raw transfer function itself. In addition, the measurement
results illustrate that pre-processing is crucial to improve
localization accuracy.

II. SYSTEM MODEL AND PROBLEM FORMULATION

We consider a single-input multiple-output (SIMO) orthog-
onal frequency-division multiplexing (OFDM) system, where
signals are transmitted by a single-antenna UE to an M-
antenna BS. At the BS side, each antenna is connected to
an individual radio frequency (RF) chain so that the signals
from antenna can be processed coherently. Furthermore, we
consider an indoor scenario where the UE moves at a normal
walking speed, and the 2-D coordinates of UE at position
p: € R? are denoted as p;(z;,y;). We can then write the
received channel transfer function matrix Y, € CM*¥ with
respect to all subcarriers at position p; as,

Y, =H, ©T+N, (1)
where the propagation channel between UE and BS at position
p; is denoted as H,, € CM*N. T e CM*¥ collects
all coefficients which contain amplitudes and phase drifts
with respect to all M RF chains and N sub-carriers, while
N € CM*N fjllustrates an additive noise matrix. In addition,
©® represents the Hadamard product. While the UE moves,
we capture in total 7 different channel snapshots. Thus, 7
different channel matrices Y, and their corresponding UE
coordinates p;(z;,y;) are recorded. Our target is to establish
a functional relationship between Y, and coordinates p;.

III. PROPOSED LOCALIZATION METHOD

First, we calculate instantaneous spatial covariance matrices
as well as truncated CIRs as two separate fingerprints to
reflect angular properties and delay properties, respectively.
We then train two neural networks, which learn functional
relationships between those two extracted fingerprints and
their corresponding 2-D UE coordinates. As a final step, the
two estimated UE coordinates are averaged to obtain the final
estimated UE positions.

A. Generate Fingerprint

The performance of ML-based localization algorithms can
be significantly enhanced if adequate channel fingerprints
are extracted from the raw received channel matrices (1).
In accordance with (1), it is a non-trivial task to directly
attain calibrated fingerprints such as angle spectrum because
of the influence of I'. Considering this, we first compute the
instantaneous spatial correlation matrices Cyp,, € CM*M by
correlating across all subcarriers as

Cyp, =Y, Y ?)
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Note that Cy;,, is a Hermitian matrix according to its defini-
tion. Therefore, the information embedded in the upper minor
diagonal elements is identical to the information of the lower
minor diagonal elements. To reduce algorithm complexity, we
define a matrix Cyp € RM*M and a vector Cy,p, € RM

as

Cyp, = lril{R[Cy,p, ]| }+sluil {S[Cy,p,] }

. 3

Cyp, = VCC{Cy’pl}, @
where R{.} and 3{.} represent real and imaginary parts of
a matrix. In addition, ltril{.} denotes a matrix operation that
replaces all the values above the diagonal as zero and keeps
the rest elements, while sltril{.} maintains all elements below
the diagonal and replaces all other elements (including the
diagonal) as zero, and the vec{.} operation vectorizes a matrix
as a vector.

Channel information in the delay domain is not presented
in Cy,,, while this information is still useful for enhancing
positioning accuracy. Therefore, we generate a CIR matrix
D € CM*E by performing inverse discrete Fourier transform
along each row of Y, and then selecting the first L delay
bins. We then define a vector d € R?MZ that contains all ele-
ments of D. Specifically, d = [vec{R(D)}?, vec{I(D)}7]".
Both vectors d and €y, are utilized by our proposed ML-
based localization pipeline to estimate UE positions.

B. Proposed processing pipeline

We use a supervised learning pipeline based on pure FCNN
for indoor localization. The framework of our pipeline is
illustrated in Fig. 1.

s' Process Chain 1
'
'

CY,p1 : FCNN 1

Fig. 1: Proposed localization pipeline.

The pipeline has two separate sub-chains and each chain
individually learns the functional relationship between its own
input channel fingerprint and UE coordinates. During the
training phase, the upper chain takes fingerprint Cy,,, as input
and generates p; € R? as the estimated UE coordinates. In
addition, the lower processing chain utilizes fingerprint d and
generates instead p? € R? as estimated UE coordinates. We
define f;(.) and f3(.) as the functions to represent the upper
and lower FCNN-based processing chain, respectively, while
their individual hyperparameters are contained in vectors
0, and 6,. In addition, all available training datasets are
represented by © while the UE groundtruth label is denoted
as a 2-D vector p;. Based on this information, we can express
two loss functions W; and W,, which measure the mean
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(a) BS LuMaMi

(b) Measurement Scenario

(c) UE on the robot

Fig. 2: Components in the indoor measurement campaign.

square errors (MSE) between the predicted labels p}, p? and
groundtruth p;, as

\Ill = Zéy_pieﬂ ||f1 (éY‘Pivel) — Pi H%‘v (4)
Uy = Yaeqllfa(d, 02) —pill%, (5)

where ||.||z denotes the Frobenius norm of a vector, which
is used to measure the Euclidean distance between estimated
positions and groundtruth labels. The hyperparameter vectors
6, and 6 are adjusted through a backpropagation procedure
to minimize ¥; and W, during the training phase. Due to
page limitations, we refrain from showing the full-length
mathematical derivations, however, readers can find relevant
materials in [20]. Next, we fuse two individual estimates f)l1
and p?. Considering the algorithm complexity, we combine
P} and p?by taking their average as the final estimated UE
coordinate P;, i.e, Pp; = (P; + P?)/2. We show through the
measurement results that an apparent localization accuracy
enhancement can readily be achieved by this combination.

IV. MASSIVE MIMO MEASUREMENT CAMPAIGN

To verify the localization pipeline, an indoor measurement
campaign was conducted inside Lund University Humanities
Lab’s motion capture (MoCap) studio. During this measure-
ment campaign, the Lund University massive MIMO testbed
(LuMaMi) [21] acted as a BS while a robot carried the
UE equipped with a dipole antenna. While the robot was
moving, the 3-D coordinates of the UE antenna were tracked
by the MoCap system continually with millimeter accuracy.
The environment in MoCap studio, LuMaMIi, and the robot are
shown in Fig. 2. We briefly introduce the measurement devices
and scenarios, for a detailed description of the measurement
campaign please see [22].

A. Measurement devices

During our measurement campaign, the UE moved along
a pre-defined trajectory and the BS was equipped with 100
individual RF chains. To extract more information from the
azimuth compared to the elevation domain, the upper 4 x 25
antenna elements are selected and each antenna is connected
to an individual RF chain. Those antenna elements were
separated by approximately half wavelength (4 cm) in both the
vertical and horizontal directions. Antenna indexes are labeled
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as follows: antennas on the first row are labeled in turn from
1 to 25 (from left to right), the second row from 26 to 50, the
third row from 51 to 75 and the last row from 76 to 100. Both
UE and BS operated at a carrier frequency of 3.7 GHz and
occupied 20 MHz bandwidth. An OFDM tranmission scheme
was used, and N = 100 sub-carriers were allocated for uplink
pilots. The UE transmitted pilot signals every 10 ms, which
were then received by the BS to estimate the channel transfer
function in (1). While the UE was moving, the coordinates
of the UE antenna were continually computed by the MoCap
system, which consisted of 18 networked high-speed infrared
(IR) cameras. The MoCap system updated the coordinates of
the interesting object (UE antenna) at a frame rate of 100 Hz,
which was the same as the channel snapshot rate.

>
~0.05m

Fig. 3: Measurement arrangement in the MoCap studio and the
selected point A (0.216, -1.335) in the effective area which is by
4.2m x 2.5m. The red dotted arrow shows the trajectory of the UE.

B. Measurement scenarios and Procedures

The measurement route consisted of 75 parallel UE tra-
jectories, as illustrated in Fig. 3, which resulted in 75 in-
dividual channel measurements. For the i-th trajectory, 7;
channel snapshots were recorded. We denote a complex tensor
A; € CTixMxN 4 store those channel snapshots. The whole
measurement campaign collects 7 = >~ 7; = 302500 chan-
nel snapshots. We define a complex tensor A" € CT*M*N
that combines all .A4;, which represents the overall dataset.

In the beginning of the measurement campaign, the robot
was placed at the border of our measurement area. After fin-
ishing each trajectory, the robot was moved around 5 cm along
the y-direction, while its orientation remained unchanged.
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Fig. 4: Power delay profile and power of the transfer function at
position A.

During each measurement, the robot moved straigh in the x-
direction, with a speed of 0.1 m/s. The same measurement
procedure was repeated 75 times so that the whole measure-
ment area was densely scanned with a resolution of around 5
cm in the y-direction and 1 mm in the x-direction. Throughout
all measurements, all objects (except the robot) inside the
room remained static and humans were not present in the
direct vicinity.

V. RESULTS AND DISCUSSIONS

A. Measured channel response

To visualize the measured indoor massive MIMO channel
characteristics, one UE position is selected and labeled in
Fig. 3 as position A. We illustrate some key channel char-
acteristics at this position, such as the PDP and the power
over the different subcarriers for all antennas in Fig. 4. This
figure shows typical indoor channel characteristics since the
majority of power in the delay domain is concentrated in
the first few delay bins. The same characteristics are also
inherent in the transfer functions, with much higher variations
of signal power among different antennas while the power
among different subcarriers at every single antenna varies
more smoothly and slowly. In this propagation environment,
it is expected to have a higher frequency correlation compared
to spatial correlation.

To display the change of channel response when the UE
is moving, we select the first antenna and plot channel
transfer functions with respect to all subcarriers along one
robot moving trajectory in Fig. 5. As seen from the phase
and amplitude, the UE remains static during the first and
last second. We can also observe that received signal power
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Fig. 5: Amplitude and phase of the transfer function at the first
antenna along the UE trajectory.

increases, which indicates that the UE approaches the BS.
In addition, we investigate the channel spatial correlation
for different UE positions. We denote the received channel
transfer function at position p, as H, € CY*N and we
define a vector h,, € CMYN by vectorizing H,,,. Suppose
that we consider in total 77 positions, the spatial correlation
coefficient p(Ay), is estimated as

h h
p(Ag) = ;,Z{

_ Pa p1~+Ad }7 (6)
[Ihp, |51y, .o, 17
where A, represents the separation distances of two UE
positions. We select the first UE trajectory and plot the
absolute value of p(Ag) with respect to Ay from 0 to 2\
according to (6) in Fig. 6, where A represents the wavelength.
As illustrated in Fig. 6, the spatial correlation is still strong
if Ag < %)\. However, a significantly weaker correlation is
expected for larger separations.
B. Preprocessing and Network Parameter setting

After collecting the measurement results as tensor A’, the
entire tensor is normalized by multiplying a scaling factor

&M‘f\; so that the average power of each element of

the new tensor A € CT*MXN — o A’ equals 1. As a next
step, the total 7 samples are divided into a training set with X’
training samples and a testing set with 7 — X’ testing samples.

To compare our proposed method with the baseline, in
total three networks are trained, corresponding to 3 different
training inputs, namely, (1) the transfer functions Y, itself
(baseline), (2) the covariance matrix for the whole array, (3)
the channel impulse response at first L = 10 delay bins. We
illustrated the structures of those three FCNNs in Table I.

a =
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TABLE I: Parameter settings of the proposed neural network.

Cumulative Probability

0.8

o
ES

0.4+

0.2+

Covariance Matrix: (2%)
—4— Raw Transfer Function (2%)
—e— Truncated CIRs (2%)
—— Combine (2%)

Network 1 Network 2 Network 3
Input layer 2MN x MN M? x M? 2MLXxML
Hidden layer 1  MN x MN/2 M? x M?/2 ML x ML
Hidden layer 2 MN/2x MN/4 M?/2xM?/4 ML x ML
Hidden layer 3 MN/4x MN/4 M?/4xM?/4 ML x 512
Hidden layer 4 MN/4 x 1024  M?/4 x 1024 512 x 512
Hidden layer 5 1024 x 512 1024 x 512 512 x 256
Hidden layer 6 512 x 128 512 x 128 256 x 128
Hidden layer 7 128 x 32 128 x 32 128 x 32
Hidden layer 8 32 x 4 32 x4 32 x4
Output Layer 4x2 4x2 4x2
Network Size 1.01 GB 349 MB 440 MB
Batch Size 64 64 64
Epoch 200 200 200
Complexity O(M2N?) o) o(M?L?)

For all those three FCNNs, Leaky Relu is chosen as a non-
linear activation function so that the gradient vanish problem
[23] can be avoided. We initially set learning rates for all 3
networks as 0.0001 and they are reduced 20% every 10 epoch.
As shown in Table I, compared to Network 1, 65% and 55%
less storage resources are required by Network 2 and Network
3, respectively. We also investigate the algorithm complexities
of those three networks. Compared to the baseline, a reduction
of time complexity can be achieved by either using the covari-
ance matrix or the truncated CIR, because L < N and most
of the commercial systems fulfill M/ < N. Furthermore, if we
input both the covariance matrix and the truncated CIR, the
time complexity is O(M*+M?L?) = O(M? max(M?, L?)),
which is still better than feeding the raw transfer function as
the input.
C. Localization Result

We finally compare localization results of four localization
methods, including i) training on the instantaneous covariance
matrix, i) training on the truncated CIRs, iii) training on the
raw transfer functions, iv) average combining the estimated
outputs of i) and ii). Fig. 7 illustrates the localization per-
formances of the four methods when 10% and 20% of all
available channel data are selected for training and the rest
samples are used for testing and evaluation purposes. The
average distance between two adjacent training samples is
smaller than é/\, i.e., the propagation channel is sufficiently
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Fig. 8: Positioning error cumulative distribution function with 2%
training data.

sampled. As shown in Fig. 7, although the truncated CIR and
the raw transfer function contain the same channel informa-
tion, localization performance can be improved by feeding
truncated CIR into the ML pipeline. We postulate that it is
because feeding truncated CIR into the pipeline can reduce
the size of the network, which expedites the training process.
Meanwhile, the signal-to-noise ratio (SNR) can be increased
by truncating the tail part of CIRs, since this part contains
only noise and no useful channel information. It can also
be observed that the performance of using the instantaneous
covariance matrix is better than that of the raw transfer
function or truncated CIR, even though the delay information
has been removed by averaging over all sub-carriers. The
possible reasons are i) the channels are LoS-dominant and
the bandwidth is too small to resolve multipath components
(MPCs), and ii) the pre-processing helps the network to better
exploit the angle information for localizing the UE. iii) The
network size is also decreased, which facilitates the training
process. Moreover, it can be seen that the combining strategy
has the best performance. This is because both delay and
angle information have been utilized for training, also with the
decreased network size and the increased SNR. This shows
that delay information is useful for positioning, even though
the bandwidth is limited. We believe that localization accuracy

107



will be further enhanced in a rich-MPC scenario for a system
with a larger bandwidth.

To explain the accuracy improvement from another per-
spective, we measure the correlation coefficient p between
the positioning errors of localization methods i) and ii) as
p = %, where e; and e, denote the Euclidean
distances between P}, p? and the groundtruth p;, respec-
tively. The covariance between e; and ey is represented
as cov(ep,ez) while var(e;) represents the variance of e;.
Measurement results show that when 20% of data is used
for training, p ~ 0.23; when 10% of data is used, p ~ 0.32.
Owing to the weak correlation between e; and ez, localization
accuracy can be further improved by averaging pl and p2.
As shown in Fig. 8, if only 2% of channel samples are used
for training, the localization accuracy of the four methods
has the same ranking order as in Fig. 7. However, their
performances decreased significantly. We conjecture that this
training density (2%) is insufficient to represent the overall
propagation channel properties since the average distance be-
tween adjacent training samples is larger than %)\, see Fig. 6.
The degraded positioning accuracy can also be explained from
the viewpoint of the sampling theorem, since lower-than-
Nyquist sampling, i.e. too large distances between training
samples, results in spectrum aliasing. Based on the above
observations, we conclude that both data pre-processing and
density of training samples play a major role in ML-based
localization tasks.

VI. CONCLUSIONS

In this paper, we investigate the potential of ML for indoor
localization with a massive MIMO system. We show through a
measurement campaign that pre-processing plays an important
role in enhancing the ML-based localization performance. We
found that in our case the two parallel networks, using instan-
taneous covariance matrices and truncated impulse responses
as input, respectively, give two uncorrelated position estimates
with similar variance, which means that they can be averaged
to achieve better localization accuracy. By our approach,
centimeter-level accuracy can be achieved assuming we have
enough training data and sufficient channel information. To
achieve this accuracy, it is not required to calibrate the whole
array. If only 2% of samples are used, median positioning
accuracy is still comparable to a wavelength. In addition, it
should be noted that the channel remained static and people
were not present in this measurement campaign. In future
works, we will investigate the influence of people and other
dynamic scatters on localization accuracy, as well as other
fingerprints not being so sensitive to sampling density of the
training data.
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Abstract—Radio-based localization in dynamic environments,
such as urban and vehicular settings, requires systems that
efficiently adapt to varying signal conditions and environmental
changes. Factors like multipath interference and obstructions
introduce different levels of complexity that affect the accuracy
of the localization. Although generalized models offer broad
applicability, they often struggle to capture the nuances of
specific environments, leading to suboptimal performance in
real-world deployments. In contrast, specialized models can
be tailored to particular conditions, enabling more precise
localization by effectively handling domain-specific variations,
which also results in reduced execution time and smaller model
size. However, deploying multiple specialized models requires an
efficient mechanism to select the most appropriate one for a
given scenario. In this work, we develop an adaptive localization
framework that combines shallow attention-based models with a
router/switching mechanism based on a single-layer perceptron.
This enables seamless transitions between specialized localization
models optimized for different conditions, balancing accuracy
and computational complexity. We design three low-complex
models tailored for distinct scenarios, and a router that dynam-
ically selects the most suitable model based on real-time input
characteristics. The proposed framework is validated using real-
world vehicle localization data collected from a massive MIMO
base station and compared to more general models.

Index Terms—Vehicle localization, radio-based localization,
adaptive models, attention-based models

I. INTRODUCTION

Reliable and accurate location information with low latency
is essential to ensure efficient and reliable workflows in
various tasks, including vehicle navigation, intelligent traffic
management, and autonomous driving. Localization in urban
environments presents significant challenges due to multipath
propagation, signal blockages, and dynamic environmental
conditions. Traditional Global Navigation Satellite System
(GNSS)-based positioning often suffers from poor accuracy
in dense urban areas, where buildings and other structures
obstruct satellite signals. A robust and continuously available
localization solution is needed that works seamlessly across
different environments and platforms [1]-[3]. For example,
in [4], the authors implement random forest and gradient
boosting algorithms to effectively use multipath information
to improve outdoor location. When tested on real-world data,
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machine learning (ML) models achieve a mean localization
error of approximately 100 m in an area of 580,000 m2.

A key challenge in radio-based localization is designing
computationally efficient models capable of adapting to dy-
namic signal conditions. Several works in the literature have
addressed this issue [5]-[7]. A widely adopted approach is
fingerprinting, where channel state information or channel im-
pulse response (CIR) measurements serve as unique signatures
of specific locations within an environment. By collecting
and storing these measurements in a database, ML models
can be trained to map real-time channel responses to their
corresponding spatial coordinates (z,y). Deep learning-based
fingerprinting methods have demonstrated high localization
accuracy by taking advantage of the spatial and temporal
characteristics of the wireless channel [8]-[10].

Specialized fine-tuned models can achieve higher accuracy
with smaller model sizes and less computational complexity
compared to generalized models. To accommodate multiple
conditions, general models are more complex, use more
parameters, and have higher test times and computational
costs. However, to fully leverage the advantages of specialized
models across diverse environments, a router is needed to
dynamically determine which model is best suited for a given
scenario. By analyzing input characteristics and environmental
conditions, the router selects the most appropriate specialized
model, ensuring that only the necessary parameters are acti-
vated at each time step. Due to the continuous nature of the
application, switching between different models would happen
rarely, and the weights would be reused extensively. Thus,
computational overhead is reduced and high localization accu-
racy is maintained under different conditions. By integrating
adaptive models, localization systems dynamically adjust to
varying urban scenarios, ensuring reliable and efficient posi-
tioning for applications such as autonomous driving, intelligent
transportation, and urban navigation.

Fig. 1 visualizes three methods, with Method 1 being the
most general and Method 3 the most specialized. Method 1
uses the same trainable parameters and architecture in all data
subsets. Method 2 consists of NV sets of trainable parameters
that are loaded into the same model depending on the selected
subset of data. Switching between trainable parameters is done
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Fig. 1: Overview of the adaptive model, where S, N, P, and M represent the subset of data, the total number of subsets, the
trainable parameters (weights and biases), and the model, respectively

manually. The proposed adaptive model, Method 3, includes
specialized trainable parameters and a model architecture with
run-time adaptation between different data subsets. The router
in Method 3 determines which scenario the given input belongs
to and selects the appropriate model accordingly, ensuring that
only a subset of all parameters is active.

By tuning the model architecture parameters, the specialized
models provide better localization accuracy than the other
methods. The number of active trainable parameters and
the training and testing times are also reduced. The main
contributions of the paper are:

o We establish specialized attention-based models to min-
imize computational complexity, localization error, and
model size for different scenarios. We then compare the
results with more general models.

We develop an adaptive localization framework capable
of dynamically adjusting to environmental changes and
signal propagation conditions. Measurement data from
a massive MIMO base station (BS) and a moving user
equipment (UE) on a vehicle is used for verification.

II. FUNDAMENTALS OF ATTENTION MODELS AND
EXPERIMENTAL VALIDATION

This section provides an overview of the key components
of attention-based models and describes the measurement
campaign conducted to validate the proposed model.

A. Building Blocks of Attention-based Models

The architecture of the shallow encoder-only attention-based
model is shown in Fig. 2. The model consists of positional
encoding, multihead attention, and feedforward layers, each
followed by residual connections and optional layer normal-
ization. Additionally, a pooling layer is applied before the fully
connected neural network (FCNN) to reduce the size of the
model.
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Encoder layer
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Fig. 2: The attention-based algorithm pipeline with one en-
coder layer and pooling layer added.

1) Positional Encoding: is used to incorporate position
information into the model, using sinusoidal functions to
generate continuous and differentiable positional vectors. This
enables the model to capture relative positional relationships
effectively. The model is tested with and without positional
encoding, showing a significant drop in accuracy when it is
removed.

2) Multi-Head Attention (MHA): is the fundamental mech-
anism in attention-based architectures, enabling efficient par-
allel processing of input data [11]. It is based on Scaled Dot-
Product Attention, which computes attention scores based on
query, key, and value matrices derived from the input tensor
X € R¥%Xdmoat at 3 given timestep

Q=XW, K=XW,, V=XW,. 1))

The attention mechanism is computed as

Attention(Q, K, V) ft (QKT) A% 2)
ention(Q, K, V) = softmax | —— ,
e

where dj, is the dimensionality of the key vectors, and the
scaling factor /dj. prevents large softmax values that could
hinder training. The MHA extends this by applying multiple
attention mechanisms in parallel, each with different learned
projections

head; = Attention( QWY KWX VW), 3)

i
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where WiQ, WX, W/ are learned projection matrices for the
i-th attention head. The outputs of all heads are concatenated
and projected to obtain the final representation:

MHA(Q, K, V) = Concat(head, ..., head,)W?,  (4)

where h is the number of attention heads, and W is a learned
output projection matrix. By allowing the model to attend
to different representation subspaces simultaneously, MHA
enhances its ability to capture complex dependencies, e.g. in
challenging environments where noise and signal multipath
effects complicate traditional methods.

3) Layer Normalization (LN): normalizes activations across
the feature dimension for each input independently, making it
effective for stabilizing deep networks.

4) Position-wise Feed-Forward Networks (FFN): applies
two linear transformations with an activation function in be-
tween. Each token in the sequence is processed independently
through a position-wise transformation. The dimensionality of
the inner layer is represented as dg. The activation function is
the rectified linear unit (ReLU).

5) Pooling layer: is used to reduce the model size and
computational complexity while retaining key feature repre-
sentations. A one-dimensional max pooling layer is introduced
between the encoder and the fully connected network. Max
pooling is preferred over alternatives such as mean pooling
due to its hardware efficiency, as it requires only comparison
operations rather than arithmetic computations. Padding can be
added to adjust alignment. This approach effectively reduces
the number of parameters and computations in subsequent
layers, resulting in a more compact and efficient model.

6) Dropout: is a regularization technique that helps prevent
overfitting by randomly deactivating neurons during training.
The dropout is added after the positional encoding, softmax,
eq. 4 and pooling, and before the residual connections seen
in Fig. 2. Different dropout rates were explored (0, 0.05, 0.1,
0.2, 0,3 and 0.5) and 0.05 was chosen based on the accuracy
and training/validation loss of the model.

B. Experiments

The measurement campaign is based on a commercial self-
contained massive MIMO BS and a single mobile user in a ve-
hicle. The vehicle is equipped with a UE and a GNSS receiver,
which is used for ground truth. The BS operates at 3.85 GHz
center frequency and 100 MHz bandwidth. The uplink (UL)
sounding reference signal (SRS) channel estimates span 273
Physical Resource Blocks (PRBs) across the full bandwidth,
with each snapshot capturing all 64 beams every 20 ms.
To reduce complexity during data collection, adjacent PRBs
are averaged and downsampled into 137 subgroups (SGs),
which are then further reduced to 46 PRBSGs (subcarriers) by
interleaving every third SG. The SRS measurements represent
the angular delay spectrum of the radio channel in the beam
space after the FFT transformation from the antenna space.

The BS is equipped with 32 vertically and 32 horizontally
polarized antenna ports, while the UE includes 4 antenna
ports. The elements of the antenna array are used to form

Paper IV © 2025 IEEE

Fig. 3: Bird-eye view of the measurement environment and
trajectories labeled S1, S2, and S3.

64 beams in both the UL and the downlink. The UL SRS
data sounded from 2 paired UE antenna ports at the time are
recorded across 46 subcarriers at the BS. The 32 horizontal and
vertical beam space matrices of the channel transfer function
(CTF) from the first and second antenna pairs at time ¢ and
across 46 subcarriers are denoted as Hy, Hyi, Hyz, and
Hypy,, respectively. The combined channel matrix corresponds
o H, € C24 — [H],  HY,  HE,  HL,,]" for cach
channel snapshot.

In the pre-processing step, invalid data is filtered out, and a
46-point Hann window is applied across the rows of the CTF to
suppress sidelobes. Subsequently, an IFFT is performed along
the x-axis (i.e., across rows) to transform CTF into a CIR
beam matrix that captures angular information. The amplitude
values of the CIR beam matrix are then used as input to the
attention-based model.

The UE is mounted on a vehicle following three predefined
trajectories, forming three distinct scenarios, shown by yellow
lines in Fig. 3. The BS location is marked by a yellow cross.
The UE antenna maintains a consistent orientation as it is fixed
to the vehicle roof and follows the same orientation for each
lap. The average speed of the vehicle is 15km/h and the BS
is mounted on a 20-meter-high building. The vehicle follows
the given trajectories in the same direction for five laps. For
more detailed information on the measurement campaign and
pre-processing of the measurement data, see [5], [12].

In the first scenario (S1), the vehicle drives on the roof
of a garage, approximately 10 meters above ground level,
following a trajectory that predominantly captures line-of-sight
(LoS) conditions. The second scenario (S2) takes place at
ground level beneath the base station (BS), where the vehicle
is mostly not in direct LoS with the BS. The third scenario
(S3), also at ground level, features intermittent LoS along the
trajectory, with obstructions introduced by the tower visible in
Fig. 3. These three scenarios constitute our data subsets: S1,
S2, and S3. From the BS’s perspective, users typically follow
predefined urban mobility patterns. However, we acknowledge
the repetitive nature of the selected UE trajectory and the fixed
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antenna orientation toward the BS, as the UE was securely
mounted on the vehicle roof, thereby reducing variability in
the radio channel.

C. Evaluation Method

Of the five laps, the first four laps are used for training and
validation, whereas the fifth lap of each scenario is reserved
for testing. For the generalized model, the training/validation
datasets of different scenarios are randomly mixed to create
a dataset that consists of different scenarios, whereas the
specialized models are only trained on the specific trajectories.

The accuracy of the localization algorithms is calculated us-
ing the mean of the Euclidean distances between the estimated
locations and the ground truth labels. We calculate the mean
error (ME) as

1 N
ME = N;Hyi ~villr ®)

where N is the number of samples, ¥; is the predicted 2D
location, and y; is the corresponding ground truth label. The
norm || - || denotes the Frobenius norm, which is equivalent
to the Euclidean norm in this context.

III. PROPOSED METHOD

The model architecture selection of specialized models and
the router that is used to dynamically switch between different
scenarios are described in this section. The hyperparameter
configuration of the model is summarized in Table I. For more
information on the selection of the hyperparameters, please see
[5]. The input of the model is the CIR beam matrix for each
single snapshot described in the previous section.

TABLE I: Hyperparameters of the model.

Parameter Value
Epochs 200
Batch Size (b) 64
Amodel 46
dy 128
dir 64
Learning Rate 0.0006
Number of heads 2
Dropout Rate 0.05
Loss function MSE

A. Specialized models

The complexity of the model design is closely linked to
the characteristics of the channel state information, which
is highly influenced by multipath propagation. In an non
LoS (NLoS) environment, the CIR and angular characteristics
would differ significantly from a scenario where there is a
dominant LoS component. In LoS environments, the energy
is typically concentrated in the LoS path; therefore, the power
delay profile changes slowly with UE movement. For example,
in Fig. 4, the power is concentrated in the few early delay bins.
The relative power of each beam is calculated by summarizing
the power among all delay bins.
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Fig. 5: Power delay profile of the 4 dominant beams and
relative power of all 128 beams in an NLoS scenario.

In rich scattering environments (e.g., dense urban areas,
indoor clutter), multipath reflections originate from numerous
uncorrelated scatterers, resulting in less structured and more
random components. Figure 5 illustrates this with a power
delay profile and the corresponding beam matrix in an urban
NLoS scenario. Unlike LoS conditions, the power delay pro-
file in urban NLoS environments changes rapidly with UE
position, motivating the design of specialized models to better
capture such dynamics. Deeper models are more effective at
modeling complex multipath interactions in these scenarios,
whereas simpler models suffice under LoS conditions.

The following model architecture parameters are explored to
select specialized models for different scenarios with different
complexities: the effect of increasing the number of encoder
layers from 1 to 5, removing/adding layer normalization, and
adding a pooling layer before the FCNN layer. The pooling
layer downsamples the input to the FCNN layer by selecting
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the maximum value in non-overlapping segments of size 4.
Padding is added to adjust the alignment. The output dimen-
sion becomes (b, d;, (dmodel + 2)/4), resulting in a reduced
number of trainable parameters. By exploring these parameters
and comparing them to Method 1, the optimal specialized
models are selected that improve the accuracy while keeping
the size of the model similar for each scenario.

The results are shown in Table II, comparing the generalized
(Method 1) and specialized (Method 3) models. The highest
localization accuracy for Method 1 is achieved with 3 encoder
layers, resulting in ME of (0.47m, 0.83m, 0.81m) for S1, S2,
and S3, respectively. The best results are achieved when layer
normalization is added for S3 and removed for S1 and S2.
For Model 3, a lower ME for S1 can be achieved using
1 encoder layer, with or without the addition of pooling
and layer normalization. For S2 and S3, 2 encoder layers
are needed to achieve better performance with specialized
models. Although adding more encoder layers can further
reduce ME, computational complexity and model size increase
accordingly.

TABLE II: Localization accuracy comparison between Method
1 and Method 3 across various model architectures (EL =
Encoder Layers, LN = Layer Normalization, MP = MaxPool).
Bold values indicate architectures achieving an optimal bal-
ance between Mean Error (ME), computational complexity,
and parameter count.

ME (m), Generalized | ME (m), Specialized
EL | LN | MP S1 S2 S3 S1 S2 S3
1 - - 085 1.14 1.11 041 096 0.99
2 0.53  0.95 1.00 | 040 0.80 0.93
3 047 083 086 | 035 0.81 0383
4 051 102 086 | 033 0.80 0.60
5 147 310 228 | 049 6.6 0.59
1 + 069 1.18 097 | 045 1.06 097
2 + 054 1.00 1.05 | 037 0.88 074
3 + 055 0.86 081 | 037 071 077
4 + 0.60 098 0.76 0.34  0.80  0.65
5 + 068 108 097 1.60 576 101
1 + 093 1.80 162 [ 040 1.10 1.26
2 + 064 1.14 124 | 038 0.78 0.77
3 + 057 114 111 038 0.81 0.81
4 + 0.88 1.30 1.13 0.40 093 1.55
5 + 259 439 391 9.68 0.79 2.62
1 + + 1.13  1.57 184 [ 061 1.10 1.25
2 + + 076 120 1.03 | 037 0.89 075
3 + + 070 1.08 1.10 | 038 092 0.82
4 + + 0.75 1.15 0.88 0.33  0.99 0.97
5 + + 1.13 193 174 | 086 7.84 3.00
B. Router

In the proposed model, the router determines the type of
scenario based on the input, a task known as classification. ML
classifiers such as the Single-Layer Perceptron (SLP), Multi-
layer Perceptron (MLP), and Convolutional Neural Networks
(CNN) are widely used for classification tasks. Among SLP,
MLP, and CNN, the SLP is the simplest and least computa-
tionally expensive, making it suitable for linearly separable
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problems. It consists of an input layer directly connected to
an output layer, with no hidden layers in between. The SLP
performs a linear transformation of the input and applies an
activation function to produce the output, and defined as

y =o(xW +b) 6)

where x € R™ is the input vector, W is the weight vector, b is
the bias term, () is the activation function (typically sigmoid
or softmax), and y is the predicted output. The training and
test data split used for the generalized attention-based model
is also applied in this section. This strategy ensures that the
training data were constructed by randomly sampling from all
environments, ensuring that each batch contained a diverse set
of propagation conditions.

When the router is implemented as an MLP or CNN, it
achieves a test accuracy of 100%. To investigate the effects
of overfitting, the dropout is increased to 0.7, and a weight
decay of 1 x 1077 is introduced. As a result, the test accuracy
decreases to 99%. These findings indicate that the router model
can be further reduced in complexity, potentially to an SLP.

With the complete input matrix, the training and validation
losses of the SLP model converge to zero, and the test accuracy
remains at 100%. To explore further model compression, trials
are conducted using a smaller model that trains on the beam
power matrix of one relative delay bin. The corresponding
input is fed into a compact model with 387 parameters,
achieving a test accuracy of 98.87%. Additional trials in
different relative delay bins reveal that the minimum test
accuracy observed is 97.76%. Given that there are 46 relative
delay bins in total, this shows that using a subset of input
features can still produce high classification accuracy.

IV. RESULTS

The final proposed architecture is depicted in Fig. 6. The
diagram illustrates the active model with black lines, while
the inactive models appear in gray. The sub-blocks of the
“Encoder” layer in Fig. 6 are given in Fig. 2.

Table III summarizes the final results obtained for the
three methods: Method 1 (the generalized model), Method 2
(different trainable parameters of each model but the same
model architecture [5]), and Method 3 (the proposed adaptive
model). The comparison is based on various metrics, including
ME in three scenarios (S1, S2, and S3), the number of model
parameters, adaptivity, and test time for SI. The test time is
provided as a reference and may vary depending on the un-
derlying hardware, software environment, and implementation
details. All experiments are carried out in a Linux-based CPU-
only environment with 64 GB of RAM.

In [5], the accuracy of Method 2 is given as 0.99 m, 2.00 m,
and 1.01m for S1, S2, and S3, respectively. In comparison,
the proposed method shows improved accuracy, achieving ME
of 0.40m, 0.78m, and 0.77m for S1, S2, and S3, respec-
tively. Method 1, which is the generalized model, achieves
an ME of 0.47m, 0.83m, and 0.81 m for S1, S2, and S3,
respectively, showing a slightly lower performance than the
proposed method. The router system enables the activation
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Fig. 6: The final block diagram of the proposed method after
selecting the specialized models and the SLP router. The
positional encoding is integrated into the first encoder layer
for simplicity in the diagram. Input data dimensions at each
sub-layer are indicated in blue.

TABLE III: Final result comparison.

Method 1 Method 2 [5] Method 3
S1, ME (m) 0.47 0.99 0.40
S2, ME (m) 0.83 2.00 0.78
S3, ME (m) 0.81 1.01 0.77
number of 303k 227k + 227k 87k + 126k
parameters® + 227k + 126k
adaptive + - +
test time, S1 (s) 4.40 1.83 1.48

2 Only one subset of the parameters is active at a given time
for Method 2 and 3.

of a single model at any moment, reducing the number of
active parameters by 58% to 71% and the test time by 66%,
compared to the generalized model. The test time of the
router is negligible. Please note that these results are specific
to the given scenarios, and adaptations may be needed for
different deployment scenarios. For example, the deployment
in new base station scenarios requires retraining of the model;
however, this limitation is beyond the scope of this study.

V. CONCLUSION

In this work, we present an adaptive localization model
that dynamically selects specialized sub-models based on the
given input scenario. We compare our approach against two
methods: (i) a manually switched model where each scenario
is assigned to a specialized model, and (ii) a generalized model
that attempts to handle all scenarios with a single model but
suffers from degraded localization accuracy. The proposed
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model uses a routing mechanism to determine whether an
input belongs to S1, S2, or S3, activating the corresponding
sub-model accordingly. This approach enables the use of only
a subset of the total parameters at any given time, reducing
computational complexity compared to the generalized model,
while achieving higher accuracy. To further improve efficiency,
we introduce a pooling layer and remove layer normalization,
reducing the model size and computational cost. The results
highlight the potential of adaptive computation in radio-based
localization, balancing accuracy and computational complexity
across varying environmental conditions.

ACKNOWLEDGMENT

The authors would like to thank Jens Gulin and Axel Berg
from Lund University, as well as Wei Tang, Sangbu Yun,
and the Lab for Efficient Application Processors (LEAPs)
at the Department of Electrical Engineering and Computer
Science, University of Michigan, Ann Arbor, for their valuable
suggestions regarding our paper. This work is funded by the
Swedish Research Council, Ericsson AB, and ELLIIT (Excel-
lence Center at Linkoping-Lund in Information Technology).

REFERENCES

[1] S. Djosic, I. Stojanovic, M. Jovanovic, and G. L. Djordjevic, “Multi-
algorithm UWB-based localization method for mixed LOS/NLOS envi-
ronments,” Computer Communications, vol. 181, pp. 365-373, 2022.

[2] M. Malmstrom, I. Skog, S. M. Razavi, Y. Zhao, and FE. Gunnarsson, “5g
positioning - a machine learning approach,” in 2019 16th Workshop on
Positioning, Navigation and Communications (WPNC), pp. 1-6, 2019.

[3] J. Chen, X. Li, R. Whiton, E. Leitinger, and F. Tufvesson, “Robust
localization in modern cellular networks using global map features,”
2025. arXiv preprint arXiv:2505.18160.

[4] M. N. de Sousa, R. Sant’Ana, R. P. Fernandes, J. C. Duarte, J. A.
Apolindrio, and R. S. Thomi, “Improving the performance of a
radio-frequency localization system in adverse outdoor applications,”
EURASIP J. Wirel. Commun. Netw., vol. 2021, May 2021.

[5] G. Tian, D. Pjani¢, X. Cai, B. Bernhardsson, and F. Tufvesson,

“Attention-Aided Outdoor Localization in Commercial 5G NR Sys-

tems,” IEEE Transactions on Machine Learning in Communications and

Networking, vol. 2, pp. 1678-1692, 2024.

A. Sellami, L. Nasraoui, and L. N. Atallah, “Multi-Stage Localization for

Massive MIMO 5G Systems,” in 2020 IEEE 91st Vehicular Technology

Conference (VTC2020-Spring), pp. 1-6, 2020.

A. Decurninge, L. G. Ordéiez, P. Ferrand, H. Gaoning, L. Bojie, Z. Wei,

and M. Guillaud, “CSI-based Outdoor Localization for Massive MIMO:

Experiments with a Learning Approach,” in International Symposium

on Wireless Communication Systems (ISWCS), pp. 1-6, 2018.

[8] A. Al-Tahmeesschi, J. Talvitie, M. Lépez—Benitez, and L. Ruotsalainen,

“Deep Learning-based Fingerprinting for Outdoor UE Positioning Util-

ising Spatially Correlated RSSs of 5G Networks,” in International

Conference on Localization and GNSS (ICL-GNSS), pp. 1-7, 2022.

G. Tian, I. Yaman, M. Sandra, X. Cai, L. Liu, and F. Tufvesson, “Deep-

Learning-Based High-Precision Localization With Massive MIMO,”

IEEE Transactions on Machine Learning in Communications and Net-

working, vol. 2, 2024.

R. Whiton, J. Chen, T. Johansson, and F. Tufvesson, “Urban Navigation

with LTE using a Large Antenna Array and Machine Learning,” in

IEEE 95th Vehicular Technology Conference: (VIC2022-Spring), pp. 1-

5, 2022.

A. Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit, L. Jones, A. N.

Gomez, L. Kaiser, and I. Polosukhin, “Attention is all you need,” in

Proceedings of the 31st International Conference on Neural Information

Processing Systems, NIPS’17, (Red Hook, NY, USA), pp. 6000-6010,

Curran Associates Inc., 2017.

D. Pjani¢, G. Tian, A. Reial, X. Cai, B. Bernhardsson, and F. Tufvesson,

“Illuminating the path: Attention-assisted beamforming and predictive

insights in Sg nr systems,” 2025. arXiv preprint arXiv:2505.18160.

[6

[7

9

[10

[11

[12]

Paper IV © 2025 IEEE






Paper V

I. YamaN, S. CHENG, O. EpFors, AND L. L1u, “Implementation of an Adaptive
Transformer Accelerator for Accurate Outdoor Localization with Massive
MIMO,” Submitted for review, 2026. Available at arXiv:2605.13507.



https://arxiv.org/abs/2605.13507

