SpringerBriefs in Computer Science

Xiaogiang Zhu - Yuan Liu - Chunpeng Wang

Intelligent Localization
for Integrated Sensing
and Communication
Machine Learning-Driven
Approaches

OPEN ACGESS &) springer



SpringerBriefs in Computer Science



SpringerBriefs present concise summaries of cutting-edge research and practical

applications across a wide spectrum of fields. Featuring compact volumes of 50 to

125 pages, the series covers a range of content from professional to academic.
Typical topics might include:

* A timely report of state-of-the art analytical techniques

* A bridge between new research results, as published in journal articles, and a
contextual literature review

* A snapshot of a hot or emerging topic

* An in-depth case study or clinical example

* A presentation of core concepts that students must understand in order to make
independent contributions

Briefs allow authors to present their ideas and readers to absorb them with
minimal time investment. Briefs will be published as part of Springer’s eBook
collection, with millions of users worldwide. In addition, Briefs will be available
for individual print and electronic purchase. Briefs are characterized by fast, global
electronic dissemination, standard publishing contracts, easy-to-use manuscript
preparation and formatting guidelines, and expedited production schedules. We
aim for publication 8-12 weeks after acceptance. Both solicited and unsolicited
manuscripts are considered for publication in this series.

**Indexing: This series is indexed in Scopus, Ei-Compendex, and zbMATH **



Xiaoqgiang Zhu * Yuan Liu ® Chunpeng Wang

Intelligent Localization
for Integrated Sensing
and Communication

Machine Learning-Driven Approaches

@ Springer



Xiaoqiang Zhu Yuan Liu

School of Cyberspace Science College of Intelligent and Computing
and Technology Tianjin University
Beijing Jiaotong University Tianjin, China

Beijing, China

Chunpeng Wang

School of Cyber Security, Key Laboratory
of Computing Power Network

and Information Security

Qilu University of Technology

Jinan, China

ISSN 2191-5768 ISSN 2191-5776  (electronic)
SpringerBriefs in Computer Science
ISBN 978-981-96-9384-9 ISBN 978-981-96-9385-6  (eBook)

https://doi.org/10.1007/978-981-96-9385-6

This work was supported by China Postdoctoral Science Foundation GZC20230224 2024M750166
Talent Fund of Beijing Jiaotong University 2023XKRCO016 Open Project Fund of Key Laboratory of
Computing Power Network and Information Security 2023ZD039 National Natural Science Foundation
of China 62401037.

© The Editor(s) (if applicable) and The Author(s) 2026. This book is an open access publication.

Open Access This book is licensed under the terms of the Creative Commons Attribution 4.0 Inter-
national License (http://creativecommons.org/licenses/by/4.0/), which permits use, sharing, adaptation,
distribution and reproduction in any medium or format, as long as you give appropriate credit to the
original author(s) and the source, provide a link to the Creative Commons license and indicate if changes
were made.

The images or other third party material in this book are included in the book’s Creative Commons
license, unless indicated otherwise in a credit line to the material. If material is not included in the book’s
Creative Commons license and your intended use is not permitted by statutory regulation or exceeds the
permitted use, you will need to obtain permission directly from the copyright holder.

The use of general descriptive names, registered names, trademarks, service marks, etc. in this publication
does not imply, even in the absence of a specific statement, that such names are exempt from the relevant
protective laws and regulations and therefore free for general use.

The publisher, the authors and the editors are safe to assume that the advice and information in this book
are believed to be true and accurate at the date of publication. Neither the publisher nor the authors or
the editors give a warranty, expressed or implied, with respect to the material contained herein or for any
errors or omissions that may have been made. The publisher remains neutral with regard to jurisdictional
claims in published maps and institutional affiliations.

This Springer imprint is published by the registered company Springer Nature Singapore Pte Ltd.
The registered company address is: 152 Beach Road, #21-01/04 Gateway East, Singapore 189721,
Singapore

If disposing of this product, please recycle the paper.


https://orcid.org/0000-0001-7294-9547
https://orcid.org/0000-0002-3742-5614
https://orcid.org/0009-0009-0788-6995
https://doi.org/10.1007/978-981-96-9385-6
https://doi.org/10.1007/978-981-96-9385-6
https://doi.org/10.1007/978-981-96-9385-6
https://doi.org/10.1007/978-981-96-9385-6
https://doi.org/10.1007/978-981-96-9385-6
https://doi.org/10.1007/978-981-96-9385-6
https://doi.org/10.1007/978-981-96-9385-6
https://doi.org/10.1007/978-981-96-9385-6
https://doi.org/10.1007/978-981-96-9385-6
https://doi.org/10.1007/978-981-96-9385-6
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

Preface

Indoor localization is fundamental to a wide range of IoT applications and critical
to Integrated Sensing and Communication (ISAC) systems. As ISAC evolves,
achieving more efficient data collection, more intelligent system adaptability, and
more accurate localization results have become essential for enhancing situational
awareness, optimizing resource allocation, and improving overall service quality.
While satellite-based systems such as the Global Positioning System (GPS) are
extensively used for outdoor localization, they become unreliable or unavailable
in specific scenarios like indoor spaces, where signal blockages from walls and
other obstacles hinder performance. Developing advanced indoor localization tech-
nologies is therefore essential for fully leveraging the capabilities of ISAC in 6G
networks and addressing the varied requirements of contemporary applications.

Current indoor localization technologies face significant challenges in these
areas. Traditional methods for collecting data, especially for Channel State Infor-
mation (CSI), often require substantial human intervention, which limits scalability
and efficiency. Additionally, many existing systems cannot intelligently adapt to
rapidly changing environments, such as user movements or new obstacles, leading
to suboptimal performance. Achieving high accuracy remains another challenge,
particularly in indoor spaces where multipath propagation and signal interference
can distort results. These shortcomings highlight the need for new approaches that
can address these issues in a more efficient, intelligent, and accurate manner.

This book explores the use of CSI and machine learning to tackle the three key
challenges of indoor localization:

1. More Efficient CSI Collection: Reducing human intervention in the data col-
lection process through automated methods while ensuring high-quality, reliable
data.

2. More Intelligent CSI Updates: Developing adaptive mechanisms that allow for
real-time updates of CSI values, ensuring system robustness and flexibility in
dynamic environments.
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3. More Accurate Localization Applications: Employing advanced machine
learning algorithms to improve localization precision, even in complex indoor
settings.

In this book, we aim to provide a comprehensive overview of recent advance-
ments and theoretical insights into CSI-based indoor localization systems. Various
machine learning-based approaches are discussed and validated through extensive
real-world experimental studies, highlighting their robustness and adaptability in
complex indoor scenarios.

We believe this book is an essential resource for researchers, engineers, and
practitioners seeking to develop advanced, intelligent indoor localization systems.
It is suitable for students new to the field, as well as professionals and researchers
looking to deepen their understanding or implement cutting-edge localization
solutions.

Beijing, China Xiaoqgiang Zhu
Tianjin, China Yuan Liu
Jinan, China Chunpeng Wang
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Chapter 1 ®)
What Is Intelligent Indoor Localization Qe
Technology?

Abstract Indoor localization addresses the limitations of GPS in enclosed envi-
ronments, where signal obstructions and complex spatial configurations hinder
traditional positioning systems. Chapter 1 introduces intelligent indoor localization,
highlighting its unique challenges and opportunities. It explores the differences
between indoor and outdoor positioning, focusing on solutions to improve accuracy,
adaptability, and intelligence. The chapter also highlights advanced technologies
like machine learning and outlines the book’s focus on three key areas: efficient
Channel State Information (CSI) collection, intelligent CSI updates, and accurate
localization. These themes aim to reduce manual effort, enhance real-time adapt-
ability, and improve accuracy for impactful applications.

The chapter also emphasizes the significance of CSI in wireless communications,
demonstrating its ability to capture detailed signal properties beyond other localiza-
tion signals. Comparing traditional techniques such as trilateration, triangulation,
and fingerprinting, underscores CSI’s advantages in addressing complex indoor
scenarios. By providing a cohesive understanding of CSI’s role, this chapter
establishes a foundation for the development of robust, intelligent localization
systems and serves as a roadmap for exploring the challenges and innovations
presented throughout the book.

Keywords Indoor localization - Channel state information - Intelligent
localization systems

1.1 Indoor Localization

1.1.1 How Is It Different from Outdoor Positioning?

Positioning technology is integral to the Internet of Things (IoT) and a key
component of Integrated Sensing and Communication (ISAC) systems, supporting
various applications (Zhu et al. 2020, 2025; Wang et al. 2022). While GPS
has become the standard for outdoor positioning, its effectiveness is severely
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limited in indoor environments due to signal blockages from structural barriers
such as walls and ceilings. This limitation has driven the development of indoor
localization technologies specifically designed to address these constraints. Indoor
and outdoor positioning distinctions lie primarily in their operating conditions and
technical requirements (Liu et al. 2022; Cheng et al. 2022). Outdoor systems benefit
from unobstructed signal propagation, which enables direct communication with
satellites and supports large-scale coverage. Indoor environments, on the other hand,
are characterized by challenges such as multipath propagation, signal attenuation,
and interference caused by obstacles within enclosed spaces. These conditions
necessitate innovative approaches that can reliably function under complex spatial
configurations (Roy and Chowdhury 2021).

Moreover, the objectives of indoor localization systems differ significantly.
Outdoor positioning focuses on broad accessibility and widespread applicability,
whereas indoor localization prioritizes achieving high accuracy in confined areas.
The dynamic and heterogeneous nature of indoor settings, with frequent layout
changes and human movement, introduces further complexity to the task (Asaad and
Maghdid 2022). To meet these challenges, intelligent indoor localization systems
must fulfill three fundamental requirements:

* Collection: Efficiently gathering high-quality signal data that accurately reflects
the characteristics of the indoor environment.

¢ Update: Dynamically adapting localization data to account for changes in the
environment, such as layout modifications or variations in human activity.

* Application: Accurately utilizing the collected and updated data to deliver
precise and reliable positioning outcomes tailored to real-world scenarios.

By addressing these requirements, intelligent indoor localization technologies are
poised to overcome traditional limitations and advance the role of positioning in
IoT and ISAC systems.

1.1.2 Overview of Intelligent Indoor Localization

Intelligent indoor localization offers an innovative solution to positioning chal-
lenges, achieving adaptive, high-precision results without requiring expensive
external equipment. By leveraging technologies such as machine learning (ML)
and intelligent algorithms, this approach directly addresses key issues in tradi-
tional positioning systems, including multipath effects, security vulnerabilities, and
adaptability in dynamic environments (Guo et al. 2021). While existing localization
methods-ranging from active and passive systems to device- or mobile-based and
fingerprint-based techniques—have provided essential advancements, they often fall
short in meeting the demands of complex scenarios. To tackle these limitations,
this framework incorporates self-adaptive and self-learning capabilities, providing a
robust foundation for advanced localization tasks.
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Fig. 1.1 Intelligent localization architecture

We propose the intelligent localization framework based on a four-layer archi-
tecture: the terminal layer, IoT device layer, IoT cloud component layer,
and location strategy layer, complemented by cloud services and a user-centric
localization application. Each layer is designed to seamlessly interact with the others
to achieve efficient, secure, and scalable localization, as shown in Fig. 1.1 (Zhu et al.
2020).

1. Terminal Layer. 1t is responsible for sensing and collecting raw data from diverse
sources such as satellites, routers, access points (APs), base stations, visible light
systems, and various sensors. These signals form the basis for generating location
fingerprints, which are captured by devices equipped with multiple sensing
technologies, such as mobile phones and laptops. To unify heterogeneous signals,
data fusion techniques are employed, establishing a consolidated fingerprint
database that serves as the foundation for subsequent processing.

2. IoT Device Layer. 1t acts as the intermediary between the terminal layer and
cloud services, facilitating the efficient transfer of collected data. Using crowd-
sourcing technology, the layer aggregates location fingerprints while optimizing
data quality and reducing collection time. In addition, the IoT device layer
ensures preprocessing capabilities, such as initial noise filtering, lightweight
data compression, and data format standardization, before transferring the
refined dataset to the IoT cloud component layer. These preprocessing steps
alleviate the computational load on cloud resources and improve overall system
responsiveness.

3. IoT Cloud Component Layer. This layer is the computational core of the
framework, performing tasks such as dimension reduction, model training,
regression problem-solving, and strategy optimization. Dimension reduction
techniques, including Principal Component Analysis (PCA), mitigate the effects
of noise and heterogeneity in large datasets, significantly reducing computational
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complexity and training time. For model training, the framework adopts the
Broad Learning System (BLS), an effective approach to addressing nonlinear
localization challenges. BLS can be combined with other ML algorithms to
minimize training errors and improve positioning accuracy. The layer also
handles regression tasks through algorithms like k-Nearest Neighbors (KNN),
which refine location predictions. Furthermore, optimization strategies address a
range of challenges, including optimal dataset selection, signal source placement,
and data dimensionality reduction. To address privacy and security concerns,
this layer employs chaos theory and encryption algorithms, ensuring robust
protection of sensitive data.

4. Location Strategy Layer. It consists of preprocessing and decision-making
sublayers. Noise in the collected signals is handled using Kalman and particle
filters, while dimensionality reduction methods like PCA streamline data for
efficient processing. To address discrepancies caused by varying measurement
accuracies across devices, normalization algorithms are employed. The sublayer
also utilizes chaos theory for preprocessing nonlinear data, enhancing its quality
and usability. The decision-making sublayer focuses on implementing advanced
algorithms such as Bayesian probability to handle localization and trajectory
tracking tasks. Since the position at any given moment is influenced by prior
locations, trajectory tracking improves overall positioning accuracy. Results from
this layer are integrated into a user-friendly application, providing actionable
insights and services for end users.

This framework establishes a comprehensive system designed to meet the evolv-
ing needs of real-world applications. It highlights three primary requirements for
intelligent localization: collection, ensuring accurate acquisition of heterogeneous
signals; update, supporting adaptive and dynamic enhancements; and application,
delivering actionable and precise localization results. This book believes that this
framework will become the core of mainstream technologies.

1.1.3 Highlights of This Book

Intelligent indoor localization emphasizes adaptability and self-learning capabilities
to tackle the increasing complexity of various scenarios. The objective is to
develop systems that are more efficient, more intelligent, and more accurate,
providing robust performance without relying on costly hardware or extensive
manual intervention. This book focuses on three key aspects: Collection, Update,
and Application, each addressing significant challenges in localization systems.
Collection involves acquiring high-quality, heterogeneous data from diverse
signal sources such as Wi-Fi, Bluetooth, Radio Frequency Identification (RFID),
visible light, and ultrasonic signals. Balancing the quantity and quality of data is
a critical challenge. While coarse-grained data is easily accessible, it often lacks
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the precision needed for accurate localization, whereas fine-grained data collection
frequently requires substantial manual effort or specialized hardware.

This book explores data fusion techniques to create a unified fingerprint database
from multiple signal sources. Crowd-sensing methods are introduced to enhance
scalability and reduce costs, but they also raise concerns about data reliability.
Machine learning techniques, including clustering algorithms and anomaly detec-
tion models, are employed to identify and filter high-quality data, ensuring the
fingerprint database is comprehensive and dependable.

Update ensures the system adapts dynamically to the ever-changing indoor
environments, which are often subject to signal interference, user movement, and
structural modifications. Static localization models struggle to maintain accuracy
under such variability, making real-time adaptability essential for high-performance
localization systems.

This book introduces adaptive techniques driven by reinforcement learning
and transfer learning. Reinforcement learning enables the system to learn optimal
strategies through continuous interaction with the environment, addressing changes
such as signal fluctuations or newly introduced obstacles. Meanwhile, transfer
learning allows pre-trained models to be efficiently fine-tuned for new settings,
reducing the computational cost and training time. These methods work together
to ensure that the system remains resilient and consistently delivers accurate
localization in dynamic and unpredictable environments.

Application focuses on translating localization results into actionable insights
that meet the demands of high accuracy and low latency. Scenarios such as
emergency response, indoor navigation, and asset tracking require precise and
timely results, yet achieving this often entails trade-offs between computational
efficiency and accuracy.

This book proposes a multi-layered decision-making framework supported by
machine learning. Preprocessing methods, such as PCA and noise reduction,
optimize raw data for model processing. Decision-making algorithms, including
KNN, BLS, and Bayesian probability models, are employed to refine predictions
and enhance localization precision. Additionally, privacy-preserving mechanisms
based on chaos theory and encryption algorithms are incorporated to safeguard
data throughout the localization process. These innovations enable the framework
to address the stringent requirements of intelligent localization applications.

1.2 Why Is Channel State Information?

1.2.1 Introduction to CSI in Wireless Communications

In wireless communication systems, accurately characterizing the radio channel
is essential to maintain reliable signal transmission and reception. Among the
many metrics available, CSI stands out as one of the most informative and critical
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Fig. 1.2 The CSI architecture

indicators of channel properties. Unlike traditional metrics such as the Received
Signal Strength Indicator (RSSI), which only measures signal strength, CSI provides
a comprehensive view of the wireless channel by capturing fine-grained characteris-
tics. These characteristics include the amplitude, phase, and time delay of individual
subcarriers, which reflect the complex propagation and fading effects that occur
in wireless environments, as shown in Fig. 1.2. Such detailed information allows
researchers and engineers to analyze and optimize communication systems with a
higher degree of precision.

The extraction of CSI provides access to detailed channel response information,
enabling the study and understanding of precise signal characteristics. One of CSI’s
key strengths lies in its robustness against interference, particularly when coupled
with orthogonal frequency-division multiplexing (OFDM). OFDM divides the
communication channel into multiple orthogonal subcarriers, effectively reducing
the adverse impact of multipath effects. This makes CSI an ideal tool for various
applications, including fingerprint-based indoor localization systems, where high
accuracy is required. By leveraging the unique properties of CSI, these systems can
achieve significantly improved performance in positioning accuracy compared to
traditional approaches.

The transmission process of a wireless signal, as represented by CSI, can be
modeled mathematically as follows:

R=CSI-T+G, (1.1)

where T is the transmitted signal vector, G represents Gaussian noise, and CS/
is the channel matrix encapsulating the wireless channel’s characteristics. The
dimensions of the C'SI matrix depend on the number of subcarriers, each subcarrier
characterized by its frequency response. For the ith subcarrier, CSI can be expressed
as a complex value:

CSI; = |CSI;| el £CST (1.2)
where |CS1I;| denotes the amplitude and ZCS1; represents the phase. It serves as

a robust tool for constructing fingerprint databases for indoor localization. Unlike
metrics like RSSI, which are prone to variations due to environmental changes,
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fingerprints derived from CSI demonstrate significant spatial variation and remain
stable under dynamic conditions. This makes them particularly effective for high-
precision localization tasks. Furthermore, the orthogonality of subcarriers in OFDM
allows CSlI-based systems to minimize interference, ensuring enhanced reliability
and accuracy even in complex indoor environments.

The collection of CSI requires specialized hardware capable of measuring the
amplitude and phase of individual subcarriers in real time. Such hardware enables
the extraction of detailed channel characteristics, facilitating advanced research
in both wireless communication and localization systems. Several key hardware
options commonly utilized for CSI data collection are outlined below, as shown
in Fig. 1.3:

¢ Intel 5300 NIC: This is one of the most widely used tools in academic and
industrial research. Supporting the 802.11n Wi-Fi standard, it allows researchers
to access per-packet CSI data through driver modifications. And it’s particularly
suited for controlled experiments and has seen extensive application in indoor
localization systems due to its reliability and accessibility.

e Atheros Wi-Fi Chipsets: Though less flexible than the Intel 5300 NIC, these
chipsets also offer CSI measurement capabilities. Often used in cost-sensitive or
commercial systems, they require specialized drivers to extract CSI data. Despite
their limitations, they provide a practical solution for applications where budget
and simplicity are critical.

¢ Software-Defined Radios (SDR): SDRs, such as the Universal Software Radio
Peripheral (USRP), stand out for their high programmability and support for
diverse wireless protocols, including Wi-Fi, LTE, and 5G. These devices are ideal
for experimental environments, offering unmatched flexibility compared to con-
ventional Wi-Fi NICs. Their versatility makes them invaluable for investigating
a wide range of wireless communication scenarios.

* Specialized Localization Devices: Platforms such as Ubiquiti Networks’ Air-
Max and Qualcomm’s Snapdragon series are designed to enhance CSI logging
capabilities. These devices, optimized for large-scale deployments, provide real-
time channel estimation and support high-precision localization in dynamic and
challenging environments.

Despite the significant advantages offered by these devices, the primary challenge
lies in ensuring the extraction of accurate CSI data. This process requires precise
synchronization of signal transmission and reception, rigorous calibration to correct
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Table 1.1 Comparison of hardware for CSI collection

Device
Intel 5300 NIC

Atheros Wi-Fi
Chipsets

SDR

Specialized
Localization Devices

Features

Supports 802.11n
standard; driver
modifications enable
CSI extraction.

Provides CSI with
specialized drivers;
supports Wi-Fi
standards.

Collects CSI across
protocols (Wi-Fi,
LTE, 5G); highly
programmable.
Platforms like
AirMax and
Snapdragon;

Advantages
Widely used; ideal
for controlled
experiments;
low-cost.
Cost-effective;
suitable for

commercial systems.

Versatile; ideal for
experimental setups;
supports multiple
protocols.

Excellent for
large-scale
deployments; high

Limitations

Limited to 802.11n
standard; struggles
with large-scale
deployments.

Less flexible; limited
research applications.

Expensive; requires
advanced
programming skills.

Limited
customization; high
setup complexity.

optimized for
real-time estimation.

accuracy.

measurement errors, and the application of noise-filtering techniques. Furthermore,
in large-scale applications, managing the substantial volume of data generated by
CSI measurements becomes crucial to maintaining system efficiency. A comparative
overview of these hardware options is presented in Table 1.1.

CSI as the fine-grained data is particularly important for advanced technologies
such as Multiple Input Multiple Output (MIMO), beamforming, and OFDM, all
of which rely on precise channel information to optimize data transmission. CSI
enables adaptive transmission strategies like adaptive modulation and coding, which
adjust transmission parameters based on real-time channel conditions, enhancing
system throughput and reliability. Furthermore, it facilitates interference mitigation
and allows for efficient resource allocation in dense or complex environments.
By capturing detailed channel characteristics, CSI empowers wireless systems
to improve their efficiency, reliability, and capacity, making it a cornerstone of
advanced wireless communication technologies, including 5G and beyond. It has
emerged as a powerful tool for improving localization accuracy, especially in
complex indoor environments where traditional localization techniques, such as
GPS, are not effective. The importance of CSI in localization lies in its ability
to offer unique “fingerprints” for each location within a wireless communication
network, which can then be used to precisely estimate the position of a device or
user.

For intelligent indoor localization, the CSI has several unique superiority as
following (Chen et al. 2023):

¢ High Precision Localization: Traditional localization methods, such as RSSI
and trilateration, provide basic estimates based on signal strength or distance.
However, these methods are highly susceptible to multipath effects, interference,
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and other environmental factors. In contrast, CSI, which captures both amplitude
and phase information across multiple subcarriers, offers a much more granular
and robust representation of the signal propagation environment. This enables
higher precision in determining the position of a device, even in the presence of
obstacles, signal reflections, and multi-path propagation.

e Multipath Propagation and Reflection Handling: One of the biggest chal-
lenges in indoor localization is the effect of multipath propagation, where signals
bounce off walls, floors, and other objects. Traditional methods struggle to deal
with these reflections, leading to poor localization accuracy. However, CSI can
distinguish between the direct path and multipath components of the signal,
allowing localization systems to separate the contributions from different paths.
This enables systems to estimate position more reliably by exploiting the detailed
channel characteristics captured by CSI.

* Fingerprinting for Localization: In indoor localization, CSI-based fingerprint-
ing has proven to be a promising approach. The channel characteristics at
different locations within a building or indoor space are unique, and these
characteristics can be mapped into a database, creating a “fingerprint” for
each location. When a device receives CSI data, it can compare the observed
fingerprint with a pre-existing database to determine its location. This method
has been shown to outperform RSSI-based localization in terms of accuracy and
robustness.

* Real-Time Positioning: The high temporal resolution of CSI allows real-time
tracking and continuous localization. In dynamic environments, such as mobile
networks or environments with moving objects, CSI can be updated in real-time,
providing accurate and continuous localization information, making it suitable
for applications such as autonomous navigation and indoor robotics.

e Multi-User Localization: CSI’s fine-grained nature enables multi-user localiza-
tion in environments where multiple devices or users are active simultaneously.
This is particularly useful in environments like offices, shopping malls, or large
indoor facilities where numerous devices need to be localized at once. By using
advanced algorithms that exploit CSI data from multiple users, systems can
achieve accurate localization even in crowded environments.

e Low-Cost and Low-Infrastructure Requirements: One of the major advan-
tages of CSI-based localization is that it can often be implemented using existing
Wi-Fi infrastructure, reducing the need for additional hardware or expensive
infrastructure modifications. By utilizing CSI from off-the-shelf Wi-Fi routers
and access points, CSI-based localization systems offer a cost-effective alterna-
tive to traditional localization technologies that require specialized hardware or
GPS receivers.

By providing detailed and reliable channel information, CSI enables the accurate
and efficient determination of location in complex and dynamic environments. As
wireless communication technology continues to evolve, CSI-based localization is
poised to become a key enabler of many applications, including indoor navigation,
smart homes, and location-based services (Fig. 1.4).
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Fig. 1.4 Schematic diagram
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1.2.2 Comparisons Between CSI and Other Signals
RSSI

It’s among the most widely adopted signals in wireless localization because of
its straightforward acquisition process and minimal infrastructure requirements.
Represented in dBm, RSSI measures the power level of a received signal, providing
a quantitative indicator of signal strength at the receiver. This strength is influenced
by factors such as transmission power, antenna gains, and propagation distance.
Under ideal free-space conditions, the relationship between received signal strength
and the distance between the transmitter and receiver is described by the Friis
transmission equation:

Pr(d) =P (1.3)

where P, (d) is the received power at distance d, P; is the transmitted power, G,
and G, are the antenna gains at the transmitter and receiver, respectively, and A
represents the signal wavelength. In real-world environments, especially indoors,
the propagation of RSSI deviates significantly from this idealized model due to
multipath effects, interference, and environmental obstructions. To better model
signal attenuation under these conditions, the path loss model is often employed:

d
p(d) = p(do) — 10nlog; (%) + Go, (1.4)

where dj is the reference distance, p(dp) is the received power at dp, n is the path
loss exponent that reflects the environmental attenuation (commonly ranging from
2 to 5 in indoor scenarios), and G, represents random fluctuations modeled as
a Gaussian variable with zero mean and a variance determined by environmental
factors.

The primary appeal of RSSI-based methods lies in their simplicity, cost-
effectiveness, and compatibility with existing wireless systems, making them a
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practical choice for scenarios where infrastructure is limited or resource constraints
are present. However, the accuracy of RSSI can be significantly impacted by
environmental dynamics, such as signal occlusion by objects, human mobility,
and varying atmospheric conditions like humidity or temperature. These factors
often lead to inconsistencies between measured and actual signal strength, affecting
localization performance. Despite these challenges, RSSI’s flexibility has driven
the development of advanced algorithms and correction techniques to improve its
robustness. Adaptive methods, such as environment-aware calibration and machine
learning models, are often applied to mitigate environmental impacts, enabling
RSSI to deliver reliable performance in moderately controlled environments. These
enhancements ensure that RSSI remains a viable option for many wireless localiza-
tion applications, even in the face of its inherent limitations.

Bluetooth Low Energy (BLE)

It’s a short-range wireless communication protocol designed for low-power and
high-frequency applications. BLE operates in the 2.4 GHz ISM band, where it
utilizes frequency-hopping spread spectrum (FHSS) across 40 channels to reduce
interference and improve signal robustness (Shit et al. 2019). This feature makes
BLE particularly suitable for applications such as indoor navigation, asset tracking,
and proximity-based services. BLE localization primarily relies on beacon devices,
which periodically broadcast unique identifiers alongside their signal strength.
These signals are received by compatible devices, such as smartphones or special-
ized sensors, to estimate the distance between the transmitter and receiver. Unlike
traditional RSSI-based localization systems, BLE’s beacon infrastructure allows for
a more structured deployment, enhancing localization scalability.

The distance between BLE devices is typically estimated as the same as
the RSSI, and it also suffers from the multipath effects, device orientation, and
environmental factors like walls, furniture, and human presence. These variabil-
ities often lead to inaccuracies in distance estimation. One notable advantage of
BLE over RSSI lies in its flexibility and energy efficiency. BLE beacons, often
powered by small coin-cell batteries, can function for months or years without
replacement, enabling widespread and low-maintenance deployments. Additionally,
BLE supports a wide range of commercial applications, including personalized
marketing in retail spaces and wayfinding in large indoor environments like airports
or shopping malls. However, BLE signals suffer from challenges such as signal
instability and susceptibility to interference from other 2.4 GHz devices, including
Wi-Fi. Advanced algorithms, including machine learning-based regression models
and signal smoothing techniques like particle filters, are often employed to mitigate
these issues. Furthermore, hybrid localization systems that integrate BLE with
technologies such as ultra-wideband (UWB) or Wi-Fi can achieve higher accuracy.



12 1 What Is Intelligent Indoor Localization Technology?

UWB

It’s a wireless communication technology that operates over a broad frequency
spectrum, typically exceeding 500 MHz, using extremely short-duration pulses for
data transmission. Unlike narrowband systems, UWB’s wide bandwidth allows it
to achieve fine temporal resolution, enabling accurate time-of-flight (ToF) measure-
ments. These ToF measurements are the foundation for its exceptional localization
accuracy, which can reach cm-level precision. UWB signals are highly resilient to
interference and can effectively mitigate the impact of multipath effects, making
them well-suited for challenging indoor environments. Furthermore, UWB can
penetrate obstacles like walls and furniture to maintain robust signal quality,
enhancing its reliability in real-world scenarios (Yang et al. 2022).

While UWB offers superior accuracy compared to other technologies like BLE
or RSSI-based systems, it comes with some trade-offs. The shorter transmission
distance typically limited to a few tens of meters, can restrict its applicability in
large-scale deployments. Additionally, UWB requires specialized hardware, such
as anchors and tags, which may increase the cost of implementation compared to
systems leveraging existing infrastructure like Wi-Fi or BLE. Nevertheless, UWB
has found increasing adoption in applications requiring precise localization, such as
asset tracking, autonomous robotics, and secure access systems. With the integration
of UWB technology into consumer devices, including smartphones and wearables,
its use is expanding beyond industrial applications to everyday scenarios such as
contactless payments and proximity-based interactions.

Magnetic Field

Magnetic field-based localization harnesses the Earth’s geomagnetic field to deter-
mine position, drawing inspiration from animals like homing pigeons that navigate
using magnetic cues. This approach relies on the principle that magnetic field
strength and direction vary across locations, forming unique spatial signatures that
can be mapped for indoor positioning (Kusche et al. 2021). In indoor environments,
factors such as metallic objects, electronic devices, and structural elements influ-
ence the magnetic field’s distribution, creating both challenges and opportunities.
Despite these complexities, magnetic fields serve as a dependable fingerprint for
localization, requiring no additional infrastructure like Wi-Fi or Bluetooth. This
makes the method particularly useful in scenarios where other signals are unreliable
or unavailable.
The magnetic field produced by a point dipole source is modeled by

_ (m, r)r_i
B(m,r) = o [3 TE |r|3} , (1.5)

where w is the permeability of free space, m represents the magnetic moment
of the dipole, and r is the vector from the source to the observation point, with
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[r| denoting the distance between them. This passive, infrastructure-free approach
offers significant advantages over systems requiring active transmitters, such as Wi-
Fi or UWB. Its cost-effectiveness and independence from external signal sources
make it ideal for environments where traditional technologies face limitations.
However, magnetic field-based localization is sensitive to environmental changes,
such as nearby magnetic interference or material composition, which can impact
positioning accuracy. Integrating this technology with other systems, like Wi-Fi or
UWRB, helps overcome these limitations and enhances localization precision. As a
result, magnetic field-based localization has shown promise in unique applications,
including underground, underwater, and signal-shielded environments. When used
as part of a multi-sensor fusion system, it significantly enhances robustness and
reliability, addressing limitations inherent in standalone systems.

RFID

This technology operates by enabling communication between readers and tags
using electromagnetic fields. RFID tags are categorized as passive or active.
Passive tags lack an internal power source, relying on energy harvested from the
reader’s signal. This makes them lightweight, economical, and suitable for various
applications. Active tags, on the other hand, are equipped with internal batteries,
allowing for extended communication distances and more robust functionality but
at a higher cost and larger size. Localization methods using RFID include signal
property analysis, such as RSSI, phase shifts, or proximity detection. For example,
proximity-based methods estimate a tag’s location by determining which reader
detects the strongest signal, offering a straightforward but lower-accuracy solution.
Phase-based techniques, by contrast, leverage the phase difference of signals to
provide more precise positioning, particularly in controlled environments (Tang
et al. 2024).

RFID localization finds widespread use in sectors such as logistics, warehousing,
and retail, owing to its ability to identify and monitor numerous items simul-
taneously. Its adaptability and seamless integration into existing infrastructures
make it particularly effective for managing inventories and monitoring personnel
movements. However, environmental factors like interference or metallic objects
can affect RFID signal propagation, impacting its reliability. Additionally, the com-
munication range of passive RFID systems is generally restricted to a few meters,
limiting their suitability for large-scale applications. To address these challenges,
RFID systems are increasingly combined with complementary technologies, such as
inertial sensors or Wi-Fi, to enhance performance. These hybrid solutions maximize
RFID’s cost-effectiveness while improving accuracy and resilience, expanding its
utility in diverse applications, including access management and dynamic asset
location monitoring.
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Visible Light Communication (VLC)

It’s an emerging technology that utilizes light-emitting diodes (LEDs) as the
communication medium, offering a promising alternative to traditional RF-based
localization systems. VLC operates under the green communication concept, mak-
ing it not only an efficient and sustainable solution but also an innovative one in the
context of IoT applications. Unlike RF technologies, VLC positioning requires only
light intensity data collected by photodetectors or photodiodes, eliminating the need
for additional infrastructure such as transmitters and receivers typically required
by Wi-Fi or Bluetooth systems. This approach allows for simple deployment, low
cost, and minimal power consumption, making VLC an attractive solution for smart
building applications, indoor navigation, and location-based services.
The received signal in VLC positioning systems can be represented as

r(t) =aRpx(t — 1) +n(), (1.6)

where « is the attenuation factor of the LED, 7 is the flight time of the light signal,
R, is the responsivity of the photodiode, and n(¢) is the shot noise in the system.
VLC’s key advantages lie in its ability to provide high-precision localization while
avoiding the multipath effects that commonly affect RF-based technologies. Since
the signal is based on light, it is immune to interference from physical obstructions,
making it especially effective in controlled indoor environments. Furthermore, VLC
can leverage existing lighting systems, such as the LED lighting found in many
modern buildings, for seamless integration with minimal extra cost. However, the
most significant limitation is its reliance on line-of-sight (LoS) between the light
source and the receiver, which means that obstacles such as walls or furniture can
block the signal. Additionally, VLC systems can be sensitive to fluctuations in
lighting conditions, such as changes in ambient light or power fluctuations in the
LED sources. However, the potential of VLC in specific applications—such as indoor
localization in areas where RF signals are weak or unavailable, or environments
where energy efficiency is a priority—remains high. By combining VLC with other
positioning technologies, such as Wi-Fi or UWB, it is possible to mitigate some of
these challenges and create a more robust and reliable indoor localization system.

Ultrasonic

It utilizes high-frequency sound waves (above 20 kHz) for distance measurement
and localization. It works by transmitting an ultrasonic pulse from a transmitter
to a receiver, which then measures the time it takes for the pulse to travel to the
receiver and return. This ToF measurement, combined with the speed of sound
in the medium, is used to calculate the distance between the transmitter and the
receiver. Ultrasonic positioning is highly accurate, with sub-cm precision achievable
in ideal conditions, and particularly useful for applications requiring high-precision
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localization, such as robotics, asset tracking, and industrial automation (Cai et al.
2022).
The general model for ultrasonic distance measurement can be expressed as

c-t
d=—r, 1.7
5 (1.7)

where d is the distance between the transmitter and the receiver, c is the speed of
sound in the medium (typically air), and ¢ is the time taken for the sound pulse
to travel to the receiver and back. Ultrasonic technology offers several advantages,
including high accuracy, low power consumption, and the ability to operate without
complex infrastructure. It can be implemented with relatively inexpensive hardware,
making it suitable for both large-scale and small-scale applications.

While ultrasonic localization offers high accuracy, it is subject to certain limita-
tions. One significant drawback is that ultrasonic waves are subject to interference
from environmental factors such as temperature, humidity, and obstacles in the
path of the signal, which can affect the accuracy of the distance measurements.
Furthermore, ultrasonic positioning systems typically require a LoS between the
transmitter and receiver, meaning obstacles such as walls or furniture can obstruct
the signal. These limitations can make ultrasonic systems less effective in dynamic,
cluttered environments compared to technologies like RFID or Wi-Fi. Nonetheless,
ultrasonic technology remains a viable solution for applications in controlled indoor
environments, where its accuracy and ease of integration with other systems make
it a valuable tool for high-precision localization. Additionally, combining ultrasonic
with other positioning technologies, such as visual or magnetic field-based systems,
can help mitigate these limitations and enhance overall performance.

Discussion

CSI stands out among localization technologies due to its ability to capture detailed
amplitude and phase information across multiple subcarriers. This fine-grained
representation allows CSI to effectively utilize multipath propagation, a common
challenge for technologies like RSSI and BLE, to enhance localization accuracy.
Unlike these signal strength-based approaches, which are prone to interference
and environmental variability, CSI leverages rich channel characteristics to turn
multipath effects into an advantage. Moreover, CSI achieves high precision without
requiring specialized hardware by utilizing standard Wi-Fi access points and off-
the-shelf network interface cards, making it both cost-effective and accessible.
Compared to other high-accuracy localization technologies such as UWB, VLC,
and ultrasonic, CSI offers unique benefits. UWB provides centimeter-level precision
but requires dedicated hardware and operates within a constrained distance. Simi-
larly, VLC and ultrasonic are limited by line-of-sight requirements and sensitivity
to environmental factors. In contrast, CSI is more robust in obstructed or dynamic
environments thanks to its reliance on Wi-Fi infrastructure. Its capability to support
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multi-user localization and advanced techniques such as beamforming further
distinguishes it from magnetic field and RFID-based systems, which often face
hardware dependencies and environmental constraints. The comparison of these
technologies with CSI is summarized in Table 1.2, these characteristics position CSI
as a strong contender for advancing wireless localization technologies, combining
precision, dependability, and adaptability.

1.2.3 Wireless Localization Comparisons
Trilateration

Trilateration is a distance-based localization technique widely employed in indoor
positioning systems. Its principle includes determining the precise location of a
target point by utilizing distance measurements between the target and multiple
reference points (such as anchor nodes or base stations) with known coordinates
(Albraheem and Alawad 2023). The effectiveness of this method hinges on high-
precision distance measurement techniques, with Time of Arrival (ToA) and Time
Difference of Arrival (TDoA) being the most commonly adopted approaches. ToA
estimates distance by measuring the time a signal takes to propagate from a refer-
ence point to the target, whereas TDoA determines the target’s position by analyzing
the time differentials of signal arrivals at multiple reference points. Although both
ToA and TDoA are time-based localization techniques that require at least three
base stations with known locations, they impose stringent time synchronization
requirements on devices, thereby increasing the operational complexity in real-
world applications.

The core principle of trilateration is based on the geometric intersection of
circles or spheres, as shown in Fig. 1.5. In a two-dimensional plane, suppose three
reference points A(x1, y1), B(x2, y2), and C(x3, y3) are given, along with a target
point P(x, y), whose distances to these three reference points are dj, d, and d3,
respectively. According to geometric relationships, the position of the target point
P should satisfy the follows:

Ve —x)2+ G —-y)?=d
Ve -2+ G -n)2=d - (1.8)
Vo —x3)2+ (- y3)? =ds

Each equation represents a circle centered at a reference point with a radius equal
to the measured distance. The target point P lies at the intersection of these circles.
The system of equations can be solved using algebraic methods, such as the least
squares method, or geometric approaches, the coordinates (x, y) of the target point
P can be determined.
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Fig. 1.5 Structural principle
diagram of trilateration
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Trilateration is a widely used positioning method based on geometric princi-
ples, well-suited for indoor environments with relatively stable signal conditions.
However, its accuracy can be affected by multipath propagation, non-line-of-sight
(NLOS) scenarios, and measurement errors. To improve performance under such
conditions, practical systems often apply filtering algorithms or combine trilatera-
tion with other positioning techniques to achieve better accuracy and reliability.

Triangulation

Triangulation is another classic positioning method based on angle measurement,
it determines the coordinates of a target by using angular information between
known reference points and the target itself. Unlike trilateration, which depends
on distance measurements, triangulation relies on directional angles, typically the
Angle of Arrival (AoA) , to estimate position. By measuring the angles at which
signals from the target arrive at multiple reference points and applying geometric
relationships, the target’s location can be calculated. Because of its high accuracy
and reliability, triangulation is widely used in radar systems, acoustic positioning,
wireless communication networks, and indoor localization applications.

As shown in Fig. 1.6, consider a scenario where two reference points with known
coordinates, A(x1, y1) and B(x3, y2), are able to measure the angles of arrival 6; and
6, respectively, from a target point P(x, y). These angles are typically measured
relative to a common axis (e.g., the x-axis), based on the direction of incoming
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signals. By applying basic trigonometric relationships, the coordinates of the target
point can be expressed as:

tan (6)) = 221,
X — X1

tan (6y) = 2—22. (1.9)
X — X

Solving this system of equations yields the explicit coordinates of the target point:

_ y2—y1 +xtan(61) — xo tan(6)
tan(61) — tan(6,)

y =y1 + (x — x1) tan(6). (1.10)

I

This method enables accurate localization without requiring direct distance mea-
surements, provided that the angular information is measured with sufficient
precision. In practical scenarios, the effectiveness of triangulation is influenced
by both the resolution of the angle estimation technique and the geometric con-
figuration of the reference points. When the reference points are arranged in
an unfavorable manner, for instance when they are nearly colinear, the resulting
angular ambiguity and amplification of measurement errors can significantly reduce
localization accuracy. Therefore, achieving reliable performance in real-world
applications necessitates suitable system design and the use of advanced angle
estimation methods, such as antenna arrays or directional sensing devices.

Fingerprint-Based Localization

It represents a different paradigm of indoor localization, and leverages the spatial
variation characteristics of wireless signals to establish a mapping between signal
features and spatial locations, enabling precise position estimation (Zhang et al.
2023). Unlike trilateration, which relies on distance measurements, or triangulation,
which depends on angle measurements, fingerprinting does not require prior
knowledge of the exact positions of base stations, nor does it rely on signal
propagation time or angle measurements. This reduces the system’s dependence
on hardware synchronization and measurement precision, thereby enhancing its
deployment flexibility and applicability. Because of its ease of implementation, low
measurement cost, and strong adaptability to complex environments, fingerprinting
has emerged as one of the mainstream techniques for indoor positioning.

The implementation process, as shown in Fig. 1.7, consists of two main phases:
the offline phase and the online phase. In the offline phase, the target localization
area is first divided into a uniform grid to define sampling points. Wireless
fingerprint data, such as RSSI, are collected from multiple APs at these sampling
locations. The multidimensional fingerprint data from each sampling point are then
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Fig. 1.7 Framework of WiFi
fingerprint-based localization
system
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stored to construct an offline fingerprint database, a process commonly referred to as
a site survey. In the online phase, when a user is at an unknown location, their device
transmits real-time fingerprint data to the positioning algorithm. The system then
searches the fingerprint database and identifies the most similar fingerprint records
to estimate the user’s position, thereby achieving localization. Common positioning
algorithms include the KNN algorithm and machine learning-based classification
or regression methods, all of which optimize the matching process to improve
localization accuracy and robustness.

The advantage of fingerprinting-based localization lies in its strong adaptability
to complex environments, effectively mitigating issues such as multipath effects and
NLoS propagation. However, its offline phase requires extensive data collection, and
environmental changes (e.g., furniture movement or variations in signal sources)
may render the fingerprint database obsolete, necessitating recalibration. Therefore,
in practical applications, this technology is often combined with ML algorithms
or incremental update techniques to enhance the system’s robustness and real-time
performance (Ruan et al. 2022).

To summarize, the above sections analyze these three techniques comprehen-
sively, with a comparisons provided in Table 1.3. Trilateration determines the
position of a target point by measuring its distances from multiple reference
points. This technique is widely applied in wireless sensor networks and other
localization scenarios; however, it relies on favorable signal propagation conditions
to ensure accuracy. In contrast, triangulation estimates position based on angle
measurements and trigonometric computations. While effective in complex envi-
ronments, it often requires more sophisticated and costly equipment. Fingerprinting,
by leveraging multipath effects and environmental characteristics, establishes a
fingerprint database and matches real-time signal features for localization. This
approach mitigates the inherent errors of traditional ranging-based methods and
offers superior localization accuracy in challenging environments.
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Table 1.3 Wireless localization comparisons

Method Principle Advantages Limitations Applications
Trilateration Calculating Simple Highly sensitive | Indoor/outdoor
position based on | theoretical to distance environments
distances from model; does not measurement with reliable
multiple rely on errors; requires a | distance
reference points | environmental well-calibrated measurements
using ToOA/TDoA | characteristics signal (e.g., UWB,
propagation LoRa)
model
Triangulation | Estimating Can achieve high | Requires precise | Applications
position using accuracy in angle requiring precise
angle specific measurements; angular
measurements scenarios; widely | errors positioning, such
from multiple used in optical accumulate over | as camera-based
known reference | and long distances and LiDAR
points ultrasound-based localization
systems
Fingerprinting | Collecting and High adaptability | Requires Large indoor
matching signal | to complex extensive offline | spaces such as
characteristics environments; data collection; malls, airports,
(e.g.,RSS)ina | robust against environmental and museums
pre-built multipath effects | changes may
database and NLoS lead to
propagation fingerprint
database
degradation
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Chapter 2 ®)
Machine Learning for CSI-Based ST
Localization

Abstract Machine learning-based CSI localization techniques is important for
enhancing the accuracy, adaptability, and scalability of indoor positioning systems.
Building upon the foundational discussions in Chap. 1, which covered the three
areas of this book. This chapter introduces the machine learning algorithms that
drive these advancements forward. We explore both supervised and unsupervised
learning methods, focusing on representative algorithms such as KNN, SVM,
Decision Trees, k-Means, CNN, and RNN. Each technique is examined in terms
of its theoretical foundation, practical strengths, and applicability to CSI-based
localization. Optimization strategies, including feature selection and parameter
tuning, are also discussed to improve overall system performance. A comparative
analysis is presented to evaluate algorithmic effectiveness under realistic deploy-
ment conditions, addressing several challenges raised in the previous chapter.

By integrating these machine learning approaches, we also provide both theo-
retical insights and practical guidance for developing efficient, robust, and adaptive
CSI localization systems. It builds on the basic concepts introduced in Chap. 1 and
progresses toward advanced algorithmic solutions, setting the stage for subsequent
chapters on offline data collection, intelligent updates, and accurate localization.
This chapter is crucial for researchers and practitioners aiming to leverage machine
learning for dynamic indoor environments.

Keywords Machine learning - Supervised learning - Unsupervised learning -
Adaptive localization

2.1 Overview of Machine Learning

2.1.1 Basics of Machine Learning: Concepts and Definitions

Machine learning is a subset of artificial intelligence that enables systems to
learn patterns from data and improve their performance over time without explicit
programming (Jordan and Mitchell 2015; Zhou 2021). It relies on mathematical and
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statistical techniques to analyze data, uncover hidden patterns, and make predictions
or decisions. The primary goal of machine learning is to generalize effectively
to unseen data, ensuring robust performance in real-world applications. With the
exponential growth of data and computational power, machine learning has become
indispensable in fields such as image recognition, natural language processing,
and financial forecasting. However, its success heavily depends on the quality and
quantity of data, and it often struggles with noisy or outlier data points.

ML can be divided into three main types: supervised learning, unsupervised
learning, and reinforcement learning. Supervised learning relies on labeled data to
teach the model the relationship between inputs and outputs. The goal is to predict
the correct output for new, unseen data. For example, in image classification, the
model learns from a large set of labeled images and then uses that knowledge to
classify new images. Mathematically, supervised learning tries to find a function
f(x) that matches the output y for a given input x. Common ways to measure
errors in supervised learning include mean squared error for predicting numbers
and cross-entropy for classifying things. Unlike supervised learning, unsupervised
learning operates on unlabeled data, focusing instead on discovering hidden patterns
or structures within the data. It works with data that doesn’t have labels. It tries to
find hidden patterns or groupings in the data. For example, clustering algorithms
like K-means group similar data points together, while methods like PCA reduce
the number of variables in the data while keeping the important information.
Mathematically, clustering aims to divide a dataset {x1, x2, ..., x,} into k groups,
where data points in the same group are very similar, and data points in different
groups are very different. Reinforcement learning is different from the other two.
It involves an agent learning by interacting with an environment (Szepesvari 2022).
The agent takes actions, receives rewards or penalties, and tries to maximize its
total reward over time. This type of learning is often used in robotics, games, and
managing resources. Mathematically, the goal is to maximize the cumulative reward
R =72, v'r:, where y is a discount factor and r; is the reward at time ¢.

For the CSI-based localization, machine learning can use the detailed information
in CSI to estimate a device’s location. It includes features like signal strength,
phase, and delay, which are influenced by the environment and the positions of the
devices. By training models on data collected from different locations, we can create
a mapping between signal characteristics and spatial coordinates. For example,
supervised learning methods like support vector machines or neural networks
can use labeled input to predict the position of unknown devices. Furthermore,
unsupervised learning methods such as K-means or Gaussian mixture models can
group unlabeled samples to identify patterns in how signal features vary across
different locations.
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2.1.2 Relevance of Machine Learning in CSI Localization

ML is particularly valuable for CSI-based localization because of its ability to man-
age the complexity and variability of indoor wireless environments (Burghal et al.
2020; Wang et al. 2016). Traditional localization approaches, which are typically
based on geometric or analytical models of signal propagation, often struggle to
cope with the unpredictable behavior of wireless signals in practical scenarios.
Factors such as multipath effects, NLoS propagation, and dynamic environmental
changes can significantly degrade the performance of these conventional methods.
Moreover, ML algorithms can learn the complex and often nonlinear relationships
between CSI measurements and physical locations directly from data, without
requiring explicit assumptions about the signal environment.

CSI data is inherently high-dimensional and structurally rich, containing detailed
information such as amplitude and phase across multiple subcarriers and anten-
nas. This complexity presents both challenges and opportunities for localization.
Machine learning techniques, particularly those in deep learning, are highly effec-
tive at capturing patterns in such data. For instance, Convolutional Neural Networks
(CNN) are capable of extracting spatial features from CSI matrices, enabling
the differentiation of signal characteristics across different locations. Recurrent
Neural Networks (RNN), including Long Short-Term Memory (LSTM) models, are
effective in modeling temporal dependencies within sequential CSI measurements,
making them suitable for scenarios involving user mobility (Hu et al. 2024).

In addition to handling the complexity of CSI data, machine learning also offers
scalability in processing large volumes of data collected in modern wireless systems.
As wireless infrastructure continues to expand and generate increasingly dense
datasets, the ability of ML models to process and generalize from large-scale data
becomes essential. Unsupervised learning techniques, such as K-means clustering
and Gaussian Mixture Models, can be used to group similar CSI patterns, helping to
identify spatial structures and distinguish different areas within the environment.
Dimensionality reduction methods like PCA or autoencoders can simplify the
data while retaining its most informative components, thus reducing computational
burden and improving model efficiency.

Another important advantage of machine learning is its adaptability. Models can
be updated or retrained as the environment evolves, ensuring sustained localization
performance even in the presence of changes such as furniture rearrangement or
varying human presence. This capability enhances the robustness, generalization,
and practicality of CSI-based localization systems in real-world applications.
Therefore, the combination of machine learning into CSI localization frameworks
significantly improves positioning accuracy, adaptability to environmental variation,
and scalability across diverse deployment conditions.
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2.2 Supervised Learning Methods

2.2.1 KNN

KNN is a simple yet effective algorithm used for classification and regression tasks,
as illustrated in Fig.2.1 (Guo et al. 2003). For the CSI-based localization, KNN
estimates the position of a device by leveraging CSI features such as amplitude and
phase. These features are typically pre-processed through normalization to mitigate
variations in signal strength before being input into the algorithm. In the training
phase, a database of labeled CSI measurements collected at known locations is
constructed, forming the reference set for future predictions. When a new CSI
sample is received, KNN compares it against this reference set to determine the most
similar entries and infer the corresponding location. Despite its simplicity, KNN is
capable of delivering competitive localization performance in static or moderately
dynamic environments, making it a useful baseline for evaluating more complex
algorithms.

The algorithm operates by identifying the k nearest neighbors to a test sample
using a distance metric. For classification tasks, it employs majority voting among
the k neighbors to predict the label, whereas for regression tasks, it averages the
neighbors’ values. The Euclidean distance is the most commonly used metric,
defined as

M
dxi xj) = | > Gim — Xjm)> @.1)
m=1

where M represents the number of features. However, in high-dimensional CSI data,
Euclidean distance can suffer from the curse of dimensionality, resulting in less
reliable outcomes. In such scenarios, alternative metrics like Manhattan distance or

Fig. 2.1 The sructure of
KNN

® Class1
® Class2
® Class3
—%— Test Point
-- Neighbor Distance

@2 o
: 2
° °
o9
° ofG@j@ §‘%’°Oog
° ©
O 8 00 °° " @
e o0
%° . Q




2.2 Supervised Learning Methods 29

cosine similarity are often employed, which can be described by

(3t xj) = G —x )T 271 — ), 22)

where X is the covariance matrix. And Dynamic Time Warping (DTW) can improve
results by accounting for feature correlations and temporal dynamics, respectively.

The performance of KNN in localization tasks is highly influenced by the number
of neighbors considered. Using too few may result in overfitting, as the prediction
becomes overly sensitive to local noise, while too many can lead to underfitting
by oversmoothing the estimation. Therefore, determining an appropriate value is
critical and is typically accomplished through cross-validation. The optimal choice
also depends on the spatial distribution of the data: fewer neighbors tend to perform
better in densely sampled areas, whereas a larger neighborhood is more suitable for
sparsely populated regions. With careful parameter tuning and proper preprocessing,
KNN can offer reliable and accurate localization results.

222 SVM

Support Vector Machine (SVM) is a robust supervised learning method known for
its ability to handle both linear and nonlinear classification and regression tasks
(Noble 2006). By focusing on minimizing structural risk, SVM is particularly
effective in high-dimensional spaces and with small datasets, offering strong
generalization capabilities. However, its performance can be hindered when dealing
with large volumes of data, and the choice of kernel function is important for
determining the model’s effectiveness. Commonly used kernels include linear,
polynomial, and radial basis function (RBF), with the latter offering the most
flexibility and widespread application due to its adaptability to complex decision
boundaries.

The core idea of SVM is to identify an optimal hyperplane that separates data
points from different classes. In the case of linearly separable data, this separating
boundary is chosen to maximize the margin, which refers to the smallest distance
between the boundary and the nearest training samples known as support vectors.
These support vectors are the only data points that influence the final model. For
binary classification, the decision function is

f(x) = sign(w’ x + b), (2.3)

where w is the weight vector, and b is the bias term. In order to maximize the
classification margin, the optimization problem is formulated as minimizing the
norm of the weight vector w, which is equivalent to solving miny, p %H w||%. Subject
to y; (w” x; + b) > 1 for all samples i. This optimization problem can be efficiently
solved using the method of Lagrange multipliers, which is suitable for handling
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the constraints in this problem. For non-linearly separable data, SVM uses kernel
functions to map data into a higher-dimensional space where a linear hyperplane
can be found. The RBF kernel is defined as

K (i, x) = exp (=y i = x;117) @4

where y controls the kernel’s flexibility. The RBF kernel must satisfy the Mercer
condition to ensure the kernel matrix is positive definite.

The effectiveness of SVM in CSI localization largely depends on how the
hyperplane is optimized and which kernel function is selected, as these factors
influence the model’s ability to distinguish CSI features from different spatial
positions (Zhou et al. 2017). SVM can be applied to classify signal patterns into
specific location areas or to directly estimate position coordinates, making it well-
suited for both indoor and multi-target localization scenarios. Given the complex
and high-dimensional nature of CSI data, kernel functions are used to transform
the input space, allowing for better class separation and more accurate localization
performance.

2.2.3 Decision Trees and Random Forests

Decision trees offer a structured and intuitive approach to learning patterns from
data, making them a popular choice for both classification and regression tasks
(Kotsiantis 2013). They function by recursively partitioning the feature space based
on feature values, aiming to group samples with similar target outputs. This process
relies on metrics such as Gini impurity or information gain to guide the splits.
While decision trees are easy to interpret and implement, they are also vulnerable
to overfitting, especially when the model becomes overly complex or when noise
exists in the training data.

It includes internal nodes, branches, and leaf nodes. Each internal node evaluates
a specific feature, the branches represent possible outcomes of that evaluation,
and the leaf nodes provide a class label in classification tasks or a predicted
value in regression tasks. In classification, the assigned label is determined by
the majority of training samples reaching the leaf node, while in regression, the
prediction is typically the average of these values. Constructing a decision tree
involves identifying the most informative feature at each node to split the data.
Information gain evaluates how much a feature reduces uncertainty in the dataset,
thereby improving the model’s predictive performance by

D,
160D, f) = HD) = Y. " H (D), .5)
vef
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where H (D) is the entropy of dataset D, and D, is the subset in which feature f
takes value v. And Gini impurity also reflects the probability of misclassification
within a subset as

K
Gini(D) =1- > pf. (2.6)
k=1

where py denotes the proportion of class k in D. When applied to CSI localization,
the tree may initially split the data based on normalized signal strength from a
specific subcarrier. Subsequent nodes then evaluate additional CSI features, such
as phase or latency, refining the classification until a stopping criterion is met—such
as reaching a maximum depth or encountering a node with too few samples. Since
decision trees are prone to overfitting and sensitive to noise, ensuring feature quality
and reducing redundancy are essential to achieving stable localization results.

Random forests extend decision trees by using an ensemble learning approach
that significantly enhances robustness and generalization (Biau 2012). Rather than
relying on a single tree, they aggregate the predictions of multiple trees, each
trained on a bootstrapped sample of the original data. Moreover, by selecting a
random subset of features at each split, the model introduces further variability,
which reduces the correlation between trees and mitigates the risk of overfitting.
This ensemble strategy is particularly beneficial in scenarios where the input data is
complex and subject to environmental fluctuations, as is often the case in CSI-based
localization. The diversity among trees allows the model to capture subtle, location-
dependent patterns in the CSI features while maintaining resistance to noise and
outliers.

2.2.4 Neural Networks

Neural networks are well known for their ability to model complex nonlinear
patterns (Abiodun et al. 2018). Deep architectures have achieved impressive
performance in fields such as image classification, speech recognition, and indoor
localization. These models learn from large-scale data and adapt to diverse input
features through layered transformations. A typical neural network consists of an
input layer, multiple hidden layers, and an output layer. Each neuron computes
a weighted sum of its inputs, adds a bias term, and passes the result through an
activation function. The depth of the network is determined by the number of hidden
layers, which enables the model to extract increasingly abstract representations of
the input. The output of the /" layer is given by

a® = FOpOLI-D 4 pDy 2.7)
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where a® denotes the activation vector, W the weight matrix, bD the bias vector,
and @ the activation function. Common activation functions include sigmoid,
hyperbolic tangent, and ReL.U.

In CSl-based localization, neural networks learn the nonlinear relationship
between CSI features and location coordinates (Wang et al. 2016). The input layer
takes CSI features, and the output layer predicts location coordinates. Hidden
layers automatically learn high-level features from raw CSI data, capturing the
complex signal-location relationship. Training involves iteratively adjusting weights
and biases to minimize the difference between predicted and actual outputs. Opti-
mization is typically performed using gradient-based algorithms, such as Stochastic
Gradient Descent (SGD) or its variants (e.g., Adam, RMSProp). For regression
tasks, the mean squared error (MSE) serves as the loss function, while cross-entropy
loss is commonly used for classification tasks to measure the divergence between
predicted and true distributions.

Different neural architectures offer distinct strengths in processing CSI data.
CNN is effective at capturing spatial features, especially when CSI is transformed
into image-like representations. RNN and LSTM networks are suited for sequential
modeling, making them ideal for tracking location changes over time. Transformer-
based models, originally developed for language tasks, have recently shown strong
potential in localization due to their ability to model long-range dependencies
without relying on recurrence. By using attention mechanisms, Transformers can
capture global context within CSI sequences, improving localization performance
in dynamic and cluttered environments.

2.3 Unsupervised Learning Methods

2.3.1 K-Means Clustering

K-Means clustering is an unsupervised learning algorithm that partitions a dataset
into k clusters, as shown in Fig. 2.2 (Kodinariya et al. 2013). The algorithm assigns
each data point to the nearest cluster center and updates the centers based on the
mean of the assigned points. Its goal is to minimize the variance within each
cluster. One limitation of K-Means is its sensitivity to the initial placement of cluster
centers, which may lead to convergence at a local optimum.

The algorithm begins by randomly selecting k cluster centers. Methods such
as K-Means++ are often used to improve the initialization. For each data point,
the algorithm calculates the distance to every cluster center, typically using the
Euclidean metric, and assigns the point to the closest one. After all assignments
are made, the cluster centers are updated by averaging the positions of the points in
each cluster. This procedure repeats until a convergence condition is met, such as
reaching a maximum number of iterations or observing minimal change in center
locations. The objective function minimizes the total within-cluster sum of squared
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where r;; equals 1 if data point x; is assigned to cluster j, and O otherwise. The
variable p; denotes the center of cluster j. While K-Means is straightforward
and efficient, it is affected by noise and outliers, which can significantly alter the
clustering results.

In CSI-based localization, K-Means can help reveal structural similarities in the
feature space across various spatial regions. With a suitable choice of k, determined
by approaches such as the elbow method or silhouette analysis, the algorithm groups
CSI measurements into clusters that correspond to different physical locations. The
center of each cluster provides a representative CSI profile for that area. Prior to
clustering, applying normalization to the CSI data helps avoid skewed results caused
by differences in feature magnitudes.

2.3.2 DBSCAN

DBSCAN (Density-Based Spatial Clustering of Applications with Noise) is a
clustering algorithm designed to discover clusters of arbitrary shapes and identify
noise in spatial datasets, as shown in Fig. 2.3 (Schubert et al. 2017; Khan et al.
2014). Unlike partition-based algorithms that assume spherical cluster structures,
DBSCAN groups data points based on local point density. A cluster is defined as
a set of points that are closely packed together, where density is measured by the
number of neighboring points within a given radius. A point is considered a core
point if its neighborhood contains at least a specified minimum number of other
points; otherwise, it may be classified as a border point or noise.

The algorithm proceeds by scanning the dataset to find core points and expanding
clusters from them. Starting with an unvisited point, DBSCAN checks whether the
number of points within its e-neighborhood meets the minimum requirement. If
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s0, the point becomes the seed of a new cluster, and the cluster grows by recursively
including all density-reachable points. Points that are not reachable from any cluster
are labeled as noise. Two points x; and x; are density-connected if there exists a
sequence of intermediate points between them, such that each consecutive pair lies
within € distance and satisfies the core point condition. This density-based notion
allows DBSCAN to flexibly adapt to the shape and scale of the data distribution.

When applied to CSI-based localization, DBSCAN provides a non-parametric
approach for uncovering spatial structures in CSI feature space. It can group similar
CSI patterns that correspond to specific physical regions, even when clusters have
irregular boundaries. Moreover, DBSCAN can automatically detect and isolate
outliers caused by environmental dynamics, device interference, or sensor noise.
Removing these outliers improves the robustness of localization models. Compared
to methods that require prior knowledge of the number of clusters, DBSCAN
offers the advantage of adaptive discovery, which is particularly useful in real-world
deployments where the number of location zones is not fixed.

2.3.3 WPCA for Dimensionality Reduction

Principal Component Analysis (PCA) is a classical dimensionality reduction tech-
nique that transforms high-dimensional data into a lower-dimensional subspace
while preserving as much variance as possible (Jolliffe and Cadima 2016). Given
a dataset X = xj,x2,...,xy, where each x; € RP, PCA first computes the
covariance matrix

1 N
C=~ ;(xl- —wxi — w7, (2.9)

where the mean vector is u = % ZIN=1 x;. The principal components are obtained
by performing eigenvalue decomposition on C, where the eigenvectors correspond
to directions of maximum variance. By projecting data onto the top eigenvec-
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tors, PCA retains the most informative dimensions while reducing noise and
computational complexity. This method is widely used for feature compression,
visualization, and as a preprocessing step in machine learning pipelines.

However, traditional PCA assumes equal importance for all samples and dimen-
sions, which makes it sensitive to noise and outliers. This limitation is particularly
evident in CSI-based localization tasks, where wireless signals are affected by multi-
path propagation, interference, and device imperfections. These distortions can skew
the principal components and degrade the performance of downstream localization
models. To address this, Weighted PCA (WPCA) introduces a weighting mechanism
that assigns different importance to each data point. For a dataset with associated
weights w;, the weighted covariance matrix is defined as

N
1
Co="n Z wi (%7 — pw) (i — pw)” (2.10)
Zi:] Wi i=1
N X
where the weighted mean is given by p, = —Zijll WiXi The eigenvectors of Cy,

N i
define the weighted principal components. It can nlfalke the model emphasize more
reliable or informative samples while reducing the influence of noisy or corrupted
data, resulting in improved robustness.

In CSI-based localization, the input features typically include both amplitude and
phase information across multiple subcarriers. Amplitude features tend to be more
stable and location-dependent, whereas phase features are susceptible to noise from
hardware imperfections such as carrier frequency offset and sampling asynchrony.
WPCA enables an adaptive weighting strategy where higher weights are assigned
to more stable amplitude components, and lower weights are applied to noisy
phase components. This selective emphasis improves the signal-to-noise ratio of the
transformed features, enhancing localization accuracy. Compared to standard PCA,
which treats all CSI components uniformly, WPCA leverages domain knowledge to
suppress irrelevant variations and preserve discriminative structure in the data. By
adaptively weighting CSI features based on their reliability and informativeness,
WPCA produces a compact and noise-resilient representation that improves the
performance of learning-based localization systems.

2.3.4 t-SNE

t-SNE (t-distributed stochastic neighbor embedding) is a nonlinear dimensionality
reduction technique designed for visualizing high-dimensional data in two or three
dimensions, as illustrated in Fig.2.4 (Maaten and Hinton 2008). It focuses on
preserving local structures by modeling pairwise similarities between data points.
Despite its effectiveness in visual exploration, t-SNE is computationally expensive
and highly sensitive to hyperparameters such as perplexity, which must be carefully
tuned for optimal performance.
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The algorithm begins by computing the similarity between two high-dimensional
data points x; and x; using a conditional probability distribution by

exp(—|lxi — x;]1?/207)
D ki XP(=lXi — xk 12/203)’

Pjli = (2.11)

where o; controls the local scale of neighborhood around x;. To ensure symmetry,
the joint probability is then defined as p;; = %. In the low-dimensional
embedding, similarities between points y; and y; are measured using a Student’s
t-distribution with a single degree of freedom (i.e., @ = 1), which helps mitigate the
“crowding problem.” The corresponding probability ¢;; is computed as

I+ Iy —y;I1H7!

= . 2.12
S e+ Ik — wl) ] @12

qij

The objective of t-SNE is to make the low-dimensional distribution Q = ¢;; as
close as possible to the high-dimensional distribution P = p;; by minimizing the
Kullback-Leibler divergence as

Pij

—. (2.13)
qij

KL(P||Q) =) pijlog
i#]

Gradient descent is used to optimize the embedding, with careful adjustment of
momentum and learning rate to accelerate convergence and improve stability. While
t-SNE excels at uncovering complex structures such as clusters and manifolds,
it is typically used for visualization rather than downstream tasks due to its
computational cost and lack of scalability.

For CSI-based localization, t-SNE offers an effective approach to visualize
high-dimensional CSI features by projecting them into a lower-dimensional space,
typically 2D or 3D. By preserving local relationships between data points, t-SNE
helps identify patterns and clusters that correspond to different physical locations.
Well-separated clusters in the low-dimensional space often indicate that CSI features
contain location-specific information. Such visualizations can provide insights into
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the quality and discriminability of the features, helping to assess whether the data
can distinguish different locations effectively. Although t-SNE is not directly used
for prediction, it is valuable for evaluating feature quality, detecting anomalies, and
guiding model design. Proper tuning of parameters such as perplexity and learning
rate is essential to ensure meaningful embeddings.

2.4 Deep Learning Models

2.4.1 CNN for Spatial Feature Extraction

CNN is deep learning architectures particularly suitable for processing grid-
structured data, such as images (Li et al. 2021). Their ability to extract local
patterns makes them a strong candidate for CSI-based localization tasks, where
spatial relationships within the signal can reveal information about a user’s position.
However, CNNs typically require large datasets and substantial computational
resources. Moreover, they are often combined with sequence-processing models
when applied to time-dependent data.

A standard CNN includes three main components that work together to extract
and process spatial features. The first is the convolutional layer, which uses multiple
learnable filters to scan the input tensor. Each filter slides across the data with a fixed
stride and computes feature maps by detecting local patterns. This process can be
represented as

M N
= D> Xitmj4n W + b, (2.14)

m=1n=1

where x denotes the input, w the filter weights, and b the bias term. Next, pooling
layers reduce the spatial resolution of feature maps while preserving important
information. Max pooling is commonly used, calculated by

Zpool = MAX(Zi:itk, j:j+k)s (2.15)

where k is the size of the pooling window. This operation not only reduces
computation but also improves robustness to slight variations in the input. Fully
connected layers follow the convolutional and pooling stages to integrate the spatial
features and perform location prediction. Regularization methods such as Dropout
are applied during training to reduce overfitting. The output of a Dropout layer can
be described by

y = Dropout(Wx + b, parop), (2.16)

where pgyop is the dropout rate, and W and b are learnable parameters.
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When applied to CSI data, CNN can treat amplitude and phase components as
separate input channels, similar to the way color channels are handled in image
data (Wang et al. 2018). To ensure consistent scaling across inputs, normalization
or standardization is typically performed before training. With properly designed
filter sizes and network depth, CNN can learn spatial features that reflect multipath
effects and channel changes caused by user movement or environmental obstacles.
During training, model parameters are updated using optimization methods such as
stochastic gradient descent or Adam. The loss function is selected based on the task,
where mean squared error is commonly used for regression and cross-entropy is
used for classification. Regularization methods like L2 weight decay are also applied
to improve the model’s ability to generalize.

2.4.2 RNN and LSTM

RNN is well-suited for processing sequential data, as it maintains a hidden state
that evolves over time, allowing the model to retain and utilize past information.
However, traditional RNNs face challenges in learning long-term dependencies due
to the vanishing gradient problem during backpropagation. To overcome this, LSTM
networks introduce a more structured mechanism that enables more stable gradient
flow over long sequences (Hochreiter and Schmidhuber 1997).

LSTM units incorporate a memory cell along with three types of gates: the forget
gate, input gate, and output gate, as shown in Fig.2.5. These components work
together to control how information is stored, updated, and propagated through time.
At each time step ¢, the LSTM takes the previous hidden state /,_1 and the current
input x;, and performs the following computations.

First, the forget gate determines which information from the previous cell state
C;—1 should be discarded f; = os(Wy[h;—1,x,] + by), where Wy is the weight
matrix, by is the bias, and o is usually a sigmoid activation function. Next, the
input gate decides what new information will be added to the cell state:

ir = oi(Wilhi—1, x:]1 + by), (2.17)

Fig. 2.5 The structure of
LSTM .1

Xt
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where o; is typically a sigmoid function, and W;, b; are trainable parameters.
Alongside the input gate, the candidate cell state is computed to represent the new
content to be added C‘t = o.(Wclhi—1, x;] + b.), where o, is generally a tanh
activation function. The new cell state is then updated by combining the retained
previous memory and the candidate state:

Ci=f0C_1+i0C, (2.18)

where © denotes element-wise multiplication. The output gate determines which
parts of the cell state contribute to the hidden state:

01 = 0o(Wolhi—1, X1+ bo), (2.19)

and the hidden state is updated as h; = 0; © 0}, (C;), where oy, is usually another tanh
function. This gating mechanism enables LSTM to selectively remember or forget
information over long sequences, effectively modeling dependencies over time.

In CSI-based localization, time-series data reflects variations in the wireless
channel as the user moves or the environment changes (Zhang et al. 2020).
LSTM networks are particularly effective in capturing these temporal dynamics. By
learning how CSI values evolve, the model can predict motion trends, track location
over time, and filter out transient noise. Therefore, it makes LSTM suitable for tasks
such as trajectory estimation, motion classification, and real-time tracking.

2.4.3 Autoencoders

Autoencoders are neural networks designed for unsupervised learning, as shown
in Fig. 2.6 (Li et al. 2023). They learn to compress input data into a compact
representation and then reconstruct it from this latent form. An autoencoder consists
of two components: an encoder and a decoder. The encoder maps the input x to a
lower-dimensional latent representation /:

h=f(x)=0c(Wx+b), (2.20)

Fig. 2.6 The structure of Encoder 1 Decoder
autoencoders

. N

Input layer

Hidden layer Output layer
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where W is the weight matrix, b is the bias vector, and o is an activation
function such as ReLU or Sigmoid. This step captures key patterns in the input
while reducing dimensionality. The decoder reconstructs the input from the latent
representation:

T=gh)y=0' Wh+1?), (2.21)

where W’ and b’ are the decoder’s weight matrix and bias, and ¢ is typically set to
match o for simplicity. The goal during training is to minimize the reconstruction
error, thereby ensuring that the latent representation retains essential information
from the original input, and often using mean squared error as the loss function.

For CSl-based localization, autoencoders can reduce the dimensionality of
high-resolution CSI data while preserving location-related features. CSI often
consists of amplitude and phase information across multiple subcarriers, forming
high-dimensional input vectors. These vectors can be fed into the encoder to
extract a compact representation that captures spatial characteristics of the wireless
environment. The latent features obtained from the encoder can reflect consistent
patterns associated with specific indoor locations. These features may include
unique variations in amplitude and phase that result from multipath propagation
or user movement. Once learned, the latent representations can be used as inputs
for downstream localization models, such as classifiers or regression networks, to
estimate user positions more efficiently and robustly.

2.44 GAN

2.4.5 Generative Adversarial Networks for Data Augmentation

Generative Adversarial Networks (GANs) consist of two neural networks: a gener-
ator and a discriminator (Creswell et al. 2018; Saxena and Cao 2021). These two
components are trained together in an adversarial setting, as shown in Fig. 2.7.
The generator is responsible for producing synthetic data samples, while the
discriminator attempts to distinguish between real and generated data. During
training, the generator gradually improves its ability to produce realistic outputs,
and the discriminator becomes more adept at identifying differences between real
and fake samples.

The training objective of GANs can be formulated as a minimax optimization
problem:

mgn m[a)lx V(D, G) = Ex~pgulog D(x)] + Ezp i [log(1 — D(G(2)))],
(2.22)
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Fig. 2.7 The different structures of GANSs. (a) Original GAN. (b) InfoGAN

where G and D denote the generator and discriminator, respectively. The term
Pdata(x) represents the real data distribution, while p,(z) is the noise distribution
used as input to the generator. The first expectation term encourages the discrimi-
nator to assign high probabilities to real data samples. The second term penalizes it
for incorrectly classifying generated data as real.

In practice, these expectations are estimated using mini-batch samples. Given a

batch of real data {x1, x3, ..., xy}, the first term can be approximated as
| N
5 > log D(x)). (2.23)
i=1
and for a batch of noise vectors {z1, z2, ..., Zm}, the second term becomes
| M
- Z log(1 — D(G(z)))). (2.24)
j=l1

The generator is trained to minimize this objective by producing data that the
discriminator is less capable of distinguishing from real samples, while the discrim-
inator seeks to maximize it by improving its classification accuracy.

In CSI-based localization, the scarcity of labeled data often limits model
performance, particularly in complex or resource-constrained environments (Wang
et al. 2021). GANSs provide an effective strategy to address this issue by generating
synthetic CSI data that reflects the statistical characteristics of real measurements.
This is especially advantageous in scenarios such as industrial settings, where
electromagnetic interference and structural occlusions complicate large-scale data
collection. By learning from real CSI distributions, the generator captures key
spatial features embedded in amplitude and phase variations caused by multipath
propagation. The synthesized data can be used to augment training sets, improving
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the robustness and generalization ability of localization models. In addition, the syn-
thetic samples facilitate the analysis of environment-specific propagation patterns,
supporting model adaptation to diverse deployment conditions.

2.5 Challenges and Opportunities

The comparison of representative ML algorithms used in CSI-based localization
is listed in Table 2.1. ML offers powerful tools for extracting features and building
accurate models, yet several challenges remain in terms of data collection efficiency,
real-time adaptability, and localization accuracy.

Model performance is strongly influenced by the quality and quantity of training
data. However, collecting large-scale, labeled CSI datasets in dynamic environments
remains labor-intensive and time-consuming. Conventional fingerprinting methods
often fail to adapt to environmental changes, such as user mobility, structural modi-
fications, or varying interference levels, leading to a decline in localization accuracy.
This underscores the need for adaptive frameworks that support online updates
and real-time learning. Another major challenge lies in achieving high-precision
localization in complex indoor environments, which often requires models capable
of managing multipath propagation, signal fluctuation, and hardware heterogeneity.
These requirements typically lead to increased computational burden, making real-
time inference difficult on resource-constrained devices. Striking a balance between
inference speed, accuracy, and robustness remains an open problem.

Despite these challenges, several promising directions offer potential solutions.
Techniques such as lightweight deep networks and knowledge distillation can
reduce computational load without significantly sacrificing accuracy. Multi-source
data fusion, combining information from CSI, inertial sensors, or vision, can
improve resilience and accuracy. Moreover, transfer learning and reinforcement
learning enable models to adapt efficiently to new environments with minimal
retraining. Federated learning and self-supervised approaches help address privacy
and data scarcity concerns by enabling decentralized training with unlabeled data.
Generative models like GANs further contribute by synthesizing realistic training
data under various channel conditions. Collectively, these approaches open new
opportunities for developing robust, scalable, and intelligent localization systems
that align with the demands of IoT and ISAC applications.
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Chapter 3 m)
Efficient Offline Data Collection Creck o

Abstract This chapter examines key technologies for offline data collection in
ISAC systems. It first compares manual and automated data collection methods,
highlighting their strengths, weaknesses, and applicable scenarios, while addressing
the challenges of balancing data quality and quantity in offline CSI collection. The
chapter then details the design of automated systems, including robotic devices and
power-driven sampling techniques, to streamline large-scale data collection. Addi-
tionally, it contrasts device-based and device-free methods, proposing strategies to
minimize data loss.

Two core algorithms are introduced: the A3C-IP algorithm, which uses asyn-
chronous reinforcement learning to optimize data collection paths and fingerprint
prediction, and the CPPU algorithm, which integrates GAN to dynamically update
CSI data and improve collection efficiency through optimal path planning. Perfor-
mance evaluations validate their effectiveness in intelligent positioning systems,
offering robust solutions for efficient offline data collection.

Keywords Offline data collection - Reinforcement learning - Integrated sensing
and communication

3.1 Overview of Offline Data Collection Techniques

3.1.1 Manual vs. Automated Data Collection Approaches

Accurate and efficient offline data collection is essential for the development of
intelligent localization systems, as it directly affects the quality of training data and
the reliability of algorithm evaluation. As shown in Fig. 3.1, offline data acquisition
methods are generally divided into manual and automated approaches. These two
methods differ in aspects such as precision, efficiency, required resources, and
technical difficulty. In practice, the choice of collection strategy often depends on
the specific needs of the application scenario and the desired level of positioning
accuracy.
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Fig. 3.1 Manual and automated data collection approaches

Manual data collection remains the most established methodology, requir-
ing direct researcher involvement and utilizing specialized equipment including
Wi-Fi CSI devices, UWB sensors, and IMUs to capture signal measurements
while manually recording ground-truth positions in controlled environments. The
approach primarily employs point-by-point measurement at predefined locations for
high-precision positioning systems (though with efficiency limitations), trajectory
tracking enhanced by RTK GPS or laser rangefinders for continuous path data
(despite being labor-intensive), and camera-assisted labeling through video analysis
to improve annotation accuracy (while requiring additional processing). While
offering superior data quality and precise annotations crucial for research validation,
this conventional method presents significant drawbacks including substantial
resource requirements, operational inefficiency, and inherent dependence on human
accuracy throughout the entire data acquisition process.

Automated data collection employs computer-controlled sensing technologies
to enable intelligent data acquisition with minimal human intervention, thereby
improving efficiency and consistency. Key methods include robot-based collection
that leverages SLAM or UWB/LiDAR-equipped mobile robots for autonomous nav-
igation and precise data capture, wearable devices that automatically record motion
trajectories and environmental signals for human behavior analysis, and drone-
based systems that combine GNSS and visual positioning for large-scale outdoor
data collection (Macario Barros et al. 2022). In addition, edge-computing solutions
using distributed IoT nodes support autonomous data processing without centralized
infrastructure. Although these approaches improve scalability and reduce manual
effort, they also face challenges such as high equipment costs, system complexity,
and potential accuracy limitations in automated positioning techniques like SLAM.

In summary, offline data collection for intelligent positioning systems often
involves both manual and automated approaches, as each offers distinct advantages.
Manual data collection provides high precision and reliable data quality, which
makes it particularly valuable for validation studies and the development of high-
accuracy positioning models. However, this method is limited by its inefficiency and
substantial resource demands. Automated data collection, supported by intelligent
sensing devices and automation technologies, offers improvements in efficiency and
scalability, though it may encounter limitations in positioning accuracy and requires
considerable hardware investment. In practical deployment scenarios, combining
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manual fine-grained calibration with automated large-scale data acquisition can help
maintain data quality while improving collection efficiency and system robustness,
thereby delivering more dependable datasets for algorithm training and model
development.

3.1.2 Key Requirements for Offline CSI Collection

In wireless signal-based positioning systems, CSI quality has a direct impact on
model training effectiveness and localization accuracy (Guo et al. 2022). To ensure
reliable offline data collection, three essential requirements must be addressed:
equipment and environmental stability, time synchronization and data consistency,
as well as accurate annotation and efficient storage management.

First, appropriate hardware selection and a stable physical environment are
necessary for capturing valid and reproducible CSI. Commonly used platforms
include Intel 5300 network interface cards and SDR devices equipped with multi-
antenna configurations (e.g., 3 x 3 MIMO), which allow for fine-grained signal
acquisition. Proper installation of drivers and firmware ensures signal fidelity and
prevents data corruption. Since CSI is highly sensitive to ambient changes such as
human activity or electromagnetic interference, data collection should be carried
out in controlled indoor environments with minimal disturbance. Maintaining
stable parameters like antenna placement, transmission power, and frequency bands
(e.g., 2.4, 5, or 6 GHz) helps to ensure consistency across sessions. In addition,
calibration procedures should be performed before data collection to compensate
for device-related variability. Preprocessing techniques such as filtering, denoising,
and amplitude normalization further improve data quality and facilitate downstream
analysis.

Second, precise time synchronization is critical, especially in multi-device
collection setups where the alignment of CSI measurements must be maintained
across all nodes. Asynchronous timestamps may introduce inconsistency and lead
to misaligned input-output pairs in supervised learning tasks. Protocols such as NTP
and PTP can provide high-precision synchronization, ensuring temporal consistency
during acquisition. Moreover, maintaining a stable and sufficiently high sampling
rate (e.g., 100 or 200 Hz) ensures dense and uniformly distributed data, which is
particularly important for modeling dynamic movements. To address unavoidable
issues such as packet loss or jitter during wireless transmission, appropriate
strategies including interpolation, frame alignment, and temporal filtering should
be applied to recover data continuity and suppress abrupt signal variations.

Third, accurate annotation and robust data management are indispensable for
supervised learning-based positioning methods. Ground truth location data should
be collected using high-precision tools such as UWB positioning systems, laser
rangefinders, or optical motion capture systems (e.g., VICON), which can achieve
centimeter-level accuracy. These systems provide reliable references for model
training and evaluation. Meanwhile, raw CSI measurements typically require a
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series of preprocessing steps, including noise reduction, normalization, and format
standardization, to ensure compatibility and consistency across datasets. Commonly
used storage formats include CSV, MATLAB .mat files, and HDF5, which facilitate
efficient data access, sharing, and reuse. To prevent data loss or corruption, system-
atic backup mechanisms and integrity verification should also be implemented as
part of the storage protocol.

3.1.3 How to Balance the Data Quality and Quantity

In intelligent localization systems based on ISAC, offline data collection is a critical
step for constructing effective machine learning models. A major challenge in this
process lies in managing the trade-off between data quality and data quantity. High-
quality data enhances model accuracy and robustness, while sufficient data volume
supports generalization across diverse environments. To address this, a practical
strategy of limited manual collection combined with automated global prediction
can be adopted, as illustrated in Fig. 3.2. This approach begins with a small set
of high-quality samples obtained through manual collection, followed by the use
of automated methods to expand the dataset through model-driven prediction and
acquisition (Zhu et al. 2020).

In the initial phase, manual collection ensures a reliable foundation. Professionals
collect a limited amount of high-precision data under controlled conditions, with
careful calibration of target positions and environmental parameters. This manually
curated dataset is used to train a preliminary model with high accuracy, even though
its spatial coverage is limited. For example, manually annotated ground truth can
effectively mitigate measurement errors caused by device drift or environmental
noise in CSI-based localization. Once the initial model is constructed, automated
methods are used to expand the dataset. Automated sensing systems such as mobile
robots, sensor networks, or wearable devices can continuously collect data across
larger areas. By applying the preliminary model to filter and predict the newly
acquired data, the system can retain only meaningful samples that align with
quality standards. Additionally, adaptive strategies such as reinforcement learning
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Fig. 3.2 Balancing data quality and quantity through hybrid collection
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or entropy-based sampling can guide automated systems to focus on regions with
uncertain or underrepresented data, thereby improving coverage while controlling
redundancy.

Combining manual and automated methods enables an efficient and scalable
collection framework. In complex or highly variable regions such as corners,
doorways, or environments with strong multipath effects, manual collection can
be prioritized to ensure data accuracy. In contrast, in stable environments like
hallways or open areas, automated collection can improve speed and efficiency.
Where necessary, manual verification can be introduced to refine key samples
obtained through automation, ensuring consistency across the dataset. This hybrid
strategy not only preserves data quality but also improves efficiency, supporting the
scalable development of intelligent localization systems. In real-world deployments,
the collection strategy should be dynamically adjusted based on environmental
complexity, system objectives, and resource constraints to ensure optimal dataset
construction.

3.2 Automated Data Collection Systems: Reducing Manual
Effort

3.2.1 Robotic and Autonomous Data Collection Devices

With the advancement of indoor localization technology, the demand for high-
quality data has significantly increased. Traditional manual data collection methods,
while effective in some cases, are time-consuming, labor-intensive, and prone to
human error. As the complexity of localization systems grows, these conventional
approaches are increasingly insufficient to meet the needs of modern applications.
The introduction of automated data collection systems, specifically robotic devices,
can alleviate human workload and substantially improve both data efficiency and
consistency. Robotic devices are especially valuable in complex or hazardous
environments where they can replace human efforts, performing tasks that require
precision and safety. Common robotic devices such as mobile robots, unmanned
aerial vehicles (UAVs), and automated sensor platforms offer versatile and effective
solutions for data collection across a wide range of environments and scenarios,
ensuring that the data collected is both accurate and comprehensive (Zheng et al.
2025).

Mobile robots, equipped with advanced sensors such as LiDAR, cameras, and
wireless signal receivers, are capable of autonomously navigating both indoor and
outdoor environments to collect data. These robots can be deployed in a variety
of settings, including warehouses, factories, or large office buildings, where they
autonomously traverse predefined paths to gather real-time CSI and environmental
data. Their ability to maneuver around obstacles and adapt to changes in the
environment enables them to maintain consistent data acquisition even in complex
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or dynamic conditions. For instance, in indoor positioning scenarios, mobile robots
can continuously collect data along predetermined paths, ensuring precise and
repeatable measurements without the need for manual intervention. UAVs, in
contrast, are ideal for large-scale or hard-to-reach areas such as high-rise buildings,
forests, or disaster sites, where their ability to navigate through the air allows them to
access locations that are otherwise difficult or unsafe for humans to reach. Equipped
with high-precision sensors and communication modules, UAVs can rapidly gather
data from these environments and transmit it wirelessly to central systems for
analysis. Finally, automated sensor platforms, often deployed at fixed locations, can
enable continuous data acquisition without requiring human oversight. In settings
like smart cities, these platforms can monitor various environmental parameters
such as air quality, traffic flow, and wireless signal strength, facilitating real-time
data collection over extended periods.

The main advantages of robotic devices lie in their flexibility, programmability,
and autonomy. Through the use of intelligent algorithms such as path planning,
obstacle avoidance, and task scheduling, robotic devices can dynamically adjust
their collection strategies based on real-time environmental conditions, maximizing
both efficiency and coverage. For example, if a robot encounters an obstacle, it
can autonomously reroute itself to ensure that data collection continues without
interruption. This dynamic adaptability allows robots to work in environments
where conditions are constantly changing. Furthermore, robotic data collection
systems can follow predefined paths or perform specific tasks, allowing for more
targeted data acquisition without constant human supervision. Their stable speed
and posture further enhance data consistency and repeatability, which is particularly
critical in ensuring the reliability of localization models. Additionally, many robotic
systems support remote monitoring and control, providing researchers with the
ability to adjust experimental parameters in real time to optimize data collection
processes. This flexibility enhances the overall efficiency of the data collection,
ensuring that large-scale, high-quality datasets can be obtained quickly and reliably
with minimal human involvement.

3.2.2 Al-Powered Collection and Sampling

Al technologies have become increasingly valuable for improving the efficiency and
adaptability of data collection with the growing complexity of indoor localization
systems. Traditional methods often follow fixed sampling rules and predetermined
paths, which limits their ability to respond to dynamic environments or changing
signal conditions. In contrast, Al-based approaches rely on data-driven strategies
to enhance data quality, improve coverage, and reduce manual intervention. This
section introduces typical applications of reinforcement learning, deep learning, and
swarm intelligence in automated data collection.
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Intelligent Path Planning and Adaptive Sampling Using Reinforcement Learn-
ing Reinforcement learning (RL) improves data collection by optimizing move-
ment paths and sampling frequencies based on real-time environmental feedback.
In indoor localization scenarios, mobile robots can use RL to increase sampling
density in areas where signals are unstable or multipath effects are prominent.
Through repeated interaction with the environment, robots gradually learn efficient
paths that ensure better coverage and more useful data. RL also allows systems to
adjust sampling rates dynamically, collecting more data where variation is high and
less where signals remain stable. This helps reduce redundancy while maintaining
high-quality data.

Signal Prediction and Sampling Refinement Using Deep Learning Deep learn-
ing (DL) supports efficient data collection by learning signal patterns from historical
measurements. Models such as CNN and RNN can forecast signal strength changes
and identify important sampling points. For example, DL can help estimate spatial
features such as signal attenuation or reflection based on previous CSI data, enabling
more targeted and efficient sampling. These models can also detect abnormal
patterns and filter out noisy data during collection, contributing to higher data
reliability under varying environmental conditions.

Coordinated Multi-Device Collection Using Swarm Intelligence In large-scale
data collection tasks, coordination between multiple devices is necessary for
efficiency. Swarm intelligence algorithms, including ant colony optimization and
particle swarm optimization, offer effective solutions for distributed task scheduling
and cooperative path planning. For instance, a group of robots or drones can divide
a sensing area into regions and assign tasks based on workload and proximity.
These algorithms enable decentralized collaboration, reduce overlap, and improve
the overall speed and accuracy of data collection in complex environments. In the
future, with the continuous development of Al technologies, data collection systems
will become more intelligent and adaptive, capable of addressing more complex
scenarios and higher precision requirements.

3.2.3 Streamlining Collection for Large Datasets

As dataset size increases, traditional collection methods often struggle with low
efficiency, high labor costs, and growing complexity. To address these challenges,
robotic platforms and Al-driven strategies can be jointly applied to optimize
the process. One effective approach is to combine optimal path planning with
data prediction. Robotic devices such as mobile robots or drones collect data
along intelligently generated paths, ensuring dense sampling in complex regions
while reducing redundancy in stable areas. During operation, these devices can
dynamically adjust sampling strategies to prioritize high-value data. Based on
collected samples, models such as Gaussian process regression or neural networks
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are used to predict unsampled regions, effectively expanding the dataset while
lowering collection effort and post-processing costs.

Scaling up data collection requires coordination across multiple robotic devices.
These systems can be flexibly deployed to cover wide areas, with each device
autonomously adjusting its strategy based on real-time feedback or task priorities. In
smart city scenarios, for instance, drones can divide regions for parallel collection,
while ground robots continuously operate through automated charging and schedul-
ing systems. Swarm intelligence algorithms such as ant colony or particle swarm
optimization further enhance task allocation and route coordination, improving
coverage efficiency and avoiding resource conflicts. This enables large-scale data
acquisition with reduced human involvement and higher overall consistency.

Al techniques such as reinforcement learning and deep learning are essential
for intelligent sampling and system optimization. Reinforcement learning adjusts
sampling behavior based on environmental feedback, increasing frequency in
dynamic areas while reducing redundancy in stable regions. Deep learning models,
trained on historical CSI data, predict signal trends and guide path selection,
enabling more targeted and efficient sampling. At the same time, distributed data
management systems like Hadoop or Spark facilitate real-time processing across
sensor networks. Preprocessing and compression techniques, such as denoising,
normalization, and lightweight encoding, help minimize storage requirements
and transmission overhead. Together, these technologies optimize large-scale data
collection, ensuring quality, scalability, and adaptability in complex environments.

3.3 Device-Based vs. Device-Free Collection Approaches

3.3.1 Device-Based Collection: Pros and Cons

Data acquisition methods for indoor positioning are generally categorized into
device-based and device-free collection approaches. Device-based collection
requires targets, such as users or objects, to carry specific sensing devices, including
smartphones, wearable devices, or dedicated sensors. These methods have several
advantages but also certain limitations that make them more suitable for specific
applications.

Common device-based methods include smartphone sensing, wearable devices,
and UWB tags (Zhou et al. 2024). Smartphone sensing, which utilizes built-in
sensors like Wi-Fi, Bluetooth, and IMU, is one of the most widely used techniques,
especially for indoor navigation and activity recognition. Wearable devices, such
as smartwatches and smart glasses, offer additional functionality by providing data
on motion, health, and user activity. These are valuable in applications like health
monitoring and activity tracking. UWB technology, known for its high-precision
positioning capabilities, is frequently deployed in settings that demand stringent
accuracy, such as industrial environments and medical facilities.
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A notable application of device-based collection is crowdsourcing, where a large
number of users contribute data via their personal devices, collected at various times
and locations. The data is then uploaded to the cloud for aggregation and analysis.
The key advantage of this approach is its ability to collect large volumes of data
over extensive areas at relatively low cost. This makes crowdsourcing particularly
effective for indoor positioning and sensing in large-scale environments. However,
the data quality can vary significantly due to factors like device heterogeneity and
inconsistencies in user behavior. Furthermore, privacy and security issues arise, as
sensitive user information may be collected, requiring proper anonymization and
encryption techniques to ensure protection.

While device-based collection methods offer high-quality data with direct links
to targets, they also come with limitations. These methods depend on users carrying
devices, which can lead to gaps in data collection, as participation may not be
continuous or universal. The limited number of devices available also restricts the
coverage of data. Additionally, continuously running sensors consume considerable
energy, raising concerns about battery life and device maintenance. Moreover, the
collection and transmission of personal data introduce privacy risks, necessitating
robust security measures, including encryption and anonymization. Therefore,
although device-based methods provide precise data, there are challenges related
to user participation, data coverage, energy consumption, and privacy that must be
addressed for broader applicability.

3.3.2 Device-Free Sensing for Localization

Device-free localization refers to positioning techniques that do not require the
target to carry any specific device. This approach improves convenience, especially
in environments where user cooperation is limited or infeasible. By leveraging
environmental sensors or signal variations, device-free methods can achieve accu-
rate human localization in a wide range of indoor scenarios. Among the various
techniques, spatial video-based human localization has gained increasing attention
due to its high precision and intuitive spatial awareness.

Spatial video-based localization uses visual sensing systems such as RGB-D
cameras, stereo vision, or multi-camera arrays to capture three-dimensional infor-
mation about the environment. These systems analyze human posture, movement,
and spatial occupancy in real time to determine the position of individuals. Unlike
traditional video surveillance, spatial video systems are designed to extract geomet-
ric and motion features for precise localization. By integrating depth information
and advanced computer vision algorithms, such as pose estimation and semantic
segmentation, these systems can localize people even in complex indoor settings
with occlusions or dynamic scenes. This method is particularly suitable for scenarios
that require high precision and non-intrusiveness, such as elderly monitoring,
security surveillance, and human-robot interaction.
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In addition to spatial video, a range of other device-free localization methods
have been developed based on wireless signals. Techniques using Wi-Fi, UWB, and
Bluetooth rely on changes in signal strength, CSI, or time-of-flight measurements
to infer human presence and location. For example, Wi-Fi-based sensing can detect
human motion by analyzing the disturbances caused by the human body in wireless
signal propagation. UWB systems offer higher resolution by measuring signal
travel time with great accuracy, making them suitable for industrial or healthcare
environments. However, these methods can be sensitive to multipath effects and
environmental interference, which may limit their consistency in complex scenarios.
Acoustic sensing also represents a class of device-free techniques, using ultrasonic
or audible signals for localization. By analyzing the reflection and delay of sound
waves, these systems can estimate the position of people in confined spaces. While
offering high precision under controlled conditions, acoustic methods often face
challenges such as background noise and the need for LoS signal paths.

3.3.3 Minimizing Data Loss During Collection

In offline data collection, data loss can be caused by various factors, such as signal
attenuation, device failures, network instability, or human intervention. To enhance
data integrity, preventive methods can be implemented before data acquisition, and
data processing techniques can be applied afterward to compensate for and recover
lost data.

Before data collection, the possibility of data loss can be minimized through
proper system design and hardware optimization. Key methods include: dynamic
sampling rate adjustment, as different environments have different requirements
for sampling rates. An excessively high sampling rate may lead to redundant data,
while a low sampling rate may result in information loss. Dynamically adjusting the
sampling rate based on signal quality can optimize data storage and transmission
efficiency. Real-time data integrity checks should also be conducted during data
collection, where devices can monitor data integrity in real-time, such as tracking
the packet loss rate of Wi-Fi or detecting abnormalities like sudden changes or
prolonged inactivity in IMU data. Additionally, optimal sensor deployment should
be implemented. For device-free data collection scenarios, such as with Wi-Fi access
points, RFID readers, or millimeter-wave radars, optimizing their layout can reduce
signal blind spots and enhance signal coverage and stability.

Even with preventive methods, data loss or anomalies may still occur during
collection, necessitating post-collection data repair. Common methods for address-
ing this issue include interpolation algorithms for data repair, such as linear
interpolation, spline interpolation, or Kalman filtering, which are used to fill in
short-term gaps in time-series data (e.g., IMU sensor data or Wi-Fi). For data with
low signal quality, denoising and enhancement techniques like wavelet transform,
PCA, or denoising autoencoders can help reduce noise and improve the usability of
the data (Liu et al. 2025). Additionally, data fusion and compensation can be applied
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when data from one sensor is lost; for instance, if Wi-Fi signal quality is poor, IMU
data can be used to infer target motion trajectories, or Bluetooth RSSI data can assist
in positioning.

In summary, minimizing data loss requires a two-pronged approach: optimizing
pre-collection processes and implementing post-collection compensation. Before
data acquisition, stability can be improved by dynamically adjusting sampling rates,
monitoring data integrity in real-time, and optimizing sensor deployment. After
collection, missing data can be repaired using interpolation, signals can be enhanced
through noise reduction, and multi-sensor information can be fused to mitigate
the impact of data loss on positioning accuracy. By optimizing each stage, data
integrity can be ensured, thereby enhancing the reliability of subsequent analysis
and positioning. Additionally, manual, semi-automated, and fully automated CSI
data collection methods differ in terms of human effort, scalability, cost, and
applicable scenarios, and should be selected according to requirements, resources,
and budget, as listed in the Table 3.1.

3.4 A3C-IPP Algorithm

3.4.1 Preliminaries

Fingerprinting is a common indoor positioning technology, and its offline phase
requires the construction of a fingerprint database. This involves dividing the
experimental area into grids and measuring data such as CSI at each sampling
point to form a comprehensive fingerprint map. However, this process relies on
manual data collection, which is time-consuming and labor-intensive, especially
in large-scale environments where the workload increases significantly. Therefore,
how to reduce labor costs while ensuring the accuracy of the fingerprint database has
become a critical challenge. In recent years, the application of robotics technology
has provided an automated solution, where intelligent agents equipped with mobile
sensing devices can autonomously collect data and possess obstacle avoidance
capabilities. However, due to limited battery life, it is necessary to optimize their
path planning to ensure efficient data collection within constrained resources.

The path planning problem is typically modeled as the Traveling Salesman
Problem (TSP). Traditional methods such as genetic algorithms and simulated
annealing, while capable of providing solutions, are prone to falling into local
optima and suffer from high computational complexity. Reinforcement learning
approaches, such as DDPG, DQN, and Q-learning, can be applied to path opti-
mization but face challenges such as sparse rewards and low training efficiency.
Furthermore, although UAV offer high mobility, factors such as flight instability
and signal fluctuations in complex indoor environments can degrade the quality
of CSI collection. To address these challenges, this section proposes the A3C-IPP
(Asynchronous Advantage Actor-Critic-based Indoor Path Planning for fingerprint
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Table 3.1 Comparison of methods for reducing manual effort in CSI data collection

Comparison
criteria
Human
Involvement

Data
Collection
Speed

Accuracy and
Consistency

Equipment
Requirements

Calibration
and Quality
Control

Scalability

Energy and
Resource
Consumption

Cost Structure

Manual collection

Full-time human
operation at each
sampling point; requires
manual annotation and
path tracking

Low; limited by
walking speed and
manual recording;
inefficient for large
areas

Varies due to human
inconsistency and
potential positioning
errors; hard to
reproduce exact paths

Handheld devices such
as laptops,
smartphones, or Wi-Fi
sniffers; simple tools
but labor-intensive

Manual calibration
before/after collection;
results checked
post-hoc;
time-consuming and
error-prone

Practical only for small
labs or single-room
settings; significant
human labor for
expansion

High energy demand
from personnel;
collection is
time-intensive and often
repeated

Low initial equipment
cost but high
cumulative labor
expenses; inefficient for
recurring tasks

Semi-automated
collection

Human assistance
during robot
navigation, calibration,
and troubleshooting;
reduced manual data
labeling

Medium; robots follow
pre-defined routes at
steady speed; human
guidance may still be
needed in complex
environments

Better reproducibility
due to programmed
paths and sensor
fusion; moderate
deviation in dynamic
scenes

Robots or motorized
trolleys with mounted
sensors (e.g., Wi-Fi
modules, IMUs);
moderate hardware
setup

Robot-assisted
calibration with limited
real-time feedback;
periodic human
validation still needed

Feasible for
building-scale
deployments;
performance depends
on number of available
robots and coverage
plan

Moderate energy use;
robots can operate
longer with fewer
breaks; still needs
occasional human
recharge intervention

Moderate hardware
investment balanced by
reduced manpower;
requires occasional
technical support

Fully automated
collection

Minimal involvement
after initial
deployment; only
required for
maintenance and
occasional
reconfiguration

High; autonomous
agents collect data in
parallel and adapt to
environmental changes
without human delay

High spatial and
temporal consistency;
adaptive algorithms
adjust routes and
sample density in real
time

Drones, mobile robots,
or fixed sensor arrays
with advanced onboard
processing and wireless
modules

Self-calibration using
sensor feedback; online
anomaly detection
ensures real-time
quality control and
reliability

Easily extensible to
campus or city-scale
with proper
infrastructure; supports
large-scale parallel
operations

Energy-efficient path
planning and
scheduling;
autonomous recharging
and task handover
reduce human
workload

High initial deployment
and system integration
cost; operational cost is
low due to automation
and reusability
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map construction) algorithm. By utilizing the asynchronous multi-agent learning
capabilities of A3C, the algorithm enhances path search efficiency and optimizes
CSI collection paths in dynamic environments, thereby improving the efficiency
and accuracy of fingerprint database construction.

3.4.2 The Overview

The overall framework of the A3C-IPP algorithm is shown in the Fig. 3.3, which
consists of three core modules: reward value calculation based on multivariate Gaus-
sian regression, path exploration strategy based on A3C, and online localization.
Initially, a small number of sampling points conforming to a normal distribution
are randomly selected within the target area to collect initial CSI fingerprint data.
Subsequently, the divided grid is modeled as a graph structure, and the physical
coordinates of the sampling points along with the initial data are used to estimate
the CSI data distribution via a multivariate Gaussian regression model. The reward
value is then calculated based on mutual information.

Next, the path planning problem is transformed into a linear decision-making
problem, and the A3C algorithm is employed to search for the optimal path. A3C
enhances training efficiency through multi-threaded parallel computing and utilizes
a CNN to share global model parameters, thereby improving stability. Additionally,
a novel reward mechanism is introduced to more effectively guide the agent in
exploring the optimal path.

Finally, only the CSI fingerprint data along the optimal path is collected, and
the CSI distribution of unsampled points is corrected based on this data to con-
struct a complete CSI fingerprint database, which supports subsequent localization
tasks. CSI provides richer physical layer information compared to RSSI, enabling
higher-precision localization. Existing research has verified that CSI-based indoor
localization methods can achieve cm-level accuracy, whereas RSSI-based methods
exhibit localization errors of approximately 2.7 m. Therefore, using CSI for path
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planning is expected to further enhance localization accuracy. The core objective of
this algorithm is to reduce the cost of constructing the fingerprint database during
the offline phase, while the online localization phase employs the KNN algorithm
for position estimation to validate the effectiveness of the fingerprint database.

The proposed algorithm constructs a CSI fingerprint database based on the
path loss model, assuming a linear relationship between fingerprint measurements.
However, real-world factors like reflection and attenuation may cause multi-
collinearity. The condition number is used to assess this: values above 10 indicate
multicollinearity, and above 30 indicate severity. As shown in Fig.3.4, CSI data
exhibit low collinearity, supporting the use of multivariate linear regression for
distribution prediction.

3.4.3 Reward Computation

The target area is discretized into a grid graph, where vertices represent the physical
coordinates of sampling points, and edges denote the line segments between directly
connectable points, with edge rewards calculated via an approximation algorithm.
Due to multipath effects, signal attenuation, and environmental changes, directly
modeling fingerprint signals proves challenging. Therefore, this algorithm employs
a multivariate Gaussian process to model the relatively stable CSI fingerprint
signals. For {f(x):x € X}, the model can be established as follows: f(:) ~
GP(m(), k().

Let m(-) be the mean function and k() be the covariance function. Thus, for
all x, x’ € X, we have m(x) = E[x] and k(x, x") = E[(x — m(x))(x" — m(x))].
Regarding the path planning problem, we denote the target location as X, meaning
that the distribution of CSI data depends on the actual physical coordinates.
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Specifically, the directional basis function is chosen as the kernel function for
computation, and the formula is given as

1
k(x,x") =exp (—F“x—x/”Z). 3.1

Using a small set of pre-collected real CSI data (x,), we compute the reward
values for all edges based on mutual information. Given the full dataset (x;), the
mutual information is defined by the conditional distribution p(x,|xs), where a
larger deviation between p(xp|x;) and the mean of x, indicates higher information
gain. The conditional distribution is transformed into differential entropy H, and
the mutual information computation is shown in Fig. 3.5. This approach enables
estimating the overall data distribution with minimal initial data, and our method
employs the first equation to compute H (xp; xs).

The differential entropy of a Gaussian distribution is calculated as

H(x) = —f F(x)log ¢ (x)dx = glog (Zneoz) , (3.2)

where o depends on the covariance function k(-), while all other parameters are
constants. If the CSI measurements of all sampling points are denoted as y;, then
H (xp) can be directly computed from the above equation, and the covariance matrix
3 can be expressed as

-1
Y =k (xp, xp) —k (xp, xs) (k (x5, X5) + 831) k (xs, xp) , (3.3)
where &, represents the noise. Then, the H (xp|xs) can be computed as
H(x, | x,) = g(ln2n~|—1)+nln6. (3.4)

Finally, the reward value R based on mutual information can be computed as R =
H(xp; Xs) = H(xp) - H(xp|xs)-
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3.4.4 Exploration Strategy Based A3C

The framework of reinforcement learning algorithms consists of five key compo-
nents: agent, environment, action, state, and reward. This study employs the A3C
algorithm for path planning, which is well-suited for handling high-dimensional
data and continuous action spaces. A3C utilizes multiple asynchronous agents to
explore different state transitions, thereby reducing correlations between samples
during training. Moreover, A3C can be executed on multi-core CPUs, providing
advantages over traditional methods in terms of performance, time efficiency, and
resource consumption.

A3C follows an Actor-Critic framework, where the Actor optimizes the policy
7 (a;|ss; 0) to improve decision-making, while the Critic updates the value function
V (s¢; 8y) to enhance accuracy. The policy update method is given as

Vo log 7 (ar | 51160) A (51,11 60,6,) . (35)
where A(s;, ar; 0, 6,) is the advantage function, which can be expressed as

k—1
Ast, a3 0,00) = Y ¥ regi + 7"V (5445 00) = V (515 60,) (3.6)
i=0

where 6 is the parameters of the policy &, and 6, is the parameters of the value
function.

The following sections provide a detailed implementation process for path
planning using A3C. First, according to the requirements of path planning, we give
the specific definitions as follows:

* Agent: The agent, modeled as a robot, explores an optimal path from the
start S to the goal G. After each training iteration, it resets to S and attempts
to reach G within a fixed step limit.

* Environment: Represented as a graph of vertices and edges based on
spatial layout, the environment includes LoS and NLoS scenarios for
localization.

* Action: The agent explores different actions, moving along the edges
between vertices. The final strategy consists of a sequence of selected
actions.

» State: The state represents the agent’s position and action sequence,
requiring obstacle avoidance. A3C uses a global network with shared
parameters to optimize action selection.

(continued)
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e Reward: After executing an action, the agent receives a reward value,
which can be positive or negative. As the agent moves progressively closer
to the goal G, the cumulative global reward increases accordingly.

RL-based path planning faces two major challenges: obstacle occlusion and
algorithmic efficiency. Firstly, obstacles may prevent direct connections between
adjacent points, necessitating obstacle avoidance solutions. Secondly, the high
computational complexity of the algorithm requires limiting iteration steps to ensure
efficiency. The optimal path is defined as the one with the maximum reward value
and information gain, rather than the shortest distance.

(1) Exploration Strategy The start point S and the goal point G are set at
diagonal positions. In theory, data collected along the diagonal following a Gaussian
distribution can predict the distribution of other points. The action space includes
“up,” “down,” “left,” and “right,” but a complex environment may render the
diagonal ineffective. Suppose the maximum exploration step length max_step is
much smaller than the total number of sampling points. If the agent reaches G
within max_step, the path is considered found; otherwise, the agent is reset to S
to reinitiate the exploration.

Let all potential paths be denoted as P = [vg, ..., vg], with the corresponding
total reward value denoted as r(P). The search for the optimal path should satisfy

Poptimal = arg maxr (P), 3.7
Pev

where W represents the set of all potential paths from vg to vg. If v; denotes the
current position of the agent, then the available action set is given by

A W) ={viz1 €V :(v,viy1) € E}, (3.8)

where V and E denote the sets of vertices and edges, respectively. The action set A
depends on the adjacent position v;4 1. In traditional methods, the agent randomly
selects an action from A. If the resulting state is an obstacle, the agent is reset for a
new iteration.

The proposed algorithm argues that the method wastes action selection cycles
and involves a computationally expensive execution process. The A3C-IPP algo-
rithm introduces a rollback mechanism and a greedy strategy for action selection.
Here, the proposed algorithm adopts a greedy strategy similar to the Q-learning
algorithm to select the optimal action. The reward value obtained in each iteration
is computed as follows. As the iterations progress, the total reward value is updated
by r(vi+1) = r(v; + A(v;)) — r(vi).
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(2) Optimal Path To avoid local optima and accelerate convergence, the A3C
algorithm employs multithreading to search for the optimal policy. Another opti-
mization approach is to introduce an entropy term with a coefficient B into the
actor-critic policy loss function, as defined by Eq. (3.5), which can be expressed
asf =60 +aVylogmg(s;, ar)A + BVeH (7 (s, 6)).

The global network model of A3C consists of both the Actor and Critic neural
networks. It utilizes n worker threads, each with the same structure as the global
network, and independently interacts with the environment to collect experience
data. After each interaction, each thread computes the local gradient, where the
update gradient for the Critic network is given by

B (r — Q(s,a;G/))Z‘

d6 < do
cdv 90’

(3.9)

Particularly, these gradients are used to update the global network rather than the
thread-specific networks. Each of the n threads independently accumulates gradients
and updates the parameters of the global network, while periodically synchronizing
its own parameters to guide subsequent interactions.

By incorporating an exploration strategy, the agent can identify multiple poten-
tially effective paths. Although A3C gradually increases the accumulated reward
through the global neural network, it does not guarantee finding the optimal solution.
Therefore, the proposed algorithm adopts a greedy strategy, computing the reward
value for each path and selecting the path with the highest total reward as the final
solution based on Eq. (3.7).

3.4.5 Predict the Distribution of Fingerprints

By collecting fingerprint data along the optimal path and integrating a small amount
of initial raw CSI data, a fingerprint dependency model is constructed to capture
the spatial correlation between adjacent locations. Consequently, a global finger-
print database can be established. This algorithm assumes that the spatiotemporal
distribution of fingerprint data depends on the actual physical coordinates. The real-
time collected optimal path fingerprints are used as model inputs to predict the
fingerprint data distribution at other locations. Specifically, the invariance of the
dependency model serves as a fundamental prior assumption for constructing the
entire fingerprint map.

The covariance function k(-) is the core module for predicting the fingerprint
distribution. Given n sampled locations (including those used for the initial Gaussian
model construction and the key vertices along the optimal path) with corresponding
CSI data as

m n

CSI; =" cov(i, j) x CSI;, (3.10)

j=li=l1
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Fig. 3.6 The photos of scenarios and devices. (a) The scenarios. (b) The devices

where cov(-) represents the covariance matrix. The physical coordinates (i.e., labels)
of all the sampling points in the localization area are known, and the CSI; and CSI;
are merged to form the final fingerprint database.

3.4.6 Performance Evaluation

The algorithm employs two devices for experimentation: a Dell XPS desktop
(data transmitter) and a Dell laptop (data receiver) as shown in Fig.3.6. Both
devices have the 64-bit Ubuntu 12.04 LTS operating system and Intel 5300 network
cards. The network card driver kernel was modified using the Linux 802.11n CSI
Tool to capture raw CSI data (Halperin et al. 2010). To validate the algorithm’s
performance, data collection and experiments were conducted in two representative
indoor environments: a laboratory (Area one), and a meeting room (Area two), as
shown in Fig. 3.7.

For Area one, a 13.5 x 11 m? computer laboratory cluttered with tables, chairs,
and obstacles, representing a NLoS scenario where movement introduces additional
uncertainty, thus demanding algorithm robustness, featuring 317 sampling locations
spaced 50 cm apart with the transmitter and receiver placed on the floor for
continuous packet reception. For Area two, a 7 x 10m? nearly empty meeting
room with minimal signal shielding and no human movement during data collection,
serving as a LoS scenario with 176 sampling locations spaced 60 cm apart, where
pilot data were gathered for several seconds at each location, using 1000 continuous
packets to ensure data validity.
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Fig. 3.8 Total moving reward with A3C and localization accuracy. (a) Area one. (b) Area two. (c)
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(1) Training and Localization Using Optimal Path First, we evaluate the con-
vergence performance with different maximum exploration step lengths, keeping
other parameters fixed. Since larger step sizes yield higher total rewards, we
normalize the reward values for fair comparison. Figure 3.8a, b show the moving
rewards in both scenarios, over 100 episodes. The A3C-based exploration gradually
converges, although early fluctuations appear when the agent fails to reach the
goal G. Compared to Area two, Area one shows more reward oscillations due to
greater environmental complexity and dynamic interference, occasionally causing
the agent to fall into local optima. Start and goal vertices are placed diagonally, and
with increased step size, the agent explores more positions. The path achieving the
highest reward under the maximum exploration length is selected as the final output.

Next, we compare localization accuracy between the predictive fingerprint
database and manually collected data. Full CSI datasets were gathered in both
areas, and KNN is used for localization to focus on database effectiveness. At each
location, over 3000 packets were collected, and 1000 were used for training with
cross-validation on randomly split datasets. Figure 3.8c shows that both databases
achieve similar localization performance. In Area one, the predictive database
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achieves 9% of errors within 1.0 m compared to 3% for the manual data, and mean
errors are 4.22 and 4.22 m, respectively. In Area two, mean errors are 2.95 m for the
predictive and 3.20 m for the manual database. Importantly, our method reduces
data collection by over 68% while maintaining comparable accuracy. Further
improvements are possible with techniques like Kalman filtering and principal
component analysis.

(2) Comparison with Other Algorithms We compare the proposed A3C-IPP with
the several existing methods, including Q-Learning (Low et al. 2019), PRM-RL
(Faust et al. 2018), GA (Wei et al. 2019), and Greedy (Wei et al. 2019). As shown
in Figs. 3.9 and 3.10, the proposed algorithm consistently demonstrates superior
performance across different exploration step lengths. Compared with Q-learning,
which struggles with early-stage action selection due to inaccurate Q-values, the
proposed method steadily improves total rewards and localization accuracy. Q-
learning often converges to local optima and exhibits higher localization errors.
PRM-RL, based on the actor-critic framework, succeeds in identifying feasible paths
but requires longer training time and shows slower convergence, despite maintaining
relatively stable localization performance. The Genetic Algorithm, which evolves
valid paths generated by A3C, achieves faster computation but suffers from unstable
localization results and limited reward growth due to frequent local optima. The
Greedy Algorithm, by prioritizing immediate rewards, achieves high efficiency but
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cannot guarantee reaching the target, leading to inconsistent total rewards and lower
localization accuracy compared to the proposed approach.

The proposed method, based on A3C and enhanced with a novel exploration
strategy, efficiently explores the environment and optimizes the path planning
process. In both areas, it shows a steady increase in total rewards and a gradual
reduction in localization error with low variance. Although computational time
increases in more complex environments, it remains manageable and benefits
significantly from GPU acceleration. The positive correlation between total reward
and localization accuracy further verifies the effectiveness of the approach.

To summarize, in this chapter, we design an innovative CSI data acquisition
method for indoor localization, which leverages a path planning approach within
the A3C framework. Recognizing that CSI distributions are inherently position-
dependent and approximate a multivariate Gaussian form, we introduce a reward
estimation mechanism based on mutual information and differential entropy to
guide sampling decisions during the offline phase. Through the asynchronous actor-
critic structure of A3C, multiple agents efficiently collaborate to explore optimal
paths using our tailored action selection strategy. Experimental comparisons confirm
that the proposed approach outperforms existing state-of-the-art methods in both
efficiency and accuracy. Notably, our method reduces data collection effort by
approximately 72% while maintaining localization accuracy on par with manually
collected datasets.

3.5 CPPU Algorithm

3.5.1 Motivation and Challenge

Fingerprint-based localization has become a cornerstone technique in ISAC. By uti-
lizing characteristics of wireless signals such as Wi-Fi, fingerprinting enables high-
precision indoor localization without requiring additional infrastructure. Despite
its advantages, a major limitation lies in the offline phase of constructing the
fingerprint database. This process requires extensive manual measurements across
dense spatial grids, making it highly labor-intensive and time-consuming. Moreover,
the sensitivity of signal features to environmental changes adds further complexity,
posing a significant challenge to the scalable deployment of ISAC localization
systems.

In response to these challenges, researchers have explored automated strategies
aimed at reducing the workload associated with data collection. A commonly
adopted approach is robot-assisted path planning, where agents follow predefined
trajectories to gather CSI data. Within this framework, Multivariate Gaussian
Regression (MGR) or heuristic algorithms are often used to estimate CSI values at
unsampled locations, with the goal of minimizing physical measurements. However,
Gaussian models typically struggle to capture the nonlinear and spatially diverse
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patterns present in real-world CSI distributions, leading to reduced prediction
accuracy. Heuristic methods also face limitations in adaptability and often yield
suboptimal coverage in irregular or dynamic environments.

To overcome the above issues, we propose an algorithm named CPPU, which
combines CSI-based path planning with updating. The method first partitions
the target region into grids and subregions, followed by collaborative exploration
using multiple agents guided by a Spanning Tree Coverage (STC) strategy. This
ensures comprehensive coverage with efficient agent coordination. To optimize the
acquisition process, dynamic programming is applied to generate compact and
efficient data collection paths. In parallel, a generative model based on GAN is
used to iteratively learn from collected CSI and predict values at unsampled points,
gradually refining the fingerprint database with minimal human effort.

3.5.2 The Overview

The proposed algorithm consists of two phases, informative path planning and
CSI data updating, as shown in Fig.3.11. In the informative path planning phase,
the target area is divided into a graph structure composed of vertices and edges,
further partitioning into multiple sub-regions. The STC strategy is employed to
generate full-coverage paths. Using a reinforcement learning approach, a small
number of global sampling points are randomly selected to collect pilot CSI data,
and a MGR model is fitted to calculate reward values. By integrating dynamic
programming strategies, optimal CSI acquisition paths are generated, thereby
reducing the workload of data collection.

In the CSI data updating phase, the CSI data is refined through iterative
optimization using a GAN model, enhancing the granularity of the global CSI
database. Initially, a coarse-grained CSI database is constructed by integrating real
CSI data obtained from optimal paths with the MGR model. The GAN model,
comprising a generator and a discriminator, is trained adversarially to generate
virtual CSI samples that closely resemble the distribution of real samples. The
trained generator model is then utilized to input noise and generate virtual samples,
which are compared with actual collected CSI data. Supervised learning techniques

Informative Path Planning CSI Data Updating
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are applied to fine-tune the generator, ensuring the fidelity of the virtual samples.
Through multiple iterations, the generator gradually learns to predict and update
CSI values at remaining locations with high precision.

The proposed algorithm achieves efficient and accurate indoor localization
through informative path planning and CSI data updating. By leveraging multi-
agent full-coverage path planning and iterative optimization of the GAN model,
the workload of data collection is significantly reduced, while the completeness and
accuracy of the CSI database are enhanced.

3.5.3 Problem Formulation

The goal of intelligent path planning is to determine a set of optimal paths in
a given environment to collect information-rich data. Formally, the environment
can be represented as a graph G = (V, E), where V is the set of vertices
representing locations (n sampling points) in the environment, and E is the set of
edges representing connections between locations. Each vertex v; € V corresponds
to a specific location, and each edge e; ; € E represents the connection between
locations v; and v;.

In this work, we enhance this problem by introducing three new parameters
and further formalizing its description. The new graph is represented as G =
(V, E, Por, Pos, R), where:

* Por = {pa, Pb, Pc, ---} denotes the sub-regions assigned to different
agents, with the sum of their proportions equal to 1.

* Pos represents the initial positions of each agent, expressed as a list of
two-dimensional coordinates.

* R denotes the reward values associated with each edge in the graph, which
are dynamically updated as agents explore the environment and interact
with new CSI data.

The objective of IP is to find a set of paths P = {p1, p2, ..., px}, where each
path p; is a sequence of vertices vy, va, . .., Uy, satisfying the following conditions:

* Ensure complete coverage of the environment, with each location visited
at least once.

* Enhance the informativeness of the data collected along the paths, provid-
ing maximum information about the environment.

(continued)
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* Avoid revisiting the same location within a single path, ensuring backtrack-
free paths.

* Maximize the cumulative reward value obtained from collecting CSI data
along the edges, reflecting the value of the collected information.

Driven by the diverse Policy Space Response Oracle (PSRO), the overall
optimization objective is defined as

041 = liE [U (0, 0] @3.11)
t+1_argénaxN i ,01)], .

i=1

where U (0, 0;) = Ea_iwﬂéwq][U(oi, o_;) + R(o;)], and 0; € X;(Por;, Pos;, P).
Here, N denotes the number of agents, o; is the strategy of agent i, 7y is the strategy
distribution, and U represents the utility function incorporating both interactions and
individual rewards.

For the proposed CPPU, we use the Nash Equilibrium (NE) strategy, enabling
multiple agents to engage in a game within specific regions to determine the optimal
paths that maximize the overall CSI information. Subsequently, a GAN is trained to
predict the CSI data at remaining locations. The calculation of the reward value
R will be discussed in detail in subsequent chapter. We aim to maximize the
similarity between the generated CSI and the real distribution, thereby achieving
high-precision CSI updates.

3.5.4 Initial Full Area Coverage Path Planning

The STC algorithm, originally designed for single-agent coverage path planning,
offers an efficient method for ensuring optimal coverage paths within a known
terrain. Here, we adapt and integrate the STC algorithm to address the challenges
outlined in our problem statement. The algorithm is grounded in the concept of
Minimum Spanning Trees (MST), where a tree-like structure covering the entire
area is constructed to design the agent’s path, ensuring each region is covered
without redundancy.

Specifically, the terrain is discretized into a finite number of cells, with the total
number of cells equal to the grid size. These cells represent the spatial environment
in which the coverage path planning algorithm operates. Let the agent’s path be
denoted as Pl.* Vi € {1,..., N}, we get the goal function as

min max |P;| subjectto PLUP,U---UPy 2.7,
P i€fl,...,N}
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Fig. 3.12 The schematic plot of coverage path planning. (a) Cells of terrain, agent, and obstacles.
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ST to navigate the agent around the terrain

where | P;| denotes the path length, and .Z represents the set of all cells. The STC
algorithm generates closed paths by constructing an MST, ensuring coverage of each
region.

Figure 3.12 shows the main steps of the trajectory design process. First, the
terrain is discretized into cells and abstracted into a graph that distinguishes between
traversable and obstacle regions (a). The environment is then grouped into larger
cells, each either entirely blocked or navigable, forming the nodes of the graph (b).
Edges are added between adjacent unblocked nodes. A MST is then constructed
using algorithms such as Kruskal or Prim algorithm (c). Finally, the agent traverses
the MST to generate a simple closed path PlT, which serves as the coverage
trajectory (d).

In the multi-agent learning setting, each sub-region is associated with an
evaluation matrix E;, representing the accessibility of region points for agent i.
Based on these matrices, the allocation matrix A is computed as

Ayy = argmin Ejyy, V(x,y)€.Z, (3.12)
i€{l,..,N}

where each point (x, y) is assigned to the agent with the lowest evaluation value.
Accordingly, the sub-region L; for agent i is defined as L; = {(x,y) € Z :
A(x,y) =i}

The initial value of E; is based on spatial distance, formulated as Ejjyy =
d(Pos;, (x, y)¥), which favors regions closer to the current position Pos; of agent
i. To adjust the assignment size, a correction factor m; is introduced and updated
via gradient descent:

ak;
mi =m; — (ki = f)-—, (3.13)
81’)1,'

where k; is the number of cells currently assigned to agent i, f = [/N is the ideal
number of cells per agent, and 7 is the learning rate.

Finally, a connectivity matrix C; is applied to emphasize continuous areas near
the agent and suppress fragmented regions. The evaluation matrix is refined as E; =
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Fig. 3.13 Informative path planning is driven by diverse PSRO

C; Om; E;. Through this iterative optimization, the algorithm achieves coherent and
efficient task allocation for multi-agent coverage.

3.5.5 Optimal CSI Acquisition Path

After generating coverage paths for each region, our goal is to further shorten the
path length and determine the optimal path that maximizes effective information. To
achieve it, we propose combining the diverse PSRO strategy with the CSI signals,
as shown in Fig. 3.13.

Based on our previous research (Zhu et al. 2023), CSI data can be modeled using
a MGR model as N (m(x;, yi), Y. x;.y;)» Where m(-) is the mean function, and s
the covariance matrix. The covariance matrix » x;.y; 1s computed using the Radial
Basis Function (RBF). Let Yy, y, denote the corresponding CSI measurements,
whose differential entropy is

1
H (Yy5) = 510 [D | + %(1 +1In(2m)). (3.14)

The reward based on Mutual Information (MI) is calculated as M1 (Yy, y;; Ys) =
H(Yy; y;) — H(Yy y;|Ys). Since the differential entropy depends only on the
covariance matrix, the reward can be computed analytically without traversing
actual paths or performing physical measurements. To estimate the hyperparameters
of the RBF and interact dynamically with the environment, a small amount of pilot
CSI data (denoted as Yp) is collected, and the reward is updated by M1 (Y, y,; YsU
Yp) = H(Yx,’,y,‘) - H(Yxi,y,' |YS UYp).

Next, we use the diverse PSRO algorithm combined with MI-based rewards to
explore the informative paths. The algorithm iteratively updates the NE strategies
of multiple agents in the overall game and defines the starting positions. For each
region, the adaptability of the algorithm is enhanced by processing real-time CSI
data. The best response is calculated as

BR! (ng_i) = arg max [Gi (7T0, ﬂg_i> + 7 - Diversity (Si U {”9})] ’
ﬂgEASi
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where S' is the set of strategies already processed by the i-th agent, and t
is an adjustable constant. The “Diversity” function ensures the diversity of the
strategy pool using the Determinantal Point Process (DPP) as Diversity(S) =
]E’Y~SDS [1Y]]="Tr (I —(Lg + I)_l). Additionally, exploitability is used to measure

the joint strategy as

Exploit () = Y [G* (BR' (w;7) . 7;7) = 6" (7). (3.15)

ieN

When the value reaches zero, all agents achieve their best responses, constituting a
NE.

Finally, an Oracle function is utilized to update the new strategy Sg, aiming to
maximize the utility of each agent while ensuring the diversity of strategies in S':

o' (n§> = arg ;161%)5 Sgéz 7t92 (Sz) 03 (Sg, S2) + 7 - Diversity (S] U {Sg}) ,

where ng represents the meta-solver-based strategy of agent 2, and 7 is an adjustable
constant. Then, we can obtain the efficient information acquisition path planning,
and ensure the optimality and diversity of paths.

3.5.6 Updating CSI Data By the GAN

After determining the optimal path P,pimai, we collect new CSI samples along
this path and combine them with pilot CSI data Yp to predict the CSI distribution
at remaining points using a GAN. This approach extends the initial fingerprint
database without incurring additional collection costs. GAN is a deep generative
model consisting of a generator G and a discriminator D. Through adversarial
training, the generator learns to produce realistic data samples pgq:q, While the
discriminator attempts to distinguish between real and generated data. The generator
G takes a noise vector sampled from a prior distribution z € p, as input and
generates synthetic samples, while the discriminator D evaluates the likelihood that
the input samples come from the real distribution p;,:,. The objective function of
GAN is defined as

minmax V(D, G) = B~ pyy, (vl0g D)) + Eznp, o llog(1 = D(G2))].

The generator G gradually produces samples that closely resemble real data through
optimization. We use binary cross-entropy as the loss function by

Loss = —ylogy — (1 — y)log(l — ), (3.16)
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where y = 1 and y = O represent the labels for real and generated data, respectively,
and y is the output of the discriminator D.

Once trained, the GAN can predict the CSI distribution at remaining sampling
points (as shown in Fig.3.14). We use pilot CSI data Yp and new CSI data Y,
collected along the optimal path Pypsima; as real data to train the GAN model
for generating virtual data. Through iterative updates, a database CSIgan is
gradually constructed. By combining with the coarse-grained fingerprint database
CSIGaussian built using MGR, the final fine-grained fingerprint database is con-
structed as

CSIfinal =¢ x CSlgan + (1 — &) x CSIGaussians (3.17)

where ¢ is a confidence coefficient dependent on the training accuracy of the GAN.

In the online localization phase, the KNN algorithm is employed to estimate the
user’s position based on real-time CSI measurements. Specifically, the Euclidean
distance is computed between the current measurement and each entry in the final
fingerprint database C S/ f;nq;. The K closest fingerprints are selected as neighbors,
and a weighted averaging strategy is applied to infer the user’s location. The weights
are inversely proportional to the distances, ensuring that closer neighbors contribute
more significantly to the final estimate. And we use the enhanced fingerprint
database, combining the generalization ability of GAN-generated samples and the
physical consistency captured by the Gaussian-based coarse database. As a result,
the algorithm provides improved localization accuracy while significantly reducing
the manual effort required in traditional fingerprint construction. The synergy
between offline generative modeling and online matching improves the proposed
framework robust and scalable for dynamic indoor environments.

3.5.7 Performance Evaluation

The CPPU algorithm, implemented in Python, extracts information such as graph
structure and mutual information rewards, and stores the information-rich paths of
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agents as inputs for the GAN model. The discriminator and generator of the GAN
both consist of two hidden layers (with 64 and 128 neurons, respectively), with
a learning rate of 0.0002, trained for 1000 epochs, and a batch size of 32. The
experimental scenarios are the same as those described in Sect. 3.4.6.

The proposed CPPU algorithm is evaluated against several state-of-the-art
Intelligent Path Planning (IPP) algorithms, including ILUC (Zhu et al. 2024), A3C-
IPP (Zhu et al. 2023), DQN-IPP (Wei and Zheng 2022), and GA-IPP (Wei and
Zheng 2020). As shown in Table 3.2, the results demonstrate that CPPU consistently
outperforms existing methods in both test scenarios. It achieves lower mean errors
and standard deviations while significantly reducing the number of sampling points.
For example, in Area one, CPPU achieves a mean error of 2.98 m with a standard
deviation of 1.55 m, using only 117 sampling points. In Area two, it achieves a
mean error of 2.15 m with a standard deviation of 1.12 m, using just 47 sampling
points. These results correspond to sampling rate reductions of 63.09 and 73.30%,
respectively.

The number of agents directly influences the search path, CSI update accuracy,
and the cumulative rewards. As shown in Fig. 3.15, where mutual information
and differential entropy are used as reward metrics, increasing the number of
agents leads to more efficient exploration and higher total rewards. In Area one,
the improvement is evident: with two agents, the reward reaches 151.1 after
10 iterations, while five agents achieve 426.1 after 50 iterations, showing clear
benefits in path diversity and sensing quality. In Area two, although the overall
reward also increases with more agents, the gap between configurations is smaller.
The three-agent setup performs consistently well, showing effective exploration
while avoiding excessive coordination overhead. These results indicate that while
more agents can enhance performance, the specific environment and the level of
coordination required determine the most effective configuration.

To evaluate the robustness and generalizability of the proposed CPPU algorithm,
we conducted experiments comparing it with random sampling strategies at rates
of 10, 30, and 50%, as shown in Fig. 3.16. The results demonstrate that the CPPU
algorithm achieves higher localization accuracy in both test regions, attributed to
its adaptive capability to dynamically adjust predictions based on environmental
conditions. In contrast, random sampling methods struggle to capture fine spatial
variations even at higher sampling rates. Although increasing the sampling rate
slightly improves localization accuracy, it significantly raises computational and
data collection costs. The CPPU algorithm effectively reduces data acquisition
requirements while maintaining high localization performance.

To summarize, the proposed CPPU algorithm demonstrates significant advan-
tages in 6G ISAC by effectively integrating exploration and exploitation within
a reinforcement learning framework and enhancing CSI data refinement through
GAN-based updates. Experimental results show that CPPU optimizes search tra-
jectories and improves localization accuracy across diverse indoor environments.
By employing mutual information and differential entropy as reward metrics, the
algorithm adapts to varying scenarios, with multi-agent configurations yielding
notably higher cumulative rewards. A deployment of three agents proves to be
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the most effective in achieving both efficient coverage and cooperative behavior.
Moreover, CPPU exhibits linear scalability with respect to the number of agents
and training iterations, substantially reducing the required sampling points and
localization errors through the incorporation of generative modeling. Future work
will explore advanced techniques for achieving cm-level precision in fingerprint
database construction.
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Chapter 4 ®)
Intelligent Offline Data Updating ST

Abstract This chapter explores intelligent offline data updating techniques
designed to improve the accuracy and robustness of CSI-based localization systems.
It begins with an overview of adaptive data sampling strategies, highlighting the
differences between traditional and intelligent updating approaches and identifying
the key challenges in maintaining real-time fingerprint reliability. Next, we
introduce CSI prediction models, including machine learning-based approaches,
hybrid methods that combine real and predicted data, as well as techniques based
on crowdsourcing and multivariate Gaussian regression. To address missing CSI
data, we investigate various generative strategies, including the application of
large-scale models for data generation. We also evaluate robustness enhancements
achieved through data augmentation and discuss the limitations with synthetic data.

In addition to prediction and augmentation strategies, we further investigate
methodologies for constructing and refining CSI fingerprint databases. This includes
building initial radio maps, analyzing CSI error bounds, and proposing behavior
cloning techniques based on imitation learning for fine-grained radio map gener-
ation. The chapter concludes by introducing the Deep-Broad Learning (DBLG)
algorithm, outlining its motivation, system architecture, the integration of a GAN
model with confidence-based weighting, and experimental validation of its perfor-
mance.

Keywords Fingerprint update - Generative models - Radio map

4.1 Overview of Offline Data Updating Techniques

4.1.1 Adaptive Data Sampling Techniques

In CSI-based indoor localization systems, offline data collection serves as the
foundation for constructing fingerprint databases. Static sampling strategies often
result in inefficiencies, as they fail to account for spatial variability and environ-
mental complexity. Adaptive data sampling techniques address these limitations by
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dynamically adjusting sampling density and position based on signal characteristics
(Zheng et al. 2019). Compared to uniform or manual sampling, adaptive methods
improve coverage efficiency while minimizing redundant measurements. They are
particularly well-suited for offline stages, where data acquisition is time-consuming
and resource-intensive, and where representative sampling can significantly affect
the accuracy of subsequent localization models.

Deep reinforcement learning offers an effective approach for optimizing data
sampling strategies in offline acquisition. By treating the sampling process as
a decision-making problem, the model can learn to adjust sampling behavior
based on observed environmental feedback. Reward signals such as localization
accuracy or coverage completeness guide the agent to focus on high-variability
regions and reduce sampling in stable areas. Through iterative training, the model
develops policies that support more efficient data collection across large and
complex indoor spaces. These learned policies are capable of adapting to diverse
environmental configurations without the need for manual intervention. Moreover,
deep reinforcement learning models can incorporate long-term rewards, allowing
the agent to anticipate the overall impact of sampling decisions rather than relying
solely on local feedback. This further improves sampling effectiveness and reduces
unnecessary effort during the offline stage.

Transfer learning also enhances offline sampling efficiency by leveraging knowl-
edge from previously explored environments. Sampling policies or signal feature
extractors trained in one building or room can be adapted to similar locations with
minimal fine-tuning. This reduces the need for exhaustive data collection in every
new setting and accelerates the deployment of localization systems across different
sites. For example, a model that has learned signal behavior patterns in one office
layout can guide sampling decisions in another area with comparable structural
characteristics. In practice, pre-trained models can retain generalizable features in
early network layers while adapting to domain-specific variations through updates
to deeper layers. This selective reuse of learned representations enables robust
performance even when environmental changes are present. The ability to reuse
knowledge across domains not only enhances scalability but also significantly
reduces computational and labor costs during the fingerprint database construction
phase.

4.1.2 Traditional Methods vs. Intelligent Updating Techniques

Traditional offline data updating methods primarily rely on periodic data re-
collection and manual annotation. While these approaches can maintain model
usability over time, they incur significant time and labor costs and struggle to adapt
to real-time environmental changes. As indoor environments evolve, traditional
methods often fail to reflect these changes promptly, leading to reduced system
performance. In contrast, intelligent updating techniques leverage machine learning
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and optimization algorithms, offering a more efficient and adaptive solution for
handling dynamic and complex indoor environments (Li et al. 2022).

Traditional approaches exhibit several key limitations that hinder their effective-
ness in rapidly changing environments. Periodic data recollection, often performed
at fixed intervals, fails to promptly respond to sudden changes in the indoor envi-
ronment, such as alterations in furniture layout or unexpected signal interference.
This delay can result in data latency, which degrades the accuracy of the system.
Moreover, the manual process of annotating and correcting data is not only labor-
intensive and time-consuming but also unsustainable for large-scale deployments.
It also increases operational costs and can introduce subjective errors, further
compromising the system’s reliability. Additionally, traditional models, trained
using static data, lack self-adjustment capabilities. When environmental changes
occur, these models necessitate a complete recollection of data and a full retraining
process, which is both resource-intensive and time-consuming, making it difficult
to meet real-time system requirements. Traditional methods also assume gradual
environmental changes, rendering them inadequate for rapidly changing conditions.
As a result, static update strategies often fail to address scenarios such as sudden
furniture rearrangement or increased wireless interference, leading to performance
degradation.

Intelligent updating techniques, on the other hand, provide significant improve-
ments by utilizing advanced machine learning algorithms such as reinforcement
learning, transfer learning, and self-supervised learning. These techniques enable
more efficient and adaptive data updates, overcoming many of the limitations of
traditional methods. Reinforcement learning, for instance, allows the system to
dynamically adjust its data collection strategies and model parameters based on con-
tinuous environmental feedback (Wong et al. 2023). This ensures that updates are
triggered only when necessary, thereby reducing resource waste and computational
overhead. Transfer learning, by contrast, enables the system to leverage pre-trained
models from existing environments and fine-tune them with minimal new data,
thereby minimizing the need for exhaustive data recollection and manual annotation
(Guo et al. 2023). This significantly cuts down on update costs and the time required
for model adaptation. Additionally, these intelligent techniques can predict environ-
mental trends based on historical data, proactively adjusting model parameters to
maintain high positioning accuracy even during environmental fluctuations. Unlike
traditional methods that often require full-scale updates, intelligent techniques adopt
incremental updates and online learning approaches. These strategies modify only
the necessary components of the model, which dramatically reduces computational
and storage costs while enhancing operational efficiency.

To summarize, intelligent updating techniques address the key shortcomings
of traditional methods by incorporating advanced machine learning approaches,
as listed in Table 4.1. These techniques offer significant improvements in effi-
ciency, adaptability, and cost-effectiveness, making them an essential component
in maintaining the long-term stability and accuracy of indoor localization systems.
By minimizing unnecessary data collection and enhancing the system’s ability
to respond to dynamic changes, intelligent methods support a more scalable and
reliable framework for the continuous evolution of localization systems.
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Table 4.1 Comparison of traditional methods and intelligent update techniques

Aspect
Data collection

Adaptability

Cost

Time efficiency

Flexibility

Scalability

System robustness

Model retraining

Traditional methods

Periodic re-collection at fixed
intervals, requiring manual data
labeling and extensive human
effort. Limited by environmental
changes and human inconsistency.

Limited. Requires full
re-collection and model retraining
to accommodate major
environmental changes, leading to
significant downtime.

High. Significant labor and time
costs associated with manual data
collection, annotation, and
retraining. Operational costs
escalate as the system scales.

Low. Data re-collection and model
retraining are time-consuming,
with significant delays in system
updates.

Inflexible. Cannot quickly adapt to
sudden environmental changes;
requires complete retraining for
new settings.

Difficult to scale for large
environments. As the system
grows, so does the manual labor
required, limiting scalability.

Vulnerable to sudden
environmental fluctuations such as
structural changes or new
interference sources. Leads to
performance degradation.

Full retraining is necessary when
environmental conditions change
significantly, which can be
resource-intensive and
time-consuming.

Intelligent update techniques

Dynamic collection using machine
learning algorithms to adjust
sampling density based on
real-time environmental changes.
Adaptive and focused data
collection, minimizing redundant
efforts.

Highly adaptive. Machine learning
models automatically adjust based
on real-time feedback, allowing
for quick adaptation to dynamic
changes in the environment.

Lower. Automation reduces labor
costs. Pre-trained models and
fine-tuning allow for reduced
reliance on large-scale data
collection, decreasing overall cost.

High. Incremental updates using
pre-trained models and online
learning reduce update time,
providing faster deployment and
real-time adaptability.

Flexible. Self-adjusting algorithms
allow for efficient handling of
unexpected environmental
changes without full retraining.

Easily scalable. Models can be
transferred and adapted to
different environments, reducing
the need for extensive retraining
and enabling deployment in
large-scale or multi-site
environments.

Robust. Proactive machine
learning algorithms adjust in
response to sudden environmental
changes, maintaining system
stability and high performance.
Incremental updates. Models can
adapt to new data with minimal
retraining, significantly reducing
computational and time costs.
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4.1.3 Challenges in Real-Time Fingerprint Maintenance

In real-world deployments, maintaining a fingerprint database in real time presents
several critical challenges. These include rapid environmental changes, limited
computational resources, and difficulties in ensuring data quality. Such challenges
affect not only the timeliness and accuracy of indoor positioning but also impose
higher requirements on computational efficiency and system scalability (Merenda
et al. 2022). This chapter analyzes these challenges in detail from three perspectives:
environmental dynamics, system resource constraints, and data consistency.

Environmental dynamics introduce considerable instability to the fingerprint
database. Indoor wireless signal propagation is highly sensitive to environmental
changes, and even minor variations may lead to outdated fingerprints and degraded
localization performance. For instance, fluctuations in human crowd density cause
noticeable shifts in signal patterns between peak and off-peak periods. Modifications
to the physical layout, such as furniture rearrangement or partition installation,
can significantly alter signal paths and distributions, requiring the system to adapt
quickly to updated signal characteristics. In addition, wireless interference from
devices like Bluetooth equipment and additional routers introduces random and
unpredictable fluctuations, especially in environments with dense deployments.
These dynamic factors make real-time fingerprint maintenance more complex and
reduce the reliability of static data representations.

Computational resource limitations further complicate real-time database
updates. In large-scale environments, continuous data collection and frequent
model updates generate heavy computational and storage demands. Traditional
approaches often involve full model retraining, which is time-consuming and
resource-intensive. As coverage areas expand and signal conditions become more
diverse, the volume of fingerprint data increases sharply, making it more difficult to
maintain responsiveness and meet real-time operational requirements. Furthermore,
in applications that require long-term storage of historical fingerprints, storage
overhead grows rapidly and can become a performance bottleneck during real-time
updates.

Data quality management also poses significant challenges. Environmental
variability and computational constraints can lead to issues such as inconsistent
data, noise interference, and redundant information. Data collected at different
times may exhibit substantial variation due to changing surroundings, and if not
processed promptly, such inconsistencies can lower the reliability of the fingerprint
database. Wireless signals are vulnerable to various types of interference, including
device noise and multipath propagation, and unfiltered noisy data can distort training
outcomes. In scenarios involving frequent updates, large amounts of redundant
data may accumulate, increasing both storage requirements and training complexity
without contributing to improved model performance.
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4.2 Predictive Models for CSI Fingerprint Updates

4.2.1 Machine Learning Models for Predicting CSI Changes

To maintain positioning accuracy in dynamic indoor environments, it is essential
to address the rapid obsolescence of CSI fingerprint data. Environmental changes
such as human movement, signal interference, and structural adjustments often lead
to significant fluctuations in wireless signal characteristics. Static update strategies
are typically unable to respond in a timely manner, which highlights the necessity
of predictive models that can anticipate CSI changes and guide intelligent offline
updates (Zhang et al. 2021).

ML algorithms offer a powerful toolkit for forecasting CSI variations by learning
from historical signal patterns (Zhang et al. 2021). These models help reduce the
need for frequent manual data collection and enable systems to remain accurate
and responsive in changing conditions. By anticipating environmental trends, the
update process becomes more efficient and cost-effective. Moreover, predictive
modeling enables selective updates, where only the most affected regions of the
fingerprint database are refreshed, thereby avoiding unnecessary computation and
reducing storage overhead. This targeted approach improves system responsiveness
and is especially advantageous in large-scale deployments where full updates
are impractical. Additionally, predictive models can serve as an early warning
mechanism, flagging areas where signal drift is likely to occur, which supports
proactive resource allocation and system reconfiguration.

Predictive models for CSI changes can be broadly classified into three main
types. Time series models such as Autoregressive, Autoregressive Moving Average
(ARMA), and LSTM networks are effective at capturing temporal dependencies
within signal sequences, making them suitable for modeling both short-term
fluctuations and long-term trends. Regression-based methods, including Support
Vector Regression, Random Forest Regression, and Broad Learning Systems, are
adept at learning high-dimensional feature relationships from past observations and
can handle nonlinear dependencies with high accuracy. Generative models like
Variational Autoencoders (VAE) and GAN are capable of synthesizing realistic
future CSI samples, which can be used to enrich datasets and support updates in
data-sparse conditions.

The benefits of these predictive models are manifold. They capture both temporal
and spatial signal correlations, reduce the overhead of repeated data acquisition, and
improve system robustness. Integrating reinforcement learning techniques further
enables dynamic adjustment of model parameters based on environmental feedback,
enhancing adaptability. However, these models are not without limitations. Time
series models may struggle with highly nonlinear dynamics, while generative
models often require significant computational resources for training and inference.
Future research may address these issues through model compression, multi-
source data fusion, and distributed training frameworks to improve scalability and
deployment efficiency in real-world applications (Jianhua et al. 2024).
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4.2.2 Hybrid Models Combining Real and Predicted Data

For CSI fingerprint updates, relying on either real data or predicted data presents
inherent limitations. Real data, while offering high accuracy, requires extensive
collection efforts and cannot always reflect the full range of dynamic changes within
indoor environments. However, predicted data can compensate for incomplete
measurements and reduce the need for large-scale data collection, but its reliability
is constrained by model performance and may be affected by uncertainties in
complex or rapidly changing conditions. To address the above challenges, hybrid
models that integrate real and predicted data have become a practical and effective
solution for maintaining and updating CSI fingerprints.

The core principle of hybrid models is to combine a limited set of real mea-
surements with predicted data to support dynamic and adaptive fingerprint updates,
thereby improving both accuracy and spatial coverage. In practical applications, the
system initially collects a subset of real CSI data through deployed sensor networks
or user devices, which serve as reliable reference samples. Based on these samples,
machine learning models or statistical regression methods such as multivariate
Gaussian regression or DNN are employed to estimate CSI characteristics in regions
that lack direct measurements. These predictions are derived through interpolation
or extrapolation techniques, enabling the estimation of signal features in areas where
real data is sparse or unavailable. Once both data sources are available, techniques
like weighted data fusion, Bayesian inference, or Kalman filtering are applied to
integrate the real and predicted values. The process aims to preserve the accuracy of
real measurements while benefiting from the extended spatial coverage provided by
the predicted data, ultimately resulting in a more complete and consistent fingerprint
database (Huan et al. 2022).

Hybrid models offer several practical advantages. First, they significantly reduce
the cost and workload associated with data collection by minimizing the amount
of real data required, which is especially valuable in large or complex indoor
environments. Second, by filling in signal-blind zones or physically inaccessible
areas with predicted data, these models enhance the overall coverage and continuity
of the fingerprint database. It ensures that the licalization system can function
effectively even in previously unmeasurable regions. Third, the combination of real
measurements enables the correction of predicted values, thereby improving the
overall reliability and robustness of fingerprint updates. The ability to adjust and
refine predictions using real data allows the system to maintain high localization
accuracy and consistency for the environmental changes. As a result, hybrid models
provide an efficient approach to CSI fingerprint maintenance, capable of supporting
stable and precise indoor positioning services across a wide range of deployment
scenarios.
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4.2.3 Crowdsourcing and Multiple Gaussian Regression

Timely and comprehensive CSI fingerprint updates are essential for maintaining
positioning accuracy in dynamic indoor environments. Traditional static fingerprint
databases often fail to adapt to environmental changes, leading to reduced system
performance over time. To address this, two prominent approaches have been widely
explored: crowdsourcing-based data collection and MGR-based data prediction.
Crowdsourcing utilizes the sensing capabilities of user devices to collect real CSI
samples during regular usage, while MGR estimates unobserved CSI values through
spatial and temporal modeling (Wei and Zheng 2021; Le et al. 2021). These
methods offer distinct advantages and challenges in terms of coverage, data quality,
computational complexity, and adaptability.

Crowdsourcing enables large-scale CSI data collection by leveraging user
devices such as smartphones, wearables, and IoT nodes. During routine network
interactions, these devices capture CSI features, including amplitude, phase, and
timestamps. Data is uploaded to a central server where it undergoes filtering and
preprocessing to remove noise, device-induced variability, and outliers. Given the
diversity and heterogeneity of data sources, techniques such as anomaly detection
and time-weighted integration are employed to ensure data quality and prioritize
recent measurements. By continuously incorporating fresh samples from multiple
users, the fingerprint database can be incrementally updated, improving both spatial
coverage and temporal relevance.

In contrast, MGR models aim to predict CSI values in regions where data is
sparse or unavailable. The approach assumes that CSI features follow a Gaussian
process governed by spatial and temporal correlations. A covariance function, such
as the radial basis function or polynomial kernel, is selected to quantify similarity
between measurement points. Model training involves estimating hyperparameters
using maximum likelihood estimation based on available CSI samples. Once
trained, the model can interpolate missing data points or forecast future CSI values,
along with associated uncertainty estimates. It enables proactive fingerprint updates
in areas where real measurements are difficult to obtain, such as restricted zones
or rarely visited regions. And a comparative overview of these two approaches is
presented in Table 4.2.

These two approaches are complementary in nature. Crowdsourcing provides
scalable and up-to-date data through passive collection, which is particularly effec-
tive in high-traffic environments. However, it depends heavily on user participation
and suffers from inconsistency across devices. MGR offers reliable estimations in
data-sparse regions by leveraging spatial and temporal models, but it lacks real-time
responsiveness and demands high computational resources. Combing both methods
into a unified fingerprint maintenance framework allows the system to benefit from
the strengths of each, and using crowdsourced data for frequent updates and MGR
to complete and correct the fingerprint map where real data is lacking. And it
enables the construction of a robust, efficient, and adaptable CSI fingerprint database
suitable for dynamic indoor environments.
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Table 4.2 Comparisons of crowdsourcing and MGR

Aspect
Core mechanism

Data source

Spatial coverage

Update timeliness

Data quality

Accuracy

Computational
requirements

Crowdsourcing

Collects real-time CSI data from
user devices during daily activities.
Relies on large-scale user
participation to generate
continuous updates.

Real CSI measurements from
heterogeneous Wi-Fi devices, with
variations due to hardware
diversity and user behavior.

Broad. Capable of covering diverse
environments due to user mobility
and device diversity. Especially
effective in high-traffic zones.

Near real-time updates enabled by
continuous data upload from active
users. Suitable for dynamic
environments.

May be affected by noise, device
inconsistencies, and user
movement. Requires robust
preprocessing and outlier
detection.

High in areas with dense user
activity and frequent data uploads.
Performance decreases in sparse
regions.

Low. Preprocessing and integration
can be performed on edge devices
or lightweight cloud services.
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MGR

Uses Gaussian process models to
estimate missing or outdated CSI
values through spatial-temporal
interpolation based on existing
data.

Historical CSI data from controlled
environments, used as training
input for predictive modeling.

Limited by the scope of training
data. Performance may degrade in
previously unmeasured or rapidly
changing areas.

Depends on model retraining
frequency. Less responsive to
real-time environmental changes.

Generates smooth and consistent
outputs, but predictions may
deviate if underlying assumptions
are violated.

Effective for filling missing data
and smoothing fingerprint
distributions in sparse regions.
Accuracy depends on kernel design
and training quality.

High. Requires centralized training
and inference infrastructure,
especially for large-scale datasets.

4.3 Techniques for Simulating Missing CSI Data

4.3.1 The Application of Large-Scale Models in Data
Generation

In real-world indoor localization systems, missing CSI is a frequent and critical
issue, typically caused by hardware malfunctions, unstable wireless channels,
environmental occlusion, or packet transmission errors. These data gaps reduce
the completeness and reliability of the CSI fingerprint database, thereby affecting
downstream tasks such as location inference and environment-aware decision-
making. Traditional imputation methods often struggle to capture the complex
spatial and temporal dependencies embedded in CSI data. In response, large-
scale generative models have emerged as a promising solution for simulating and
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supplementing missing CSI, offering improved adaptability, generalization, and
efficiency across various deployment scenarios (Zhu et al. 2025).

As shown in Fig. 4.1, the overall workflow begins with data acquisition from
a physical environment using Wi-Fi transmitters and receivers, followed by CSI
feature extraction and dataset construction. The available data is then used to fine-
tune powerful pre-trained generative models, which can produce synthetic CSI
data that mimics real signal patterns. These models support a variety of advanced
functions: predicting missing or corrupted entries, generating realistic new samples
to augment training datasets, filtering out environmental noise to refine signal
quality, and extrapolating future CSI states based on historical temporal sequences.
These capabilities not only improve the robustness of localization systems but also
significantly reduce the cost and effort of data collection in large-scale deployments.

The ability of large-scale models to handle CSI data generation is underpinned
by major advances in generative deep learning, including transformer-based archi-
tectures, diffusion models, and hybrid frameworks that combine data-driven and
physics-aware learning. The continuous growth of CSI training datasets, along with
improvements in GPU and cloud computing infrastructure, has made it possible
to generate complex and diverse CSI distributions with high precision. More
importantly, by embedding physical constraints related to signal propagation into
the modeling process, these generative models can better align with real-world
wireless behavior. Looking forward, the development of lightweight and energy-
efficient architectures will support deployment on edge devices, while multimodal
fusion involving vision, LiDAR, or radar data is expected to further enrich CSI
signal modeling.
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4.3.2 Data Augmentation for Enhanced Model Robustness

The quality and completeness of CSI data are critical for the performance of indoor
localization systems. However, practical deployments often encounter challenges
such as hardware-induced noise, dynamic environmental changes, and instability
during data acquisition, all of which may result in missing values or outliers.
To mitigate these issues without incurring additional data collection costs, data
augmentation offers an effective strategy for improving model robustness and
generalization. For CSI data, augmentation techniques must be carefully designed
to maintain the underlying physical properties of wireless signals.

To tackle challenges such as incomplete measurements and signal distortions,
a variety of data augmentation techniques have been developed specifically for
CSI-based indoor localization. These techniques aim to simulate realistic channel
variations while preserving the structural and statistical characteristics of wireless
propagation. Representative strategies include:

* Noise injection: Introducing Gaussian or Poisson noise into raw CSI data
to emulate fluctuations caused by diverse environmental interference.

* Time-series smoothing: Applying moving average or exponential smooth-
ing techniques to reduce burst noise and enhance temporal stability in CSI
sequences.

» Signal interpolation: Using linear or spline interpolation to recover
missing CSI values, thereby restoring the continuity of spatial fingerprints.

* Random channel masking: Randomly obscuring certain subcarriers or
antennas during training to improve model robustness against partial
channel data loss.

e Data mixing: Generating new samples by combining multiple CSI inputs
through weighted averaging or nonlinear transformations, increasing diver-
sity in the training set.

These techniques have proven effective across a wide range of CSI-based tasks.
In deep learning-driven localization, augmented CSI data enable models to gen-
eralize more effectively across different spatial environments. In semi-supervised
and self-supervised learning settings, augmentation facilitates the exploitation of
unlabeled data, enabling efficient training even with limited annotations. And
we believe that combining data augmentation with adversarial learning and self-
supervised frameworks is expected to further boost model adaptability in complex,
dynamic environments. Additionally, automated augmentation strategies such as
AutoAugment and RandAugment hold promise for discovering optimal augmen-
tation policies tailored to CSI-specific characteristics.
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4.3.3 Synthetic Data Generation and Its Limitations

As machine learning becomes increasingly necessary to CSI-based indoor localiza-
tion systems, synthetic data generation has become a valuable means of address-
ing challenges such as incomplete measurements, limited labeled datasets, and
variations across deployment scenarios. By supplementing real-world data with
synthetic samples, models can achieve improved generalization and robustness
while reducing the costs and constraints of large-scale data acquisition. When
properly designed, synthetic CSI data can support more flexible system development
and faster deployment across heterogeneous environments (Suroso et al. 2022).

Multiple techniques are currently employed to generate synthetic CSI data.
Statistical model-based methods produce samples by modeling the underlying CSI
distribution using multivariate Gaussian or Markov processes, aiming to replicate
realistic variations in signal behavior. GAN learns to generate high-fidelity CSI
samples through adversarial optimization, capturing complex data distributions
from real-world environments. VAE encodes CSI into a latent space and generates
new samples through learned decoding functions, allowing for smooth variation and
interpolation between signal states. Physical simulation methods rely on established
channel models, such as Rayleigh or Rician fading, to produce CSI samples that
adhere to known wireless propagation characteristics.

While synthetic data generation offers advantages such as controllable parameter
tuning and reduced dependency on hardware, it also presents several limitations
in practice. Many statistical or learning-based methods make assumptions that
oversimplify real-world signal behavior, resulting in a mismatch between synthetic
and actual data distributions. Artifacts or inconsistencies may be introduced during
generation, particularly in GAN or VAE outputs, which could impair model learning
if not properly filtered. Furthermore, physical simulation often fails to fully capture
the dynamic and cluttered nature of indoor environments, especially in scenarios
with multipath propagation and human interference. These issues can lead to
decreased accuracy and model overfitting when synthetic data are used without
careful validation or adaptation.

Despite these challenges, synthetic data has been effectively applied in CSI-
based localization tasks, particularly for pre-training deep models, augmenting
limited datasets, and simulating domain-specific signal variations. When used in
combination with real data, synthetic samples can enhance model resilience to
environmental changes and reduce reliance on manual data collection, thereby
supporting more scalable and efficient system development.
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4.4 Generate CSI Fingerprint Algorithm

4.4.1 Preliminaries

Utilizing crowdsourcing techniques and GPR modeling offers an effective solution
to reduce the manual workload during the offline phase. Crowdsourcing enables
the autonomous construction of fingerprint databases by passively collecting data
from users’ daily activities without explicit effort, thereby significantly saving labor,
material, and time costs. Furthermore, integrating Bayesian inference methods
allows for dynamic fingerprint data perception, facilitating both the initial construc-
tion and continuous updates of fingerprint databases (Wang et al. 2011).

However, sensed fingerprint data inevitably contain noise, which undermines
the construction of high-precision fingerprint databases. While robotic platforms
can optimize data collection paths (Wei et al. 2019), this approach faces several
limitations. First, due to complex indoor environmental layouts, robotic agents
often fail to achieve full coverage during path exploration. Second, methods
like multivariate Gaussian regression and greedy algorithms demand substantial
computational resources and are prone to local optima. To advance the applica-
bility of fingerprint-based localization and deliver high-quality location services,
particularly for fine-grained fingerprint database construction, we propose a CSI
fingerprint update algorithm based on imitation learning. Extensive real-world
experiments validate the effectiveness of the proposed method, demonstrating an
18.2% improvement in localization accuracy.

4.4.2 The Overview

The proposed algorithm integrates three core modules: multivariate Gaussian
regression, imitation learning, and path planning, as shown in Fig.4.2. Through
three rounds of iterative refinement, it autonomously constructs a fine-grained
fingerprint database. Unlike conventional approaches requiring exhaustive offline
sampling, our method significantly reduces manual labor while maintaining high
fingerprinting accuracy. For precise localization, we employ a KNN-enhanced CSI
positioning mechanism that dynamically adapts to environmental variations.

In the offline phase, we first randomly select sampling points (following normal
distribution) to collect raw CSI fingerprint data and construct a coarse-grained
initial fingerprint database using multivariate Gaussian regression. Concurrently,
the A3C-IPP algorithm is employed to grid the target area into a vertex-edge
graph for optimal path planning that maximizes information gain. New CSI data
collected along this path are used to compute error bounds through state-space
modeling, which then calibrates the initial fingerprint database. Subsequently,
imitation learning extracts CSI features to train prediction models for estimating
spatial distributions at remaining points. Finally, confidence coefficients derived
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from imitation learning balance predictions with raw measurements, yielding a
refined fine-grained fingerprint database.

In the online phase, the system employs a KNN-based fingerprint-matching
algorithm for user location estimation. Unlike conventional approaches that rely
on continuous CSI data packets, our proposed solution constructs a lightweight
positioning framework by extracting the core features of CSI signals. This design
not only eliminates the dependency on high-density sampling but also simplifies
complex CSI data processing into an RSS-like fingerprint recognition paradigm.
While maintaining positioning accuracy, the method significantly reduces computa-
tional complexity.

4.4.3 Constructing the Initial Radio Map

This chapter describes the methodology for fitting a coarse-grained initial fingerprint
database using MGR and constructing an optimal path for fingerprint collection.
Following conventional approaches, the target localization area is first partitioned
into grids, where adjacent sampling points are interconnected to form a fingerprint
map. Using the data acquisition equipment mentioned previously, approximately
10% of the total sampling points are randomly selected based on a normal
distribution for the first round of CSI data collection.

Under ideal conditions, data collected by the same device should exhibit a Gaus-
sian distribution in spatial domain. However, due to complex indoor environmental
factors and noise interference, the relationship between physical coordinates x and
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raw CSI measurements y follows a multivariate Gaussian regression distribution,
expressed as

y1x~ N (mx),0?), “.1)

where m(x) denotes the mean function and o}% represents the covariance function.

A RBF is employed as the kernel to compute o}% as

a;:exp(_ : Hx—x’”2>, (42)

2t2

where t denotes the scaling coefficient. Subsequently, after fitting the model with
the initial dataset, we can predict the CSI distribution at remaining sampling points.
The fingerprint data is then updated using a Kalman filter to generate the initial
fingerprint map.

The initial 10% sampled data proves insufficient for constructing high-precision
fingerprint models. To enhance database performance, additional CSI data collec-
tion becomes necessary. We employ the A3C reinforcement learning algorithm
(detailed in previous Sect. 3.4.4) to identify optimal sampling paths. The proposed
algorithm, built upon an Actor-Critic framework with multithreading technol-
ogy, demonstrates superior performance compared to conventional Q-learning
approaches. The agent generates new sampling trajectories based on the initial
fingerprint map, significantly reducing manual collection costs. The overall training
objective is

0 =6+ aVglogmy (s, a1) A+ BVeH (7w (s1,0)), (4.3)

where 6 is the parameters of my, s; denotes the agent’s positional state with an
action space containing {up, down, left, right}, and «, B are scaling parameters.
The exploration path is set between the diagonal start and end points, allowing the
agent to search for one or multiple paths within limited steps while satisfying

Pathpimar = argmax R(Path), (4.4)
PatheVy

where Path represents a potentially valid path, R(-) denotes the reward function,
and W encompasses the complete set of paths. We select the path with the maximum
total reward value from this collection and designate it as the final optimal path to
guide subsequent data acquisition strategies.



96 4 Intelligent Offline Data Updating
4.4.4 The Error Band of CSI

The coarse-grained initial radio map constructed from limited raw CSI data fails to
meet high-precision requirements, prompting further optimization using state-space
models. The CSI data collection process can be analogized to a Markov model.
State-space models establish connections between observable variables and internal
system states. When treating the CSI sequence as a first-order integrated series with
stationary differences, it can be fitted using a model containing autoregressive lag
terms and other parameters. The specific model is as follows

Ayr =c+ $1Ay—1 + bie—1 + €, (4.5)

where ¢ represents the intercept of the ARMA model, A denotes the first-order
difference operator, and &; follows a normal distribution with mean 0 and variance
o2. We employ the statsmodels toolkit to fit the pilot data and subsequently predict
the error range of raw CSI samples.

Subsequently, the Savitzky-Golay algorithm is applied for data smoothing. This
algorithm enhances data precision without altering signal characteristics through a
set of “convolution coefficients” implemented via linear least squares fitting

1 +w
Xksmooth = Xk = 7 Z Xkrihi, (4.6)

1=—w

where h; represents smoothing coefficients, here set to the error range. This
completes the second-stage filtering of the initial radio map Mapiyisiqi, yielding
the refined result Mapgecond.-

4.4.5 Behavior Cloning of CSI Based on Imitation Learning

This chapter describes the use of imitation learning for behavior cloning on raw CSI
fingerprint data. Imitation learning demonstrates strong performance in sequential
decision-making problems by learning from expert demonstrations, enabling the
model to generate state-action trajectory distributions that match the distribution
of the input trajectories. The supervised learning process, referred to as behavior
cloning, seeks to find an optimal policy my with parameters 6 that solves the
following optimization problem:

6" = argmax E,ep [po (ar.7 | s1:7)1, 4.7
o

where mo(als) is the probability of executing action a under state s according
to the optimal policy. Behavior cloning satisfies po(aj.|si) = ]_[thl mo(ae|sy).
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Imitation learning achieves data processing through behavior cloning from expert
demonstrations. However, obtaining precise samples is challenging, and trajectory
errors accumulate over time,

Elerrors] <e(T +(T =)+ (T —=2)+...+ 1) xeT?, (4.8)

where € denotes the error probability at time step ¢. The proposed algorithm employs
imitation learning to accurately predict and update the CSI data distribution,
decomposing the sample CSI sequence segments and mapping them to high-level
codes for input sequence reconstruction.

The training trajectory p is partitioned into N segments [seg;, seg,, ..., segy],
where

seg; = [(sbsaby) + (b0 @by, - (st ab-1) ] (4.9)

where i’ = i — 1. The sample behavior cloning is transformed into learning sub-
tasks to generate a policy mo(als, [) (I being the latent variable). Using autoencoders,
imitation learning is performed for each sub-task to obtain specific policies (Kipf
et al. 2019). Disjoint segments are recombined to form new samples similar to data
augmentation, where all sub-policies can be mapped to the training trajectory.

The segment / can be encoded as

po (arr |sir) =YY polarr | sir.bin.un) p by, liy) . (4.10)

bin li:n

It can be decomposed across time steps, where single-segment decomposition
prevents over-writing of training trajectories. Then, we construct the recognition
model as

ge (brn, lin | x1.7) = 1_[ qe, (li | xpy 2 bi — 1) ¢y (bi | xp,:7) - (4.11)
i=1:N

Parameters are shared across segments, with networks gg (/|x) and gg,(b|x) as
the core components. The model employs LSTM and MLP to predict the logical
relationships at the final step of sub-task seg;, producing an n-dimensional vector
containing class information, which serves as the encoder. This encoder only
predicts states, and the lower bound of sub-segments may reduce precision. As
shown in Fig. 4.3, the original CSI data is used as training trajectories. The encoder
computes g (b;|x), obtains sub-segment seg; from g (/;|x), stores the reconstruction
sample loss in a buffer, and finally derives the policy mo(a;|s;, [;) through imitation
learning via the decoder.
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4.4.6 The Fine-Grained Radio Map

CSI data are complex-valued and stored as Tensor objects. While imitation learning
can update the real components of samples, it fails to update the imaginary compo-
nents. Moreover, models trained with limited real-world data can only approximate
real-valued quantities. Therefore, it is necessary to balance the relationship between
updated data and ground truth values, and develop methods for accurate inference
of imaginary components (Huai et al. 2023).

In the above chapter, the batch_acc computed through imitation learning serves
as an effective evaluation metric, denoted as the confidence coefficient €. It
represents the cosine similarity between updated data and ground truth values, i.e.,
the regression accuracy. The algorithm combines a MGR model with imitation
learning for third-round iterative correction, as expressed in the following

Map final = € X Mapgecona + (1 — &) X Map,,cona- (4.12)

From an information validity perspective, the more raw CSI samples collected,
the more precise the fingerprint map becomes. During the offline phase, the
twice-collected raw CSI fingerprint data accounts for approximately 20% of the
total sampling points. Our algorithm is particularly suitable for large-scale indoor
dynamic environments, where path planning can significantly reduce labor costs.
The objective is to construct fine-grained fingerprint maps with minimal human
intervention, distinguishing it from approaches requiring daily fingerprint database
updates (Sikeridis et al. 2018). Given the computational resource demands of
reinforcement learning, our algorithm improves efficiency by reducing sample size
while maintaining practical applicability.
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Table 4.3 Parameter settings of the proposed algorithm

Parameters Area one Area two Area three
Iterations 100 100 100
learning rate 0.01 0.01 0.01
Neurons of input layer 32 32 50
Neurons of hidden layer 64 64 64
Neurons of latent layer 64 32 64
Maximum exploration step length 200 100 300
Number of segments 15 10 10
Number of neighbors 12 5 15

(b)

Fig. 4.4 The new experimental scenario. (a) The corridor. (b) Layout of area three

4.4.7 Performance Evaluation

To evaluate the positioning performance of the proposed algorithm, we conduct a
comparative analysis with several representative methods, including Refs. Ciftler
et al. (2020), Zhao et al. (2020), Wei et al. (2019), and Zhu et al. (2023). In order
to isolate the effect of the fingerprint update process, all fingerprint data in the
evaluation are manually collected to ensure consistency in data quality. The average
positioning error’s CDF is still adopted as the primary evaluation metric, and the
parameter settings are listed in Table 4.3.

In addition to the original test areas, a new environment referred to as Area
three is introduced to further assess the generalization capability of the algorithm.
This area comprises a long indoor corridor covering approximately 108 x 12
m?, with 560 sampling points distributed at intervals of 1.2m, as shown in
Fig.4.4. The data collection process was conducted under realistic conditions, with
continuous human movement generating frequent dynamic obstructions. Due to
the corridor’s linear geometry, the environment exhibits a combination of LoS
and NLoS conditions, varying with specific spatial locations. This setting provides
a more challenging scenario for positioning algorithms, thus serving as a robust
benchmark for evaluating fingerprint update strategies.

(1) Localization Performance Comparisons As shown in Fig. 4.5 and Table 4.4,
the proposed scheme consistently outperforms existing state-of-the-art methods
across all test environments. In Area one, it achieves a mean localization error of
3.60 m using only 89 sampling points, markedly outperforming the original database
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Fig. 4.5 The performance comparison of different algorithms. (a) Area one. (b) Area two. (c)
Area three

and other algorithms such as FL-MLP and ILM-CFBCS, which require over three
times the data to reach inferior accuracy levels. Notably, ILM-CFBCS, despite its
data efficiency, still results in a higher average error of 4.41 m. This highlights the
advantage of the proposed method in balancing accuracy and sampling cost. In Area
two, where the scene complexity and signal dynamics increase, the proposed method
maintains its leading performance, reaching the lowest mean error of 2.98 m with
only 47 sampling points. Compared to GA-IPP and A3C-IPP, which utilize over 140
samples, the proposed method not only improves accuracy but also offers a more
lightweight and scalable solution for deployment. Figure 4.5b further confirms this
advantage through the CDF curves, where the red line representing the proposed
scheme shows a sharper rise, indicating a higher probability of achieving low-
error predictions. In the most challenging Area three, where propagation conditions
and multipath effects are more severe, the proposed approach again demonstrates
robust generalization. Despite requiring fewer sampling points than most baselines,
it achieves a competitive average error of 4.91 m with lower standard deviation,
indicating more stable prediction behavior.

(2) Relation Between Reward and Localization Accuracy On the basis of the
previous large-scale generation and sampling strategies, we further evaluate how the
agent’s path planning affects fingerprint database quality. Leveraging the reward-
driven approach introduced in Zhu et al. (2023), we guide data collection using
a reward function that accounts for both localization accuracy and the number of
exploration steps. To examine this effect, fingerprint databases with different step-
length budgets are constructed across multiple areas, and the relationship between
total reward and positioning accuracy is analyzed. As shown in Fig. 4.6, higher
total rewards typically correspond to better localization performance, with longer
step lengths offering more comprehensive data coverage. However, this trend is
not strictly linear; beyond a certain point, the accuracy gain diminishes. In Area
one, signal blockage leads to the failure of optimal path identification under a 100-
step setting, while Area two benefits from clearer signal propagation and achieves
better accuracy. In the more complex Area three, increased reward still results in
up to 0.8 m improvement in accuracy. Table 4.4 further supports these findings,
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confirming the value of reward-guided path sampling in building efficient and
accurate fingerprint databases.

(3) Robustness Analysis To evaluate the robustness of different path planning
strategies, we analyze the total reward achieved under varying exploration budgets,
where the step length is treated as the available sampling capacity. As shown
in Fig.4.7, the proposed method consistently secures the highest total rewards
across all three experimental areas, reflecting its ability to adapt to diverse spatial
environments and budget constraints. This trend remains stable as the budget
increases, indicating that the algorithm can effectively capitalize on additional
sampling resources to construct higher-quality fingerprint databases.

Although A3C-IPP performs comparably in some cases, the performance gap
becomes more pronounced at larger budgets, where our approach demonstrates
superior scalability. In contrast, FL-MLP shows only gradual reward growth,
suggesting that its limited exploration ability or CSI update strategy may restrict
its effectiveness. ILM-CFBCS performs relatively well in Area two, likely due
to reduced signal interference and better spatial openness, but its improvement
plateaus at higher budgets. GA-IPP exhibits erratic behavior, with its total rewards
fluctuating or even declining in certain settings, which implies susceptibility to
local optima. Notably, in Area one, where obstacles and human activity introduce
significant environmental noise, our method still outperforms others, indicating
strong generalization capability. In Area three, characterized by complex corridor
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structures, the proposed method efficiently utilizes increased budgets to expand
exploration and gather more informative CSI samples, leading to substantial reward
gains.

To summarize, this chapter proposes an intelligent CSI fingerprint database
update method incorporating imitation learning with minimal human intervention.
The approach first collects limited raw data to construct an initial coarse database,
then strategically acquires new data samples. The model enhances precision through
imitation learning-based data updates, generates the final database via confidence
evaluation, and employs KNN for online positioning. Experimental comparisons
verify the superiority of the proposed algorithm, including a 73.3% reduction in
manual data collection requirements while maintaining high positioning efficiency.

4.5 DBLG Algorithm

4.5.1 Motivation and Challenge

With the rapid development of ISAC technologies in 6G networks, CSI-based
fingerprinting has emerged as a key technique for achieving high-precision indoor
localization. In practical scenarios, maintaining an accurate and up-to-date fin-
gerprint database during the offline phase is essential, as it directly influences
the overall positioning performance. To reduce the reliance on labor-intensive
site surveys and improve data quality, recent research has increasingly explored
crowdsourcing and prediction-driven approaches for CSI fingerprint updates.

However, crowdsourcing-based fingerprint database updates remain susceptible
to noise, incomplete spatial coverage, and environmental dynamics. Maintaining
high-accuracy localization requires frequent updates to the fingerprint map, which
not only increases overhead but also limits scalability and real-world deployment.
Additionally, many existing approaches rely on complex machine learning models
for CSI feature extraction, which are often computationally expensive and may gen-
eralize poorly when applied to unseen environments, leading to reduced positioning
reliability.

To address these challenges, this chapter introduces a novel method for CSI
fingerprint updating and prediction, namely DBLG, combining a Deep Broad
Learning System (DeepBLS) with a GAN-based data generation module. By
integrating confidence coefficients into the learning process, the proposed approach
can efficiently generate high-quality CSI fingerprints with improved adaptability
and reduced computational cost. The method ensures effective feature extraction
from CSI measurements while supporting real-time processing, thereby offering a
robust and scalable solution for building reliable fingerprint databases in dynamic
indoor environments.
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4.5.2 The Overview

The overall architecture of the proposed DBLG algorithm is shown in Fig.4.8.
The process begins with the preparation stage, where pilot CSI data and optimized
sampling paths are collected from the indoor environment and then merged to form
the initial dataset for training. The DeepBLS network is first employed to construct
a coarse-grained global CSI fingerprint database. It adopts a layer-wise training
strategy, in which the output residual from each layer, adjusted by a learning rate,
becomes the input target for the next layer. The training mechanism eliminates the
need for backpropagation across layers, thereby reducing computational cost and
accelerating the overall learning process.

To further improve fingerprint quality and handle environmental variability, a
GAN is incorporated into the framework. It processes the extracted CSI features
to perform secondary prediction and refinement, generating high-resolution and
realistic fingerprints from limited or noisy samples. It enables the system to adapt
effectively to changes in the surrounding environment. The outputs from both
DeepBLS and the GAN are evaluated using confidence coefficients, which directly
guide the construction of a fine-grained and reliable fingerprint database.

In the online localization stage, the real-time CSI measurements are matched
against the refined fingerprint database using the KNN algorithm. The final esti-
mated location is then used to support downstream location-based services. The
framework can ensure high-quality fingerprint generation and reliable positioning
performance, even under dynamic indoor conditions.

4.5.3 Deep-Broad Learning System Network

The BLS improves feature extraction by increasing the width of the network,
enhancing its adaptability to both training and testing data while also boosting
generalization capability (Chen and Liu 2017). The architecture consists of three
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main components: the feature layer, which generates initial feature nodes; the
enhancement layer, which applies nonlinear transformations to refine the feature
representation; and the output layer, which integrates both types of nodes through a
set of connection weights to generate the final output. Importantly, BLS bypasses
complex iterative training by only requiring the computation of output weights,
which can be efficiently solved as a ridge regression problem.

The DeepBLS adopts a modular structure where each layer functions as an
independent BLS block trained with a single forward pass. It setup merges the
expressive power of deep architectures with the efficiency of BLS, enabling rapid
training and strong generalization. By progressively stacking BLS blocks, the
network increases in depth, which enhances both accuracy and robustness across
diverse data distributions. The k-th BLS block is initialized using a fixed parameter
set wg and trained to generate its respective output. Once training is complete, the
output of the first block is denoted by fprs(X; wp), where X represents the input
feature matrix. The residual for training the next block is obtained by subtracting
this output from the true labels Y as

r® =Y — fprs(X; wo). (4.13)

To guide the model toward convergence and prevent oscillation near optimality,
each subsequent BLS block receives a scaled version of the preceding residual as its
target output. This strategy promotes gradual refinement of predictions. The residual
at layer k is calculated as

k—1

r® =Y - (X)) =Y =Y fars(X:wp), (4.14)
i=0

where fr(X) denotes the cumulative output from the first K BLS blocks. The final
model output is the aggregation of all individual block outputs as

k—1
HX) =" faLs(X; o) + fi(X)
i=1
k—1
=" foLs(X:wo) + [2" | H™] W™, (4.15)
i=1

The layered training mechanism enables DeepBLS to extract increasingly rich
features from raw CSI data. These outputs are subsequently utilized for prediction
and updating, supporting the construction of a high-quality global CSI fingerprint
database. And Algorithm 1 presents the pseudocode for updating the predicted CSI
fingerprint database using DeepBLS.
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Algorithm 1 Generate the initial fingerprint database by DeepBLS

1:

SO AW

11:
12:
13:
14:
15:
16:
17:
18:

Input: Training data: Xirin, Yirain; Test data: Xieg; Model parameters: max_iter, learn_rate,

NumPFea, NumWin, NumEnhan, s, C.

: Output: Final prediction for final_predictions

: Initialize model parameters and residual mean

. Create and train the first BLS with Xain, Yirain
: Append the trained BLS to model

: Compute initial prediction f

. for iter = 1 to max_iter — 1 do

Compute residual r = Yipin — f
Create and train new BLS with Xin, 7 X learn_rate
Append new BLS to model
Update f with new BLS prediction using Eq. 4.15
end for
Initialize final_predictions as zeros
for each BLS in model do
Predict output for X5 using current BLS
Accumulate predictions into final_predictions
end for
Return final_predictions

4.5.4 GAN and Confidence Coefficient

The GAN consists of two core components: a generator and a discriminator, as
described in Sect. 2.4.4. The generator receives random noise and label information
as inputs and produces synthetic data, while the discriminator attempts to distinguish
between real and synthetic samples. Through adversarial training, the generator
continuously enhances its ability to produce realistic data, whereas the discriminator
becomes increasingly adept at identifying subtle differences between real and
generated inputs. The overall structure of the GAN is shown in Fig. 4.9.

Fig.
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The generator G takes as input a random noise vector z sampled from a Gaussian
distribution and a label y, generating synthetic data X as

x=G(zYy), (4.16)

where z represents the random latent input, y is the label guiding the generation
process, and x denotes the resulting synthetic data. The discriminator D evaluates
both real data samples x,.,; and generated samples x, computing the discriminator
loss by

1 .

dioss = 5 (D(xreuls y) + D(x, y)) . 4.17)
The generator loss, which quantifies the ability of G to fool the discriminator,

is defined as gjo5s = D(G(z, ), y). To improve the realism of generated data, a
statistical adjustment is applied to align its distribution with that of the real data. Let
i and o; denote the mean and standard deviation of the generated data, and puy

and o, represent those of the real data. The adjusted synthetic data is computed as

A

adjusted generated data = (x Mx) Ox + [iy. (4.18)

o3

To ensure high-quality prediction and database refinement, confidence coefficients
derived from both the DeepBLS and GAN components are employed during the
fingerprint updating process. These coefficients quantify the reliability of each
generated fingerprint and are used to fuse the GAN-generated data with DeepBLS
predictions:

highFinger =c- GAN_data+ (1 —c) - final_predictions. (4.19)

By using the confidence coefficients, the DBLG effectively filters and refines the
CSI fingerprint database, resulting in higher accuracy and finer granularity. The
refined database better captures subtle variations in wireless channel conditions,
thereby improving overall localization performance.

4.5.5 Performance Evaluation

We evaluate the positioning performance of the proposed DBLG algorithm by
comparing it with three representative baseline methods (Zhao et al. 2020; Wei et al.
2019; Zhu et al. 2023). To assess the impact of fingerprint updates on localization
accuracy, all fingerprint data were manually collected under two distinct scenarios.
The CDF of the average positioning error is still used as the primary evaluation
metric.
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Fig. 4.10 The localization experiments. (a) Area one. (b) Area two. (¢) Fingerprint comparison

Table 4.5 Comparisons of localization accuracy and testing time

Area one Area two

Algorithm Mean error (m) | Std (m) | Time (s) | Mean error (m) | Std (m) | Time (s)
DBLG 1.99 1.42 0.01562 | 1.60 0.89 0.01674
Manual 4.68 2.22 0.08640 |3.28 1.21 0.06903
ILM- 4.40 1.59 0.00459 |3.01 1.08 0.00481
CFBCS (Zhao

et al. 2020)

GA-IPP (Wei 4.20 1.88 0.00190 |3.17 1.40 0.00139
et al. 2019)

A3C-IPP (Zhu |4.19 1.95 0.09604 | 3.11 1.13 0.04951
etal. 2023)

(1) Localization Comparisons The experimental results verify that the DBLG
algorithm achieves superior localization accuracy across both environments, as
shown in Fig. 4.10 and summarized in Table 4.5. Compared to the other three algo-
rithms, DBLG yields the lowest average positioning error and standard deviation.
Specifically, it improves average localization accuracy by 46.78 and 48.38% in the
two scenarios, respectively. Additionally, the lower standard deviation indicates that
DBLG exhibits more stable and consistent performance. The improved performance
of the updated fingerprint database can be attributed to two main factors. First, the
combination of BLS and deep learning enables efficient computation while main-
taining accuracy. Second, the model effectively captures discriminative features
from the original CSI data, allowing for precise and fine-grained fingerprint updates.

(2) Ablation Study We conduct an ablation study to examine how three core
parameters influence the effectiveness of CSI fingerprint database updates and the
final localization performance. These parameters include the number of feature
nodes NumFea in DeepBLS, the number of training epochs in the GAN module,
and the proportion of initial pilot data. Each parameter affects the structure or
learning process of the DBLG algorithm in different ways and is therefore analyzed
individually. The experimental results are presented in Fig. 4.11.
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Fig. 4.11 Parameter sensitivity analysis under different configurations. (a) Number of features.
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First, we evaluate the impact of NumFea, which controls the number of initial
features extracted in the BLS model. With other parameters fixed, we vary NumFea
from 5 to 40 and observe changes in localization accuracy, as shown in Fig. 4.11a.
When it is set to 20, the localization error reaches a stable level in both experimental
areas. Specifically, the average error in area one is 2.03 m with a standard deviation
of 1.40 m, and in area two the average error is 1.61 m with a standard deviation
of 0.90 m. Increasing NumFea beyond the value doesn’t further improve accuracy,
which confirms that 20 is an effective setting for maintaining model stability and
precision.

Second, we assess the effect of GAN training epochs. In this part, the model
structure, learning rate, and other parameters remain unchanged while the number
of epochs is adjusted from 10 to 110. As illustrated in Fig. 4.11b, the localization
error decreases significantly as the number of epochs increases. In area one, the
error drops from over 3.5 m to around 2.0 m within 50 epochs. In area two, the
error remains consistently low around 1.5 m. When the number of epochs exceeds
50, further improvements in localization accuracy are minimal. It confirms that 50
epochs is sufficient to achieve convergence and satisfactory performance under the
current setup.

Finally, we analyze how the proportion of initial pilot data influences the
performance of the DBLG algorithm. This pilot data is used to train the initial GPR
model for path planning, which guides further CSI data collection. Figure 4.11c
shows that increasing the proportion of pilot data from 10 to 50% leads to a gradual
increase in localization error. When the proportion is too high, more noise and
redundancy are introduced, which degrades the quality of the updated fingerprint
database.

To summarize, in this chapter, we propose DBLG, a fine-grained CSI fingerprint
database update method that combines DeepBLS and GAN to address the challenge
of maintaining accurate fingerprint databases for indoor localization. Building on
our previous work (Zhu et al. 2023), we first obtain initial CSI fingerprint data
through path planning, and then apply the DBLG algorithm for feature extraction
and enhancement. This process produces two global fingerprint databases, which are
fused using a confidence-based approach to generate a high-quality CSI fingerprint
database. Experimental results show that DBLG outperforms existing methods in
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both positioning accuracy and efficiency. The proposed method improves local-
ization accuracy by 46.78% and significantly reduces manual effort, making it
well-suited for deployment in large-scale indoor scenarios.
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Chapter 5 ®)
Accurate Online Data Application Qe

Abstract With the increasing demand for high-precision, low-latency indoor local-
ization in IoT and smart environments, the efficient online processing of CSI data
has become a pressing challenge. While Chap.4 focused on offline fingerprint
updates, this chapter turns to online applications, aiming to ensure accurate and
rapid localization in dynamic environments. This chapter begins by exploring
the fundamental requirements for high-speed localization, emphasizing the trade-
offs between speed and accuracy, and the impact of environmental dynamics
on real-time performance. We then discuss advanced techniques for accelerating
fingerprint matching, including optimized search algorithms and strategies for
handling dynamic obstacles. A key highlight is the introduction of the BLS as
a lightweight, efficient model for real-time localization, enhanced by ensemble
learning to improve robustness and accuracy.

Then, we present the BLS-Location, a lightweight online localization algorithm
based on Broad Learning System, which accelerates fingerprint matching and
maintains reliable performance with low computational cost. To further enhance
adaptability, we propose the ILCL algorithm, which transforms CSI phase data into
images and uses a CNN for offline training. During the online stage, it incrementally
adapts to new data using a probabilistic method based on BLS, without the need for
retraining. Experimental evaluations show that both BLS-Location and ILCL offer
significant improvements in accuracy and efficiency, especially in large-scale and
dynamic indoor environments.

Keywords Online accurate localization - Dynamic environment adaptation -
Broad learning system
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5.1 Overview of Real-Time Localization Challenges

5.1.1 Requirements for High-Speed Localization

High-precision real-time localization systems are important in applications requir-
ing rapid and accurate positioning (Lu et al. 2021; Chen et al. 2019b). These
systems must complete the entire process from data collection to result output within
an extremely short time frame. For example, in intelligent warehousing systems,
automated guided vehicles (AGVs) need precise location information within tens
of milliseconds to ensure efficient operations. This requirement places significant
demands on both the system’s processing power and the computational complexity
of the algorithms employed.

For WiFi-based localization systems, the system must quickly match new finger-
print data with the existing database (Fernandez 2019; Zhu et al. 2020). This process
is often limited by computational resources and data processing speed. In large-scale
environments, such as shopping malls or airports, traditional matching algorithms
struggle to meet real-time demands due to their linear relationship between com-
putational complexity and database size. For instance, when the database contains
tens of thousands of fingerprints, traditional methods like the KNN algorithm may
take several seconds or longer to complete the matching process. It is insufficient for
real-time applications, where rapid response is necessary. The computational burden
is particularly pronounced in environments with high-density fingerprint databases.
The KNN algorithm requires calculating the distance between the new fingerprint
and every fingerprint in the database, which becomes computationally prohibitive
as the database size grows. The linear scalability issue is a significant barrier to
achieving real-time performance in localization systems.

Moreover, the dynamic nature of indoor environments, where signal propagation
can be affected by various factors such as people movement, furniture placement,
and multipath effects, further complicates the localization process. These factors
introduce variability and noise into the fingerprint data, making it more challenging
to achieve accurate and consistent localization results. Therefore, there is a need
for more efficient and robust algorithms that can handle large-scale databases and
dynamic environments while maintaining high precision.

5.1.2 How to Balance Speed and Accuracy?

In practical localization systems, achieving a balance between positioning speed
and accuracy remains a classical challenge. Algorithms with high accuracy often
rely on deep learning models or complex optimization processes, which demand
considerable computational resources and extended processing time. Such methods
may offer superior performance in static evaluations but are often unsuitable for
real-time scenarios where response times must be minimized. Therefore, reconciling
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Table 5.1 Strategies for balancing speed and accuracy in real-time localization

Strategy

Lightweight models (e.g.,
BLS)

Model simplification (e.g.,
PCA, feature selection)

Ensemble learning

Optimized search algorithms
(e.g., KD-Tree Zhou et al.
2008, LSH)

Hardware acceleration (e.g.,
GPU, FPGA)

Core idea

Employ efficient structures
that avoid iterative training
by using random feature
mapping and closed-form
solutions.

Reduce dimensionality or
select discriminative features
to decrease computational
load.

Combine multiple base
learners to improve accuracy
and robustness.

Accelerate fingerprint
matching using efficient data
structures or hashing.

Leverage parallel
architectures to boost
processing efficiency.

Advantages and application
scenarios

Offers fast training and
inference, well-suited for
large-scale or frequently
updated localization systems.

Enhances inference speed and
generalization; useful when
input data contains
redundancy or noise.

Enables independent training
of learners; ideal for dynamic
environments requiring
stability.

Decreases search time in large
databases; suitable for
systems relying on fast
nearest-neighbor matching.
Significantly improves
latency; applicable in
time-sensitive scenarios like
autonomous robotics or smart
manufacturing.

these two competing objectives is essential for the effective real-time localization

systems.

To mitigate this contradiction, various strategies have been explored, as given

in Table 5.1. One approach is to employ algorithmic optimization techniques that
reduce computational overhead while preserving accuracy. Lightweight models,
such as BLS (Zhu et al. 2021), offer a promising solution by enabling fast training
and inference without sacrificing localization precision. In addition, preprocessing
techniques such as dimensionality reduction and feature selection can streamline
the input space, resulting in faster execution and more efficient resource utilization.
Hardware-level acceleration, using components like GPUs or FPGAs, also plays an
important role in improving runtime performance. These methods can be selectively
combined according to the requirements of specific deployment scenarios.

Among lightweight models, BLS demonstrates particular advantages in bal-
ancing efficiency and effectiveness. Unlike conventional DNNs, which require
extensive iterative training, BLS uses a random projection to map inputs into
a high-dimensional space, followed by a closed-form solution for output weight
computation. This structure eliminates the need for backpropagation, significantly
reducing both training duration and computational complexity. Moreover, when
integrated with ensemble learning, BLS can further enhance model robustness. By
aggregating the outputs of multiple weak learners, ensemble methods achieve higher
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generalization performance while allowing each learner to be trained independently,
thereby reducing time and resource consumption.

5.1.3 Impact of Environmental Dynamics on Real-Time
Performance

The dynamic nature of indoor environments poses significant challenges to real-time
localization systems. Common changes, such as human movement, rearrangement
of furniture, and the introduction of temporary obstacles, continuously alter the
wireless signal propagation characteristics. These variations lead to inconsistencies
in CSI fingerprint data, resulting in degraded localization accuracy and increased
difficulty in maintaining reliable performance under time constraints.

The influence of environmental dynamics on real-time localization performance
can be categorized into the following aspects:

1. Signal Multipath Effects. In enclosed or cluttered spaces, wireless signals
often experience multiple reflections, diffractions, and scattering before reaching
the receiver. These multipath effects introduce interference patterns that are
difficult to predict and model accurately. As a result, the observed CSI may not
correspond directly to the actual position of the device, causing an increase in
positioning error. Empirical studies suggest that in typical indoor environments,
multipath propagation can raise localization errors by approximately 20% to
30%, especially in scenarios with narrow corridors or high surface reflectivity.

2. Signal Attenuation and Ambient Noise. The presence and movement of people,
machinery, and mobile objects can introduce sudden changes in signal strength
and quality. These changes manifest as attenuation, shadowing, and additional
noise in the received signal. Such disruptions reduce the signal-to-noise ratio
(SNR) , thereby diminishing the reliability of fingerprint-based localization. In
experimental setups, it has been observed that attenuation and noise effects may
lead to a decline in localization accuracy by 15 to 25%, particularly in high-traffic
areas or industrial environments.

3. Real-Time Database Adaptation. In dynamic environments, the statistical char-
acteristics of CSI fingerprints evolve over time. To maintain accuracy, the
fingerprint database must be updated frequently to reflect the current conditions.
This necessity introduces significant pressure on system resources, including
memory usage, processing speed, and update latency. Real-time adaptation,
without degrading inference speed, becomes a core requirement for maintaining
localization performance in continuously changing settings.

To address these challenges, localization systems must adopt adaptive mecha-
nisms capable of responding to environmental changes in real time. One effective
strategy is to incorporate incremental or continual learning approaches, which allow
the model to integrate newly observed data without undergoing full retraining. These
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methods update model parameters online, enabling rapid adaptation to fluctuating
signal conditions while conserving computational resources. Additionally, real-
time data filtering and noise suppression techniques can help mitigate the adverse
effects of signal variability. By combining efficient model updating with robust
preprocessing, it becomes possible to maintain high localization accuracy and
system responsiveness.

5.2 Accelerating Fingerprint Matching Processes

5.2.1 Optimized Search Algorithms for Fast Matching

Traditional algorithms such as KNN, while simple and easy to implement, exhibit
linear time complexity with respect to the database size. As the volume of
fingerprints increases, the time required for a complete matching process becomes
unacceptable for time-sensitive applications. To alleviate this issue, a variety of
optimized search algorithms have been developed to enhance processing speed
while preserving localization accuracy.

One commonly adopted approach is to build index structures that support
efficient similarity queries. Tree-based algorithms, including KD-trees and ball
trees, divide the data space hierarchically to reduce the number of comparisons
required during matching. These methods are particularly effective in moderate-
dimensional spaces and have shown substantial reductions in search time compared
to exhaustive search. In scenarios involving high-dimensional data, preliminary
dimensionality reduction techniques can be employed to improve the efficiency of
tree structures, though this may introduce minor accuracy degradation.

Hashing-based algorithms represent another important category of acceleration
techniques. Locality-Sensitive Hashing (LSH), for instance, maps similar fingerprint
features to the same or nearby hash buckets, enabling rapid retrieval with sub-
linear computational complexity (Zhou et al. 2008). LSH has proven effective in
large-scale deployments, such as those involving over 100,000 fingerprints, where
it can reduce retrieval latency to a fraction of the time required by traditional
KNN methods, while still maintaining localization error within an acceptable range.
However, the effectiveness of LSH depends on careful parameter tuning, and it may
fail to capture all relevant matches in noisy or ambiguous environments.

Graph-based approximate nearest neighbor methods, such as Hierarchical Nav-
igable Small World (HNSW) graphs, offer another high-performance alternative
(Malkov and Yashunin 2018). These algorithms construct a navigable graph struc-
ture where each node represents a fingerprint and edges connect closely related
entries. Query processing involves traversing the graph starting from an initial
point and iteratively refining candidate matches. HNSW-based methods are espe-
cially well-suited to dynamic environments, as new fingerprints can be integrated
incrementally with minimal computational overhead, supporting efficient updates
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alongside high-speed search. As indoor localization systems continue to scale up
and operate in increasingly dynamic settings, the development and integration of
adaptive and robust matching algorithms will remain a key factor for advancing
real-time performance.

5.2.2 Handling Dynamic Obstacles and Movements

In dynamic indoor environments, the presence of moving people, opening doors, and
mobile obstacles introduces significant variability in wireless signal propagation,
which can undermine the reliability and precision of localization systems (Zheng
et al. 2019). Such changes often lead to signal occlusion, attenuation, and severe
multipath effects, making it challenging for static fingerprint databases to maintain
accurate performance over time. These disruptions are particularly evident in
scenarios such as airports, shopping malls, or office buildings, where human activity
is frequent and unpredictable.

To address these challenges, dynamic adaptation mechanisms are increasingly
employed to enable real-time responsiveness. One core strategy involves contin-
uously updating the fingerprint database based on the observed changes in the
environment. By incrementally incorporating newly observed data or interpolat-
ing between known data points, the system can maintain stability and reduce
degradation in accuracy. Interpolation techniques, such as bilinear or kriging-based
methods, are often used to estimate CSI fingerprints at unmeasured locations,
enhancing spatial coverage without increasing measurement density. These tech-
niques are especially useful when dealing with regions partially occluded by
temporary obstacles or where direct measurements are infeasible due to obstruction.

Moreover, in automated fingerprint collection scenarios using robotic platforms,
path planning and obstacle avoidance become integral to maintaining efficient
and complete data coverage. Robots equipped with wireless sensors and mobility
capabilities can autonomously traverse the indoor space and collect CSI fingerprints.
To improve navigation and environmental perception, simultaneous localization
and mapping (SLAM) algorithms are often integrated. SLAM enables the robot
to build an internal map of the environment while simultaneously localizing itself
within it. This capability allows the robot to identify and circumvent obstacles in
real time, dynamically re-planning its trajectory to ensure thorough and collision-
free fingerprint collection, even in environments that are constantly changing
(Khairuddin et al. 2015).

In terms of algorithmic support for dynamic adaptation, filtering techniques such
as Kalman filtering and particle filtering are widely applied (Simon 2001; Djuric
et al. 2003). Kalman filtering, suitable for linear systems with Gaussian noise, can
smooth CSI sequences and filter out transient signal fluctuations, thereby stabilizing
the localization output. Particle filtering, which is more suitable for nonlinear and
non-Gaussian conditions, represents the system’s state distribution through a set of
weighted samples (particles), allowing for probabilistic tracking of user movement
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under uncertain and fluctuating signal conditions. Both filtering techniques can
be integrated into real-time systems to continuously update localization estimates,
reflecting the evolving signal landscape induced by dynamic obstacles.

5.2.3 Light-Weighted Learning Model-Broad Learning System

Broad Learning System (BLS) is a lightweight and efficient machine learning
framework well suited for real-time CSI-based localization tasks (Zhu et al. 2021;
Chen and Liu 2017). Unlike traditional deep models that require intensive training
and a large number of parameters, BLS adopts a flat network structure and leverages
ridge regression to directly compute output weights. This architecture not only
reduces computational complexity but also accelerates training and inference,
making it highly compatible with indoor localization systems that demand low
latency and high adaptability.

For the CSI fingerprint learning, BLS begins by constructing a set of feature
nodes, as shown in Fig.5.1. Given a CSI input matrix H € RN¥*d where N is
the number of training samples and d is the feature dimension of each sample, the
input is projected into a high-dimensional space using randomly initialized weights
and biases. The nonlinear transformation applied to generate the feature nodes is
expressed as

Mi=¢(H - -Wei +Bei), i=1,2,...,n, (5.1)

where ¢ (-) denotes the activation function, typically sigmoid or ReLU, W,; is the
weight matrix, B,; is the bias vector, and » is the total number of feature nodes.
Following the generation of feature nodes, BLS introduces enhancement nodes
to further enrich the representational capacity of the model. These enhancement
nodes are constructed by applying a different nonlinear transformation to the feature
node matrix M, using another randomly initialized set of weights and biases. The
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Fig. 5.1 The framework of BLS based on CSI
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enhancement nodes are computed as
Ej =tanh(M - Wp; + Bj), j=1,2,...,m, (5.2)

where tanh(-) serves as the activation function, Wy,; and B;; denote the weights and
biases for the enhancement layer, and m is the number of enhancement nodes.

The final feature representation is formed by concatenating the feature nodes M
and enhancement nodes E, yielding the matrix Z = [M | E], which serves as the
input for the output layer. Instead of training the model through iterative gradient
descent, BLS calculates the output weights W using closed-form ridge regression
as

w=z'z+rn"'z"y, (5.3)

where A is the regularization parameter, / is the identity matrix, and Y is the target
output matrix corresponding to the training samples. The final prediction result is
then obtained as ¥ = Z - W.

It enables BLS to achieve efficient and accurate learning from CSI measurements
with minimal computational overhead. Furthermore, BLS supports incremental
learning, allowing the system to adapt to newly collected data without retraining
the entire model. This is beneficial in dynamic indoor environments where wireless
conditions may change frequently due to user movement or structural alterations.
In addition, BLS not only enables fast fingerprint matching but also enhances
localization accuracy, which will be further discussed in Sect. 5.4.

5.3 Techniques for Enhancing Localization Accuracy

5.3.1 Error Correction and Refinement

Localization accuracy can be significantly affected by signal noise, multipath
effects, and sudden environmental changes. To mitigate these factors, researchers
have proposed various strategies for error correction and refinement, with a focus
on enhancing CSI data quality and improving location estimation.

One common approach is interpolation, which compensates for missing or
irregular CSI samples. A simple yet effective method is linear interpolation, which
estimates the signal value at time ¢ based on two known neighboring points #; and
t by

o H —H
Aw = Hn + 2y, (5.4
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It can smooth sudden signal drops and ensure continuity in fingerprint data. More
advanced interpolation methods, such as spline or polynomial interpolation, can be
used to preserve higher-order trends in the data.

Filtering methods are also essential for noise suppression. Kalman filtering
is a widely used linear estimator that recursively predicts and updates the state
of a system based on measurements. The predicted state Xzx—; is computed by
projecting the previous estimate using a state transition model as

Kipk—1 = FiXe—1k—1 + Brux, (5.5)

where Fj is the state transition matrix, By is the control input model, and uj is
the control input. After prediction, the algorithm evaluates the uncertainty of this
estimate with a covariance matrix update. Once a new measurement zj is obtained,
the Kalman gain is calculated to determine how much the measurement should
influence the updated state by

Ky = Pep—1 H (Hy Pe—1 H + Re) ™" (5.6)

This gain adjusts the predicted state based on the difference between the measure-
ment and the predicted observation. The updated state estimate is then refined as
Xk = Xkjk—1 + Kk (zk — HiXkjk—1). Kalman filtering is effective in relatively linear
systems.

However, for environments with strong non-linearities or unpredictable dynam-
ics, particle filtering may offer better performance. This approach uses a set of
weighted particles to represent the probability distribution of the system state. The
importance weight of each particle x,ﬁ') is evaluated based on the likelihood of the
observation as

w,({” 1o p(zklx,E’)). 5.7
After normalization, the final estimate is given as a weighted average x; =
Z;N=1 w,(cl)xli'). It is robust in the presence of signal fluctuations and non-Gaussian
noise, which are common in indoor wireless environments. In addition to temporal
correction, spatial constraints can also be introduced. For instance, map-based
pruning can eliminate physically implausible locations from consideration, and
probabilistic fusion with inertial sensors or environmental priors can further refine
predictions.

5.3.2 Ensemble Learning for Robust Fingerprint Matching

Ensemble learning is a machine learning strategy that improves model robustness
and predictive performance by aggregating multiple individual learners (Sagi and
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Rokach 2018). Instead of relying on a single model, ensemble methods integrate
the outputs of diverse models to reduce variance, correct biases, and improve
generalization. It’s beneficial for indoor localization systems based on CSI, where
signal characteristics are often unstable due to multipath effects, human movement,
and environmental dynamics (Taniuchi and Maekawa 2014).

A representative example of this approach is the EnsemLoca algorithm proposed
by Wu et al. (2021), which combines a BLS-based ensemble learning framework.
The multiple base learners are trained independently using bootstrapped subsets
of the original training data. Bootstrapping involves sampling with replacement to
generate diverse training sets, encouraging the base models to learn complementary
patterns. Each learner is constructed using the BLS, known for its fast training and
low computational complexity. And it ensures that the ensemble remains lightweight
while achieving substantial performance gains.

The training process begins with data preprocessing, where raw CSI measure-
ments are normalized to suppress noise and outliers. It improves the stability of
subsequent learning. Then, a set of base learners is built. For each learner, a subset
of the input-label pairs is sampled to form training data (Cy, Yx). Each learner
processes its respective subset using the BLS framework, and its output is denoted
as

F. =BLS(Cy,Yr), k=1,2,...,n, (5.8)

where Fj represents the feature representation or prediction from the k-th base
model. All base learners are trained in parallel, using the BLS model’s efficiency.
Since BLS avoids iterative gradient-based optimization, the overall training time
remains low even when the ensemble size increases. After obtaining the outputs
Fi, F, ..., F,, they are concatenated and used as the input to a meta-learner
or combiner. The combiner is typically another BLS model trained to map the
aggregated base outputs to the final prediction. Its weight matrix W is computed
through

Wstack ZBLS([F19F23'7FH]7Y)7 (5'9)

where Y denotes the true labels corresponding to the original training data. The
meta-learning allows the system to adaptively weigh the contributions of different
base learners based on their relevance to the target outputs.

During inference, the ensemble system proceeds in two stages. First, each trained
base model generates an output from the test input. These outputs are then passed
to the combiner, which produces the final localization prediction as

Y = Fsack(F1, F2, ..., Fyy, Witack)- (5-10)
It improves robustness against environmental changes and unseen signal variations,

particularly in NLoS scenario. Experimental results have shown that the EnsemLoca
system achieves notable gains in localization performance. Specifically, it improves
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accuracy by 13 and 23% in LoS and NLoS scenarios, respectively, compared to a
single BLS model.

5.3.3 How to Handle the New Fingerprint Data?

Effectively managing new fingerprint data is important for maintaining the per-
formance and adaptability of localization systems, especially in complex indoor
environments that frequently undergo structural or contextual changes. To address
this need, several strategies have been developed, each offering distinct mechanisms,
benefits, and limitations. These strategies can be broadly categorized into incremen-
tal learning, data augmentation, active learning, and transfer learning.

(1) Incremental Learning allows the model to incorporate new fingerprint data
through continuous updates of its parameters (Van de Ven et al. 2022). Unlike
traditional methods that require retraining with the entire dataset, this approach
leverages online algorithms such as stochastic gradient descent to modify model
weights based on newly observed samples. The update process typically follows a
gradient-based optimization:

Whew = Woid — nVL(Woid, Xnew, Ynew), (5.11)

where 1 denotes the learning rate, and (Xyew, Ynew) represents the new data point.
This design supports real-time model adaptation, which is especially useful in envi-
ronments with frequent layout changes or human activity. To prevent degradation of
previously learned knowledge, techniques such as regularization and memory replay
are often applied.

(2) Data Augmentation enhances the diversity and representativeness of training
samples by introducing synthetic variations. Common strategies include adding
Gaussian noise to emulate motion interference, simulating multipath effects, or
altering signal amplitude and temporal patterns. These modifications expose the
model to a wider range of scenarios, improving its generalization ability and robust-
ness. It is beneficial during system initialization or in scenarios with insufficient
real-world data. Nevertheless, care must be taken to ensure that the augmented
samples do not introduce unrealistic or misleading signal patterns.

(3) Active Learning improves labeling efficiency by selectively querying the
most informative samples (Ren et al. 2021). Rather than passively accepting ran-
domly collected data, this method evaluates prediction uncertainty or data diversity
to prioritize samples that are likely to refine decision boundaries. By focusing
annotation efforts on ambiguous or underrepresented regions of the feature space,
active learning accelerates model improvement while minimizing labeling costs. It
is well-suited for complex or large-scale indoor environments where comprehensive
data collection is infeasible. However, effective implementation depends on accurate
uncertainty estimation and the availability of a sufficiently capable initial model.
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(4) Transfer Learning facilitates system deployment in new environments by
reusing knowledge learned from a different but related context (Niu et al. 2021). A
pre-trained model is partially or fully adapted to the new domain using a smaller
dataset, often through fine-tuning specific network layers while preserving general
representations. This approach greatly reduces the need for extensive data collection
and training time. It is commonly applied in large-scale or multi-site localization
systems where environmental similarities can be leveraged. Challenges may arise
when the source and target environments differ significantly, which can lead to
performance degradation if the transferred knowledge does not align with the new
signal characteristics.

To summarize, a comparative overview of these methods is provided in Table 5.2,
which summarizes their core ideas, advantages, typical application contexts, and
potential challenges. Each method offers unique benefits and can be selected or
combined based on the characteristics and demands of the deployment environment.

5.4 BLS-Location Algorithm

5.4.1 Motivation and Challenge

With the increasing demand for high-precision indoor localization in 6G ISAC,
CSl-based fingerprinting has gained substantial attention due to its fine-grained
representation of wireless environments (Zhang et al. 2023; Umer et al. 2025).
However, the construction and maintenance of a high-quality fingerprint database
remain challenging. In practical deployments, raw CSI data often suffer from
missing entries and measurement noise, which degrade the quality of the fingerprint
map. These imperfections arise from various factors such as unstable hardware
responses, environmental interference, and user-induced variability during the data
collection process. As a result, the accuracy and reliability of existing localization
systems are significantly limited, particularly in dynamic or densely populated
indoor environments.

In addition to data quality issues, most CSI fingerprinting algorithms face
considerable computational burdens during the offline training phase. Many state-
of-the-art approaches rely on deep learning or iterative optimization schemes to
model the complex relationship between CSI measurements and physical locations.
While such methods can achieve high accuracy in ideal settings, they typically
involve time-consuming training processes and require substantial computational
resources. This severely restricts their scalability and hinders real-time adaptability
when the environment changes. Moreover, the lack of efficient preprocessing
and generalizable learning frameworks has further impeded the development of
lightweight and robust localization systems. Despite growing research efforts, a
unified and practical solution to these challenges remains elusive.
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To address these issues, we propose a novel CSI fingerprinting method named
BLS-Location, which utilizes a broad learning system to construct and update
the localization model efficiently (Zhu et al. 2021). The proposed approach inte-
grates a uniform preprocessing pipeline based on Kalman filtering, expectation-
maximization (EM) , and principal component analysis to handle missing and noisy
data. In the offline phase, the BLS framework enables fast weight computation
without iterative training, greatly reducing the time required to build the model.
Moreover, we introduce a kernel position mechanism that employs a naive Bayes
classifier to enhance the final location estimation. Experimental results in two typ-
ical indoor scenarios show that BLS-Location achieves high localization accuracy
with low computational complexity, outperforming several baseline methods in both
robustness and efficiency.

5.4.2 The Overview

The overall architecture of BLS-Location is illustrated in Fig. 5.2, which consists
of a preprocessing module, an offline training stage based on the BLS, and an
online localization phase integrating prediction and probabilistic refinement. The
process begins with a transmitter—receiver pair collecting 50 packets of CSI data
to form the original CSI matrix. Given the common issues of noise and missing
values in real-world measurements, a dedicated preprocessing module is designed
to enhance data quality. Specifically, PCA is first applied to reconstruct the data
structure, followed by a Kalman filter to eliminate noise. To further compensate for
incomplete observations and reinforce temporal consistency, the EM algorithm and
a smoothed filter are employed, ultimately producing a refined CSI matrix suitable
for model training.

In the offline phase, the reconstructed CSI matrix serves as the input to the
BLS, which efficiently learns the mapping between signal features and physical

Reconstruction

——>

QT’ CSI Matrix Offline phase
Q } 50 packets| Original CSI Train
N > \/ Matrix
Transmitter Receiver ‘
‘L Broad Learning System Naive Bayes
Smoothed | |\l
PCA Filter | 1 Inpui PredictJ Gaussl Threshol%
 Reconsime Renored] | e
3 features : Test CSI i Prediction AKernel ;' Confidence
: - — Matrix i Locations Location ;| Coefficient
alman : H :
| : | - ;
Filter algorithm | e Data Fusion 4—1
N Preprocessing Online phase

Estimated Locations

Fig. 5.2 BLS-location architecture
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locations. Owing to the flat structure of BLS, the training process avoids the iterative
backpropagation typical of deep neural networks, thereby reducing computational
overhead. Additionally, a naive Bayes model is trained in parallel to establish a
probabilistic representation of location distributions, which is later used to assign
confidence coefficients during the online phase.

In the online phase, the test CSI matrix is fed into the trained BLS to generate
initial prediction locations. These predictions are then fused with the kernel location
derived from the naive Bayes model using a Gaussian-based strategy. The final
location output is determined by incorporating a confidence coefficient, ensuring
robust decision-making under uncertain or noisy conditions.

5.4.3 CSI Data Preprocessing

In this chapter, PCA is used to reconstruct the original CSI matrix, denoted
as H', rather than for dimensionality reduction. This approach helps suppress
noise while retaining key structural features. Considering that certain types of
noise may implicitly reflect environmental characteristics, we retain them through
reconstruction. The PCA reconstruction is defined as

PCA(H,a) — H', (5.12)

where H denotes the original CSI matrix, and ¢ = 95% represents the proportion
of variance retained, ensuring most of the signal information is preserved.

To further mitigate the impact of noise and data loss, the Kalman filter is com-
bined with the EM algorithm using the pykalman library (Daniel 2012). The EM
algorithm iteratively estimates missing values through maximum likelihood, while
the Kalman filter predicts the current state based on prior observations, effectively
filtering the noise. Unlike methods that rely on strong statistical assumptions about
data distributions, our strategy directly minimizes prediction errors. The output of
the filtering process is

filter(H') — Filter_mean, Filter_cov, (5.13)

where Filter_mean is the filtered CSI data and Filter_cov denotes the covariance
matrix. A smoothing step is finally applied to ensure the results are consistent with
actual signal propagation dynamics. And the pseudocode of preprocessing is given
in Algorithm 2.
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Algorithm 2 Data preprocessing of BLS-location

1: Input: 50 packets of raw CSI matrix H with the size of 3 x 30 for each of the N locations;
PCA percentage «; transition matrix A; observation matrix B; iteration number iterNum
: Output: Reconstruction CSI matrix X
. Set A =[1], B = [1], iterNum = 10
: Construct a smoothed filter using Butterworth
: fori =1to N do
Apply PCA to H;: (lowDim;, Hl/) =PCA(H;, @) > Hi/ is a matrix with the size of
3 x 30 x 50
7. Apply element-wise absolute value: Hl-/ = abs(Hlf ) > abs(-) is the absolute value function
8: Initialize Kalman Filter: kf = KalmanFilter(A, B)
9: for j = 1 to iterNum do
10: Update Kalman Filter with EM: kf = kf.em(H;) > EM algorithm processing
11: end for
12: Apply Kalman filtering: (Filter_mean;, Filter_cov;) = k f.ﬁlter(Hi’)
13: Compute X; using Butterworth filter with input Filter_mean;
14: end for
15: Return X; > X; is the matrix with N rows and 4500 columns

oA AN R I ]

5.4.4 The Training Model with BLS and A Probabilistic
Method

The training phase of the BLS-Location algorithm involves both BLS model training
and a probabilistic method based on naive Bayes, as shown in Fig. 5.1. The process
begins by normalizing the preprocessed CSI data using

X —
z=2"F (5.14)

o

where X is the original data, and p and o represent the mean and standard deviation,
respectively. This normalization ensures that the data is appropriately scaled for
subsequent processing. The normalized data is then transformed into feature nodes
through the tanh activation function as

Mizwi(H'We,'“‘,Be;)’ i=1725"'7n5 (515)

where W, and B, are randomly generated weights and biases. These feature nodes
capture the essential characteristics of the input data.

To enhance the model’s representational power, enhancement nodes are gener-
ated via nonlinear transformations by

Ej=¢M" Wy +Bry), j=12,....,m, (5.16)
where ¢; is also the tanh function. These enhancement nodes provide additional

features that improve the model’s accuracy. The feature nodes and enhancement
nodes are then connected to the output layer, and the weights W, are computed
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Algorithm 3 BLS-location trains the weights

: Input: N groups of the reconstructed CSI matrix X and the raw CSI matrix H
: Output: weight matrix W and a kernel position L
: Normalize X according to Eq.5.14
: Split samples for training with n groups by cross-validation
fori =1tondo
for k = 1 to epoch do
Randomly initialize W,,; and B,,
M; =i (X; x W, + Be;) > Based on the tanh activation function
for j = 1tom do
Randomly initialize W}, ; and B, ;
Ej=¢i(Mi - Wh; + Bn;) > Based on the tanh activation function
Compute Y; = [M;|E;]- W; > Y is the matrix with N rows and 2 columns
W; = [M;|E;]T - Y,
end for
end for
: end for
: Obtain the kernel position
: Compute the Gaussian distribution Gauss of each sample for all locations
: Compute the variance o of the raw CSI matrix H
:fori=1to N do
I:Ii = 1/(1 + exp(—H,; - Gauss;)) > I:Il- is the matrix with N rows and 4500 columns

/ A2
pi = exp —ﬁ (H;i — H;) ) > Compute the posterior probability
P = p; / YL pi
: end for A
: Return The kernel position L

PRI RN

DO DD — = s e e e e
TRV UN LY O

)
»

NN

using the pseudo-inverse ¥ = [My|E(, E2, ..., Epn] - Wy, = [M*|E™] - W™,
producing the final output used for localization.

To further improve localization performance, a naive Bayes approach is
employed to compute the kernel location L. The posterior probability of each
location L; is calculated as

P(X|L;)- P(L;
P(Li|X) = % 5.17)

where P (L;|X) is the probability of observing CSI data X at location L;, and P (L;)
is the prior probability of L;. The kernel location is then computed as

N
i Z P(Li|X)

=S % L. (5.18)
sum(P(L;| X))

i=1
By combining the strengths of BLS and naive Bayes, the BLS-Location algorithm
improves localization accuracy. And the corresponding pseudocode is presented in
Algorithm 3.
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5.4.5 Online Localization Algorithm

Once the training of the BLS-Location model is complete, location estimates can be
obtained using the test set. Unlike traditional methods, the BLS-Location algorithm
integrates machine learning-based regression and a probabilistic framework during
the online phase as part of a data fusion strategy. To make the final decision on the
location estimation, we introduce a confidence coefficient, which is calculated as

Gauss;

___bauss (5.19)
SN | Gauss;

Ci

where Gauss; is the Gaussian value for each sample, calculated using the Gauss
function applied to the raw CSI matrix. This confidence coefficient ¢; is conceptu-
ally similar to the posterior probability P;, but it differs in that the noise propagation
is non-uniform across space. The impact of this noise on accuracy varies spatially.

To refine the confidence coefficient, a thresholding mechanism is applied. This is
done by comparing ¢; with the mean confidence coefficient, mean, and adjusting it
based on the following logic by

Cc =

(5.20)

R threshold if ¢; < mean
1 —threshold if ¢; > mean '
where mean represents the average value of all confidence coefficients, and
threshold € [0, 1] is a tunable parameter that helps to balance the confidence level.
To refine the localization estimate, the final estimated location L; is obtained by
a weighted fusion of the regression result Y; and the kernel location L:

Li=¢& xL+0—=¢) %Y, (5.21)

where ¢; is the normalized confidence coefficient. This fusion strategy leverages
the strengths of both the regression result and the probabilistic kernel location,
providing a more accurate and robust estimate of the location.

5.4.6 Performance Evaluation

We still use the previous experimental scenarios to verify the performance of
the proposed BLS-Location, and compare it with the state-of-the-art localization
methods including HORUS (Youssef and Agrawala 2005), RADAR (Bahl et al.
2000), SWIM (Chen et al. 2019a), and BAYES (Fernandez 2019).

(1) Localization Comparisons The experimental results, as shown in Table 5.3
and Fig. 5.3, show that BLS-Location achieves the best overall performance in both



131

5.4 BLS-Location Algorithm

(6102

o'l L8T 100°0 89°¢ LT'C 9¢v 100°0 L8'E | ZopupuIod) SHAVE
(®610C

L1C Ly'e 00 870 0r'c 8SY 8800 660 e 39 uayD) INIMS
(000t

LE'T L0'€ 9¢0'0 VIN 80C 18°¢ 0L0°0 VIN| Te3ed) gvavyd
(S00T eremeidy pue

wl 9T 100°0 VIN 781 06'¢ 2000 VIN Jossnox) SMOH
STT ev'e 6000 01°¢C 0L'L Le ¥10°0 88°0% UON
81°C ys's £v0°0 L1'v06¥ 89°¢ 8V'L LY0'0 CI'90LL NLST
LTl L6C 0200 S6°1¢C 0L 90Y 1200 89°Ly NN
LET ILe £00°0 L9°S 90T (R4 £00°0 8¢V dTIN
LT1 6€°C 2000 €00 €Ll Lv'e +#00°0 88°0 uonesol-§1d
(ur) IS | (w) s1o11d uedy | () own unsay, | (s) owmn Jururel], | (w) piS | (w) s10110 uedPA | (S) wn Junsyy, | (s) awm Jururer], SO

0Mm) BIIY

Quo eaIy

own Sunsa) pue swn Jururen; ‘AovINJOE UONBZI[BIOT] €S d[qBL



132 5 Accurate Online Data Application

1.0 » - 1.0 o A
o nhel ksl
A
0.8 0.8
06 06
a —— BLS-Location a ) —— BLS-Location
b4 ~—¥— MLP o P
04 e 04 L o
—— MOR —— MOR
, —4— HORUS —4— HORUS
0.2 —— RADAR 02 —+— RADAR
—&— SWIM &= SWIM
M BAYES BAYES
0.0 0.0
0 2 4 6 8 10 0 2 4 6 8
Estimated Errors (m) Estimated Errors (m)

(@) (b)

Fig. 5.3 The localization performance comparison. (a) Area one. (b) Area two

indoor environments. In Area one, it reaches a mean localization error of 3.47 m
with a standard deviation of 1.73 m. In Area two, its mean error is further reduced
to 2.39 m with a standard deviation of 1.27 m. These results indicate that BLS-
Location not only provides accurate positioning but also maintains good stability
across environments. Compared to other learning-based methods, BLS-Location
improves significantly on both accuracy and efficiency. The MLP model records
errors of 4.62 m in Area one and 2.71 m in Area two. The NN algorithm performs
slightly better in Area one at 4.06 m but is less stable. Although MOR achieves
similar standard deviations, its accuracy is lower than that of BLS-Location in both
settings, with 3.72 m in Area one and 2.43 m in Area two. LSTM, on the other hand,
shows poor results in both accuracy and stability, with errors of 7.48 and 5.54 m,
reflecting the challenges of training deep sequential models on limited and noisy
fingerprint data.

For the training efficiency, BLS-Location clearly outperforms the alternatives.
It completes training in 0.88 seconds in Area one and 0.23 seconds in Area two.
It’s significantly faster than MOR, which requires over 40 seconds, and orders of
magnitude faster than LSTM, which takes more than 7700 seconds in Area one
and over 4900 seconds in Area two. SWIM is relatively efficient, with training
times around 0.99 and 0.48 seconds, but its localization accuracy is considerably
worse, especially in Area two where the mean error reaches 3.47 m and the
standard deviation exceeds 2.16 m. Regarding testing time, all algorithms perform
adequately for real-time applications, but some variations are observed. BLS-
Location maintains a low testing time of 0.004 seconds in Area one and 0.002
seconds in Area two. Although BAYES and HORUS achieve slightly lower values,
their overall accuracy is inferior. For instance, HORUS produces an error of 3.90
m in Area one and 2.62 m in Area two. RADAR and SWIM both suffer from
higher variability, and LSTM again falls short due to its long inference time and
low precision.

(2) Ablation Experiments To evaluate the impact of the kernel position, we
compare BLS-Location with a baseline version that uses BLS without the kernel
position module. As shown in Fig. 5.4a, BLS-Location achieves better localization
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Fig. 5.4 The performance comparison of different settings. (a) Kernel position. (b) Preprocessing.
(¢) Different antennas

accuracy than BLS in both Area one and Area two. In Area one, the mean error
decreases from 3.70 to 3.47 m, and in Area two, it drops from 2.55 to 2.39 m.
The improvement is more noticeable in the more complex environment of Area
one, where obstacles lead to greater signal variation. In contrast, Area two benefits
from fewer obstructions, resulting in generally lower localization errors. The kernel
position helps enhance feature representation by refining the regression process,
leading to more accurate predictions. Although the standard deviation of errors
for BLS is slightly smaller, the difference is marginal. Inference time remains
similar between the two schemes, which verifies that the improved accuracy of BLS-
Location does not require additional computation.

Furthermore, we compare the performance of BLS-Location with and without
preprocessing in both experimental areas, and Fig.5.4b gives the results. In Area
two, about 40% of the test samples achieve mean errors below 2 m across all
schemes, while in Area one, only 20% fall within this threshold, indicating the
greater complexity of that environment. BLS-Location consistently shows better
accuracy than other schemes, even when preprocessing is not applied. Nevertheless,
the differences among methods without preprocessing are relatively small, and
using preprocessing clearly improves accuracy, especially in Area one where NLoS
conditions are more prominent.

Finally, We evaluate the impact of antenna quantity on the performance of BLS-
Location by comparing three configurations in Area two, as shown in Fig.5.4c.
The first uses 30 CSI values from a single antenna, the second uses 60 CSI values
from the first and second antennas, and the third includes 90 CSI values from
all three antennas. Results show that incorporating all three antennas leads to the
best performance, with a mean localization error of 2.39 m. About 60% of test
samples achieve errors under 2.5 m in this setting, while this proportion drops
below 50% when using only the first antenna. The two-antenna setup also performs
worse, mainly due to the limited contribution of the second antenna. Although
expanding the input from 30 to 90 CSI values increases data size, the training
time remains efficient, requiring less than one second even with three antennas.
Without preprocessing, the error for the three-antenna configuration is 2.50 m,
and preprocessing improves accuracy by approximately 10 cm. The single and
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dual antenna configurations make larger errors, with maximum deviations reaching
around 0.62 m.

To summarize, in this chapter, we proposed BLS-Location, a fast and accurate
wireless fingerprinting algorithm for indoor localization based on CSI data. The
proposed approach incorporates a unified preprocessing strategy that reconstructs
the CSI using PCA without dimensionality reduction, followed by noise smoothing
with the Kalman filter and the EM algorithm. In the offline phase, BLS is employed
to extract essential features from the CSI fingerprints and to train the localiza-
tion model. A probabilistic method based on naive Bayes is further introduced
to estimate the kernel position, which enhances prediction accuracy during the
online phase. And the experimental results show that BLS-Location achieves high
localization accuracy and fast inference speed compared to several existing methods.

5.5 ILCL Algorithm

5.5.1 Preliminaries

With the continued expansion of location-based services and the increasing impor-
tance of precise indoor localization in 6G ISAC, fingerprint-based methods have
emerged as a prominent solution due to their cost-effectiveness and wide acces-
sibility (Roy and Chowdhury 2021; Umer et al. 2025). Among them, CSI-based
localization schemes stand out for their ability to capture fine-grained wireless sig-
nal characteristics. However, the existing methods have two prominent challenges.
First, maintaining the accuracy of the fingerprint database becomes difficult as the
environment evolves or as new data are introduced. Changes such as user movement,
layout alterations, or time-varying signal behaviors can significantly degrade model
performance unless the system is frequently retrained. This retraining process is not
only computationally intensive but also time-consuming, limiting the scalability and
adaptability of existing approaches.

Second, while many localization methods adopt deep learning frameworks to
extract high-level representations from CSI measurements, these models typically
require complete retraining when new samples are added. This inflexibility creates a
bottleneck in dynamic environments, where rapid updates to the fingerprint database
are necessary to preserve localization performance. Moreover, retraining introduces
latency and consumes significant computing resources, which are often impractical
in large-scale or resource-constrained deployments.

To overcome these limitations, we propose a novel indoor localization framework
namely ILCL, which combines the CNN for spatial feature extraction with the
efficiency of BLS for fast model updates (Zhu et al. 2022). In the offline phase,
CSI phase information is captured through a customized driver and transformed
into image-like representations suitable for CNN-based feature learning. Instead
of retraining the entire model from scratch, ILCL utilizes an incremental learning
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Fig. 5.5 The incremental BLS based on CSI

mechanism in the online stage to update the BLS module directly using new
samples, enabling real-time adaptability with minimal overhead. Therefore, the
proposed ILCL provides a lightweight and flexible method for evolving indoor
environments. Experimental results verify that ILCL has superior accuracy and
responsiveness compared to several existing baseline algorithms.

5.5.2 The Overview

The overall architecture of ILCL is illustrated in Fig.5.5. To collect CSI data, we
use a controlled packet transmission strategy, enabling consistent data rates and
reducing offline acquisition time. At each reference point, a minimum of 3000
packets is recorded, from which 900 are selected for phase information extraction
and transformed into CSI image representations. Compared to amplitude data, CSI
phase measurements exhibit stronger resilience to signal blockage and capture richer
spatial features.

To construct the CSI images, we take advantage of the fact that the Intel 5300
NIC outputs phase data from 30 subcarriers across three antennas. By reshaping
the phase data from 900 packets, we generate 30 images per location, each
with dimensions 30 x 30 x 3. These images use the three antenna streams as
RGB channels, forming color-like representations suitable for CNN-based training.
Figure 5.6 presents examples of these CSI images from two distinct positions spaced
50 cm apart. Each heat map visualizes phase values, with rows denoting packets
and columns representing subcarrier indices. Clear differences in image patterns
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Fig. 5.6 CSIimages of different RGB channels at two indoor locations. (a) Channel R at location
1. (b) Channel G at location 1. (¢) Channel B at location 1. (d) Channel R at location 2. (¢) Channel
G at location 2. (f) Channel B at location 2

between the two locations indicate that these images capture location-specific
features, making them effective as unique fingerprints for localization.

ILCL operates in two stages. In the offline phase, CSI images are used to
train a CNN that extracts discriminative spatial features. These features are then
passed to a probabilistic localization module built on a BLS framework. The BLS
outputs classification probabilities for candidate locations, with the highest score
representing the model’s confidence in its prediction. A key advantage of this
structure is that the BLS component supports incremental updates, allowing the
model to incorporate new CSI samples efficiently without full retraining.

In the online phase, the CNN is employed to infer feature representations from
incoming CSI data, and a K-means clustering algorithm is applied to refine these
predictions. The estimated location is determined by integrating the clustering
center with a regression estimate derived from the weighted probabilities provided
by the BLS classifier. This hybrid inference mechanism balances robustness and
adaptability, producing accurate localization outputs that reflect both historical
training data and real-time signal characteristics.

5.5.3 Training CSI Images Based on CNN

The ILCL algorithm uses a CNN to extract informative features from the constructed
CSI images, as shown in Fig.5.7. The network is composed of multiple convo-
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lutional layers interleaved with pooling operations, followed by a fully connected
layer for final mapping. While CNN is traditionally used for classification, here
they are adapted for regression-based localization. The structure is designed to learn
meaningful representations from the phase-based input images.

Each convolutional layer performs localized filtering by sliding a set of kernels
across the input feature maps. It captures local patterns and generates a new set
of activation maps. Mathematically, the output of a convolutional unit at a given
position is computed as

1 F
qdjm =0 Z Zoi,n+m—l “Wijn+ Woj |, (5.22)

i=1n=l1

where o; ,, represents the input from the i-th feature map, w; j, denotes the
convolutional kernel weights, F is the kernel size, w,, ; is the bias term, and o (-) is
the activation function. The ReLU function is adopted to introduce non-linearity,
improve sparsity, and reduce the risk of vanishing gradients. In addition, Batch
normalization is further applied to accelerate convergence (Awais et al. 2021).

Pooling layers follow selected convolution stages to reduce the spatial resolution
of feature maps while retaining key patterns. ILCL adopts max pooling, which
selects the maximum value within a local region as

G
Pim = mai(%',(m—l)-s+na (5.23)
n=

where G is the pooling window size and s is the stride. Pooling contributes to
translation invariance and computational efficiency. Given the limited number of
CSI images and their high similarity across locations, the risk of overfitting remains
significant. To counter this, the dropout technique is integrated. During training,
a portion of neuron activations (set at 25% in ILCL) are randomly disabled,
encouraging the model to develop redundant and more robust representations. These
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inactive neurons are ignored in both forward and backward propagation, resulting
in a network that learns diverse patterns and resists reliance on specific activations.

At the final stage, the fully connected layer transforms the learned abstract
features into outputs suitable for localization. This stage performs a linear mapping,
with parameters optimized using SGD. The network uses the cross entropy loss
function to guide learning, defined as

T
E=-> yjlogp;. (5.24)
j=1

where y is a one-hot encoded ground truth vector and p is the predicted probability,
calculated via the softmax function. As shown in Fig.5.7, each CSI image with
size 30 x 30 x 3 undergoes five stages of convolution and three stages of pooling.
The intermediate feature maps are normalized and partially dropped out before
being passed to the fully connected layer. It allows ILCL to derive robust and
location-specific representations from CSI phase images, which are ultimately used
to perform accurate localization through regression.

5.5.4 Estimation Location Based on A Probabilistic Method

To improve the reliability and robustness of location inference, we combine the
classification results of the trained CNN model with a probabilistic estimation
mechanism based on BLS. Specifically, BLS is leveraged to model the spatial
relationships between CSI samples and their corresponding locations, enabling the
generation of regression-based probabilistic expectations that are further fused with
CNN predictions for final estimation.

After obtaining the classification probability distribution of each test sample, K-
means clustering is applied to the CNN-predicted labels. Since test samples from the
same location often form near-normal distributions in the embedding space, cluster
centers can approximate coarse location anchors. To refine these anchors, BLS is
introduced with enhanced regression capabilities. We improve the BLS model by
adding an additional (n 4 1)th feature mapping node as

Myy1 =Y (HWe, ., + Be,i1): (5.25)

where H is the input matrix, W, ,, Be,,, are weights and biases, and v/ (-) is the
activation function. This mapping introduces new variations to enrich the feature
space. The corresponding enhancement nodes are constructed as

Eexm = [; (Mn+1 We)q + ﬂexl )» s {(Mn-l-l Wexm + ,Bexm)]’ (526)
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where ¢ (-) is a nonlinear activation function and m is the number of enhancement
nodes.

The updated feature matrix A", |, which now includes the original mappings, the
newly added mapping, and the corresponding enhancement nodes, is constructed as
A;”H = [A|Mp41|Eey, 1. To efficiently compute the updated model parameters
without retraining from scratch, we adopt an incremental pseudoinverse-based

update strategy. The pseudoinverse of A}" | is given by

Am + _ DBT
(A= [( ") BT } (5.27)
where the intermediate matrices are defined as D = (A;?)*[M,H 11Eex,, 1
+ if
BT = O i #0 (5.28)
1+ DTD)y~'DT(AM*, ifC=0

and C = [My41|Eex,] — A D. These updates ensure numerical stability while
incorporating new features, maintaining the efficiency of BLS even under contin-
uous learning scenarios. Then, the final output weight matrix is also incrementally
updated by

wm — DBTY]

5.2
BTy (5.29)

(W) = [

After the BLS model is trained, it produces a classification probability matrix
Projj, where i indexes the test samples and j indexes the predicted label categories.
For each test sample, we select the top five class probabilities and their associated
location labels. A preliminary regression expectation, denoted as bls_ave;, is calcu-
lated as a weighted average of these locations based on their class probabilities. To
incorporate classification confidence into the final prediction, we extract max_pro;,
the highest probability score for each sample, and combine it with the corresponding
CNN-predicted location cnn_pre;. The final estimated location P; is calculated as

P; = bls_ave; x (1 —max_pro;) + cnn_pre; X max_pro;. (5.30)

The fusion strategy adaptively balances between the regression-based estimation
from BLS and the classification-based estimation from CNN, guided by the
confidence of each prediction. High-confidence samples rely more on CNN out-
puts, while uncertain predictions are compensated by BLS regression, leading to
improved robustness and accuracy in final location inference.
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5.5.5 Incremental Learning with New Input Data

Indoor localization systems must frequently update their fingerprint databases to
adapt to dynamic environments. Traditionally, updating a CNN-based localization
model with new fingerprint data requires complete retraining, which is computa-
tionally expensive (Zhu et al. 2020). To address this issue, BLS provides an efficient
incremental learning mechanism that allows for fast adaptation without retraining
the entire model from scratch.

As shown in Fig. 5.8, we denote the incoming new data (either a single sample
or multiple samples) as H,. The structure A}’ represents n feature mapping nodes
and m enhancement nodes in the current BLS model. When H,, arrives, new feature
mappings are computed as M7 = [y (H, W, + Be,), ..., W (HyWe, + Be,)]. These
mappings are concatenated with their corresponding enhancement nodes as

Ay = [MYIE(ME Wiy + Bry)s - oo, § (MY W, + Bh,,)]- (5.31)

Then, the extended feature matrix for incremental learning becomes

Am
TAT = [Aﬂ : (5.32)

Following the update rule in Eqs. (5.27), (5.28), and (5.29), the pseudoinverse of
the extended matrix is updated as (FA”™)* = [(A™)* — BDT|B], where DT =
AT (A™)T, and the matrix B is given by

+ .
B {(C) if C#0 533

“la+bd'D)y'(am*D if c=0
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Algorithm 4 Incremental learning process of ILCL

1: Input: Original training data, test data, new input samples H,, BLS parameters
2: Output: Estimated location for the new input samples
3: Randomly initialize weights and biases
4: Compute initial feature mappings M,, and enhancement nodes E,,
5: Initialize number of feature mappings n and enhancement nodes m
6: while Stopping criterion is not met do
7 if Adding enhancement nodes then
8: Randomly initialize weights and biases for new enhancement nodes
9: Compute (A"+1)* and W +!
10: m<m+1
11: else if Adding additional feature mappings then
12: Randomly initialize weights and biases for new feature mappings
13: Compute (A, )t and W), |
14: n<n+1l
15: else
16: Incorporate new input samples H,
17: Compute updated mapping Ay
18: Augment the mapping matrix: * A}
19: Compute the pseudoinverse (* A7) T
20: Update the weights: * W"
21: end if
22: end while
23: Use the trained incremental model to predict the test data

)
=

: Estimate the location of new samples using cluster-based decision
: Return Estimated location

[\ ")
(]

with C = AT — DT A™. Finally, the output weight matrix is updated as *W/" =
W+ (] — ATW™)B, where Y, denotes the label vector of the newly added input
data. Since these new samples are not part of the original CNN training set, their
final location estimates are obtained by clustering the predictions of the updated
BLS model. And the above processing is listed in Algorithm 4.

5.5.6 Performance Evaluation

The performance of the ILCL algorithm is still evaluated in the two scenarios. And
the comparisons methods including CiFi (Wang et al. 2020), AF-DCGAN (Li et al.
2021), EnsemLoca (Wu et al. 2021), BLS-Location (Zhu et al. 2021), and SWIM
(Chen et al. 2019a).

(1) Localization Comparisons The results of the experiment are shown in
Table 5.4, and Fig.5.9. In both test areas, ILCL consistently achieves the highest
localization accuracy and the lowest testing time. In Area one, it record a mean
error of 2.38 m with a testing time of 0.002 s, while in Area two, it reaches 1.29
m with only 0.001 s required for inference. Compared to other methods, such as
EnsemLoca with 2.56 and 1.35 m mean errors in the two areas respectively, ILCL
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Table 5.4 Localization accuracy and testing time of ILCL

Area one Area two

Mean Testing Mean Testing
Algorithms errors (m) | Std (m) time (s) errors (m) | Std (m) time (s)
ILCL 2.38 1.75 0.002 1.29 1.03 0.001
CiFi (Wangetal. |4.57 221 2.001 3.60 2.02 1.190
2020)
AF-DCGAN (Li |5.74 3.63 51.269 4.08 2.80 28.811
etal. 2021)
EnsemLoca (Wu | 2.56 1.43 14.925 1.35 0.89 8.315
et al. 2021)
BLS-Location 4.43 1.97 0.006 2.55 1.19 0.004
(Zhu et al. 2021)
SWIM (Chen 5.42 2.88 1.609 3.35 1.86 0.511

et al. 2019a)
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Fig. 5.9 The localization performance comparisons. (a) Area one. (b) Area two

shows both better precision and greater efficiency. Although EnsemLoca maintains
the lowest standard deviation in both settings, its testing time remains considerably
higher. Methods like AF-DCGAN and SWIM show poor accuracy and longer
inference durations, making them less suitable for real-time applications.

(2) Ablation Experiments To investigate the influence of antenna count on
localization accuracy, we utilize the CSI data captured by the Intel 5300 NIC, which
records signals from three antennas. These multi-antenna signals are treated as
RGB-like channels when constructing CSI images. Specifically, we generate 30 x 30
phase images with a third dimension of 1, 2, or 3 to represent the use of one, two,
or all three antennas. Each sampling location provides 900 packets, and separate
models are trained for each antenna setting using the same hyperparameters and a
4:1 cross-validation strategy to ensure a fair comparison. As illustrated in Fig. 5.10a,
utilizing all three antennas yields the highest localization accuracy in both scenarios,
as the additional spatial information enhances feature extraction. Nevertheless,
ILCL still performs well even with a single antenna, achieving mean errors up to
2.94 and 1.39 m in the two environments. It verifies the model’s robustness and
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its ability to extract meaningful features from stable phase information despite the
reduced input dimensionality.

Next, the ILCL includes an incremental learning strategy based on BLS, which
allows the model to be updated with new data while preserving the previously
trained parameters. In contrast, CNN-based localization methods require complete
retraining once new data are introduced, which is both time-consuming and
computationally expensive. To evaluate the effectiveness of the incremental learning
mechanism, we simulate updates by designating the last two rows of sampling
locations as newly collected data. This results in 46 new locations out of 317 in Area
one, and 22 out of 176 in Area two. Figure 5.10b presents a comparison between
ILCL and retrained CNN models, focusing on localization accuracy and training
efficiency. Although ILCL shows slightly higher mean errors, reaching 2.54 m in
the lab and 1.40 m in Area two, it achieves substantial reductions in training time
while maintaining reliable performance. It show ILCL’s suitability for real-world
applications that require rapid adaptation to new data.

Finally, to evaluate how the number of CSI images influences localization
accuracy, we construct five datasets for each environment, varying the number of
CSI images per location from 10 to 50, with each image sized at 30 x 30 x 3.
The transmitter operates at a consistent rate during data collection, and consecutive
packets are used to generate the CSI images to ensure fairness. As shown in
Fig. 5.10c, using only 10 images per location leads to underfitting, resulting in the
highest mean errors of 5.95 m in Area one and 2.98 m in Area two. When the
number of CSI images increases to 50, the mean errors also rise, which is likely
caused by overfitting. The best localization performance is achieved with 30 CSI
images, where the lowest mean errors of 2.38 m and 1.29 m are obtained in Area
one and Area two, respectively.

To summarize, this chapter introduces ILCL, a localization algorithm that lever-
ages CSI phase images and incremental learning based on BLS. By transforming
the more stable phase information into images, ILCL enables effective feature
extraction through a multi-layer CNN. A probabilistic approach is incorporated
within the BLS framework to estimate location confidence. Unlike conventional
methods, ILCL can incorporate new data without retraining the entire model,
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significantly reducing offline training time. Experimental results in two typical
indoor environments demonstrate that ILCL achieves higher accuracy than several
baseline methods.
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Chapter 6 ®)
Conclusion Pt

Abstract This chapter provides a comprehensive summary of the key insights
and innovations presented throughout the book, with a focus on the evolution
of CSI-based indoor localization techniques within ISAC systems. It revisits the
core challenges of indoor localization, such as inefficient data collection, lack
of intelligent updates, and sensitivity to environmental dynamics, and highlights
how machine learning-based methods can effectively address these limitations.
The chapter synthesizes the strategies introduced in earlier chapters, including
automated CSI collection using A3C-IPP and CPPU, intelligent fingerprint database
updates through generative CSI and DBLG, and real-time localization algorithms
such as BLS-Location and ILCL.

In addition, the chapter outlines the broader vision for future research in 6G,
where localization is expected to become a fundamental capability of intelligent
communication systems. Key directions include the integration of localization,
sensing, and computing, the adoption of Al for system self-adaptation, and the
application of emerging technologies such as RIS and terahertz communication.

Keywords 6G - Integrated sensing and communication - Feature research

6.1 Summary of Key Insights

Indoor localization, as a fundamental enabler for IoT applications and the advance-
ment of ISAC systems, is becoming increasingly important. With the continuous
evolution of ISAC technologies, there is a growing demand for more efficient data
acquisition, intelligent data updating, and more accurate localization estimation.
These capabilities are vital for enhancing system sensing performance, optimizing
resource allocation, and improving overall service quality. While Global Navigation
Satellite Systems, such as GPS, are highly effective for outdoor localization, their
performance in indoor environments is often compromised by signal blockages and
multipath effects, limiting their applicability. Therefore, the development of robust
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indoor localization technologies is essential for fully realizing the potential of 6G
ISAC networks.

However, current indoor localization methods still face a range of significant
challenges. Traditional CSI data collection largely depends on manual operations,
which are not only time-consuming and labor-intensive but also inadequate for
supporting large-scale deployment needs. At the same time, existing systems often
lack intelligent mechanisms for CSI data updates, making it difficult to promptly
capture and reflect environmental changes, which in turn leads to rapid declines
in localization performance. Furthermore, the prevalence of signal interference and
multipath effects indoors continues to constrain localization accuracy. Addressing
these pressing issues calls for the development of more efficient, intelligent, and
precise indoor localization solutions.

Through theoretical analysis and extensive practical validation, this book offers a
comprehensive exposition of the latest advancements and research developments in
machine learning-based CSI localization systems. It places particular emphasis on
the adaptability and effectiveness of these methods in complex indoor environments
and proposes systematic strategies for improvement across multiple dimensions.
The first two chapters highlight the inherent challenges of indoor localization and
the pivotal role of CSI in wireless communications. They identify three main
research directions: efficient CSI collection, intelligent CSI updating, and accurate
localization, which collectively establish a strong foundation for the chapters that
follow. Furthermore, the book systematically examines machine learning-based
indoor localization techniques and corresponding optimization strategies, reinforc-
ing both the theoretical framework and practical methodologies for intelligent
indoor localization.

During the data collection phase, the focus is placed on offline data acquisition,
with a comparative analysis of manual versus automated methods, as well as
device-based versus device-free approaches. To improve the efficiency and quality
of data collection, the book introduces two optimization algorithms: A3C-IPP
and CPPU. For intelligent offline data updating, the book systematically presents
techniques for CSI prediction, completion, and enhancement, alongside strategies
for constructing and refining fingerprint databases. It further proposes the generative
CSI algorithm and the DBLG algorithm to enhance system accuracy and robustness.
In addressing the challenges of dynamic environments, the book conducts an
analysis and proposes the BLS-Location and ILCL algorithms. These methods
effectively balance speed and accuracy, providing practical and scalable solutions
for intelligent indoor localization systems.

We hope this book will serve as a valuable reference for researchers, engineers,
and practitioners engaged in the study and application of intelligent localization
technologies, helping them stay at the forefront of this rapidly evolving field and
address emerging challenges. At the same time, it is intended to support students
and newcomers who are interested in entering this area, offering a clear and
structured foundation to build their knowledge and inspiring further exploration and
innovation. We believe that this work will not only provide immediate guidance
for current research and practice but also lay a strong foundation for future
developments.
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For the 6G ISAC, localization will shift from being a secondary function of
communication systems to a core capability in intelligent environments, supporting
the deployment of immersive experiences, real time sensing, and context aware
services. Meeting the demands for centimeter level accuracy, strong adaptability
in dynamic conditions, and reliable services with minimal delay will be essential
for enabling the next generation of applications.

Future research should continue to drive the deep convergence of localiza-
tion, communication, sensing, and computing, moving toward truly unified ISAC
systems. Machine learning and artificial intelligence will play an increasingly
pivotal role, enabling systems to autonomously adapt to environmental changes,
anticipate dynamic conditions, and optimize overall performance without human
intervention. As advances in algorithms and hardware technologies accelerate,
these systems will be better equipped to operate efficiently in complex, dynamic,
and resource-constrained environments. At the same time, emerging technologies
such as Reconfigurable Intelligent Surfaces (RIS), terahertz communications, and
quantum sensing are poised to fundamentally reshape existing indoor localization
paradigms, opening new pathways for technological innovation and broader appli-
cation development.

Building on the theoretical framework and practical methodologies outlined
in this book, we envision future intelligent localization systems achieving self-
evolution, full scalability, and seamless integration with next-generation network
infrastructures. Such advancements will greatly enhance the overall performance,
reliability, and adaptability of localization systems. Achieving this vision will
demand continuous progress through deep interdisciplinary collaboration across
wireless communications, machine learning, signal processing, and systems engi-
neering. Through these collective efforts, the immense potential of 6G and future
technologies can be fully realized, driving the rapid growth of next-generation
intelligent environments and diverse application ecosystems.
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