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Abstract

This research advances Channel Charting by introducing a novel distance-based approach that
leverages Time Reversal Resonating Strength (TRRS) to create accurate spatial representations of
indoor environments without requiring explicit position information. While traditional indoor lo-
calization methods face limitations due to labor-intensive site surveys and environmental sensitivity,
and existing Channel Charting approaches often struggle to capture accurate spatial relationships
without additional hardware or motion constraints, this work demonstrates that TRRS can serve as a
reliable proxy for physical distance between wireless measurements. The methodology introduces
a three-stage approach: first, computing pair-wise moving distances through TRRS analysis of
Channel State Information (CSI) measurements; second, constructing a comprehensive dissimilar-
ity matrix that combines TRRS-derived distances with cosine-based metrics; and third, employing
deep learning-based manifold learning for dimensional reduction. Evaluation on the DICHASUS
dataset, encompassing both line-of-sight and non-line-of-sight scenarios, demonstrates the effec-
tiveness of distance estimation using TRRS, achieving a Mean Squared Error of 0.1691 m and
Mean Absolute Error of 0.2932 m. The resulting channel charts show superior preservation of both
local and global spatial relationships, outperforming baseline methods across all metrics including
Continuity, Trustworthiness, and Kruskal’s Stress scores. These results establish TRRS-based
distance estimation as a fundamental advancement in Channel Charting, enabling robust indoor

spatial awareness without specialized hardware or position labels.
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1 Introduction

Channel Charting has emerged as a transformative technology in wireless communications,
representing a paradigm shift in location-aware services and network optimization. This innovative
technique has garnered significant attention in recent years, owing to its broad applicability in down-
stream tasks such as indoor user localization [1], radio resource management [2], and millimeter
wave (mmWave) beam management [3]. Beyond these primary applications, Channel Charting
shows promising potential in emerging fields such as autonomous navigation, smart building man-
agement, context-aware service delivery, and next-generation wireless networks. The technology’s
ability to create meaningful spatial representations without explicit position information makes it
particularly valuable for privacy-preserving applications and scenarios where traditional positioning
systems are impractical or unreliable.

The significance of Channel Charting extends far beyond its immediate applications. In the
era of 5G and beyond, wireless networks are expected to support an unprecedented density of
connected devices, with demands for ultra-reliable low-latency communications (URLLC) and
enhanced mobile broadband (eMBB) services [4]. These requirements necessitate sophisticated
spatial awareness and resource management capabilities, where Channel Charting can play a
crucial role. Furthermore, as Internet of Things (IoT) deployments continue to expand, the need for
efficient, scalable, and privacy-preserving localization solutions becomes increasingly critical [5].
Channel Charting addresses these challenges by providing a framework that can adapt to dynamic
environments while maintaining user privacy and requiring minimal infrastructure modifications.

Specifically, this research focuses on leveraging the rich information embedded within widely
available Wi-Fi signals to enable Channel Charting and related localization tasks. Indoor local-
ization has traditionally relied on various radio-based techniques to estimate device positions by
analyzing transmitted and received radio frequency signals [6]. Conventional approaches, such
as trilateration and multilateration based on time-of-flight (ToF) [7] or time-difference-of-arrival
(TDoA) [8], can achieve high accuracy under ideal conditions. However, these methods require an
unobstructed Line-of-Sight (LoS) path between transmitter and receiver, with minimal reflection,
scattering, diffraction, or obstruction [9]. In practical indoor environments, where such assump-
tions are frequently violated due to complex multipath propagation, localization accuracy degrades
significantly [10].

Wi-Fi fingerprinting has emerged as a promising alternative that can function effectively even in
complex multipath environments, avoiding the strict requirements of traditional methods. However,
this approach faces its own set of challenges. The technique requires an extensive site survey
process involving manual collection and labeling of signal data at numerous reference points [11].

Furthermore, fingerprinting performance is inherently sensitive to environmental dynamics. Since



the technique relies on Channel State Information (CSI), which characterizes signal propagation
between transmitter and receiver, any changes in the surrounding environment can significantly
alter the radio fingerprint and compromise system reliability [12]. These fundamental limitations
have motivated the development of more robust and adaptive solutions, particularly the Channel
Charting approach presented in this work.

The fundamental challenge in indoor localization lies in creating accurate spatial representations
of radio environments without relying on labor-intensive site surveys or maintaining strict line-of-
sight conditions. Traditional approaches either require extensive manual data collection or fail
in complex multipath environments, while existing fingerprinting methods remain vulnerable to
environmental changes. This creates a pressing need for a solution that can automatically learn and
adapt to indoor spatial relationships while maintaining reliability and scalability.

To address these challenges, this work explores Channel Charting as a promising self-supervised
learning framework. Channel Charting offers a novel approach by learning spatial relationships
directly from CSI measurements, eliminating the need for explicit position labels or extensive
calibration. In wireless systems, while CSI exists in a complex, high-dimensional space shaped by
multipath propagation, the actual physical movement of user equipment (UE) occurs in a lower-
dimensional spatial domain (2D or 3D) [13]. This dimensional disparity presents an opportunity
to uncover the latent spatial structure through manifold learning techniques.

Channel Charting provides several key advantages for indoor localization. The framework
preserves user privacy by working with relative spatial relationships rather than explicit tracking.
It operates independently of additional hardware beyond existing wireless infrastructure. The
self-supervised learning approach enables automatic adaptation to environmental changes without
manual recalibration. The system demonstrates excellent scalability, accommodating increasing
numbers of users and devices without significant performance degradation. Once trained, the
framework provides rapid position estimates with minimal computational overhead.

Channel Charting comprises two main stages. First, a dissimilarity matrix is computed using
pairwise comparisons of CSI samples in the high-dimensional space, based on a chosen dissimilarity
metric. Second, the low-dimensional embedding is obtained using either classical manifold learning
techniques such as Isomap [14] and Sammon’s Mapping [13], or deep learning-based approaches
[15, 16, 17, 18]. Prior work has explored dissimilarity measures derived from CSI [14], side
information [13], or a combination of both [10].

However, existing Channel Charting implementations face several critical challenges. Current
approaches often rely on restrictive assumptions about user motion or require additional hardware
for accurate distance estimation. Moreover, the selection of appropriate dissimilarity metrics that
reliably capture spatial relationships remains an open problem. This work addresses these lim-

itations by introducing Time Reversal Resonating Strength (TRRS) as a fundamental metric for



constructing reliable spatial relationships between wireless channel measurements. The proposed
approach leverages the unique properties of TRRS to estimate relative distances between CSI mea-
surements without requiring motion constraints or auxiliary sensors, while maintaining robustness
to environmental changes.

This research presents several significant contributions to the field of Channel Charting. First, it
introduces a novel TRRS-based moving distance dissimilarity metric that enables accurate estima-
tion of spatial relationships without requiring motion constraints or additional hardware. Second,
the work develops a comprehensive methodology for constructing and enhancing dissimilarity
matrices through the fusion of TRRS-derived distances and cosine-based metrics. Third, it imple-
ments and evaluates sophisticated deep learning architectures, including both Siamese and Triplet
networks, for effective dimensional reduction. The experimental results demonstrate superior per-
formance in both moving distance estimation (achieving MSE of 0.1691 m and MAE of 0.2932 m)
and channel chart generation, as evidenced by improved Continuity, Trustworthiness, and Kruskal’s
Stress metrics compared to baseline methods. These achievements establish TRRS-based mov-
ing distance as a powerful tool for enhancing the accuracy and reliability of Channel Charting
applications while maintaining the framework’s inherent advantages of privacy preservation and
infrastructure independence.

The remainder of this report is structured as follows: Section 2 introduces the preliminary
concepts and background. Section 3 offers a comprehensive review of related work in the area
of Channel Charting. Section 4 details the proposed methodology and system design. Section 5
presents and analyzes the experimental results. Finally, Section 6 summarizes the findings and

discusses potential directions for future research.



2 Preliminary

This section provides an overview of the fundamental concepts essential for understanding
wireless indoor localization, Channel State Information (CSI), and Channel Charting. It begins
by introducing the basics of wireless channels and their characteristics, followed by a discussion
of traditional localization methods and their limitations. The concept of Channel Charting is then
introduced, along with the Time Reversal Resonating Effect and Manifold Learning, which are

leveraged in this research.

2.1 What is “Channel”

Definition. A wireless channel represents the physical medium through which electromagnetic
waves propagate between a transmitter and receiver. In indoor environments, the channel charac-
teristics are fundamentally shaped by complex multipath phenomena, where transmitted signals
reach the receiver through multiple paths due to interactions with the physical environment. These
interactions primarily include reflection from walls and furniture, diffraction around corners, and
scattering from various surfaces [12]. Figure 1 illustrates a typical multipath propagation scenario,
showing the relationship between transmitted signals, received signals, and their corresponding

channel responses.
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Figure 1: Illustration of multipath propagation, received signals, and channel responses in an indoor
environment [12]

Channel Measurements. In wireless communications, the received signal Y is related to the

transmitted signal X through the channel matrix H:
Y=HX,

where H represents the Channel State Information (CSI). In a multipath environment, the received
signal Y is the superposition of multiple signal components, each following a different propagation
path. Each path contributes a differently delayed, attenuated, and phase-shifted version of the
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transmitted signal. For N distinct paths, the received baseband signal voltage can be expressed as:
N
Y = Z A Xe IO,
i=1

where A; and 6; denote the attenuation and phase shift of the i’ path respectively.

Channel Estimation. The wireless channel can be characterized in two complementary domains:
time and frequency. In the time domain, the Channel Impulse Response (CIR), denoted as /(¢),
describes how the channel responds to an impulse signal. The CIR captures the temporal distribution
of multipath components, providing information about the delays and amplitudes of different signal

paths:
L
h(t) = ) @id(t - ),
i=1

where a; and 7; represent the complex amplitude and delay of the /" path respectively, and L is the
total number of paths.

The frequency domain representation, known as the Channel Frequency Response (CFR) or
CSI, is obtained through the Fourier transform of the CIR:

L
H(f)=F{h(1)} = Z eI
i=1

Channel State Information. In modern Wi-Fi systems employing Orthogonal Frequency Divi-
sion Multiplexing (OFDM), CSI is measured across multiple subcarriers. For a system with N

subcarriers, the CSI is represented as a vector:
H=[H[O0],H[1],...,H[N - 1]],

where each H[k] = |H(k)|e/“") represents the complex channel gain at subcarrier k. The mag-
nitude |H (k)| indicates the attenuation, while the phase 2 H (k) captures the phase shift introduced
by the channel at that frequency.

In practice, CSI can be decomposed into static and dynamic components:

H(f’t) :Hs(f’t) +Hd(f’t)’

where H,( f, t) represents the contribution from static paths (including Line-of-Sight and reflections

from stationary objects), and H,;( f, t) captures the effects of dynamic paths. For a moving receiver



at position d(t), the dynamic component can be expressed as:
oy d(t)
Hd(f’ t) = A(f’ t)e_jznTa

where A(f, ) represents the amplitude and A is the wavelength.
The Received Signal Strength Indicator (RSSI), commonly used in wireless systems, provides a

coarse measurement of signal strength by computing the total received power across all subcarriers:

N-1
1
RSSI = 101log,(— Z |H[K]})
N
k=0
While RSSI is easily accessible, it discards the rich phase information and frequency-selective

characteristics captured by CSI, making it less suitable for fine-grained localization applications.

2.2 What is “Charting”

Definition. Channel Charting represents a self-supervised learning approach that creates a low-
dimensional representation of wireless channel measurements, preserving the spatial relationships
between transmitter locations. This technique transforms high-dimensional Channel State Informa-
tion (CSI) into a ’chart” where the relative distances between points reflect the physical distances
between the corresponding measurement locations. The fundamental principles and theoretical
framework of Channel Charting were first established by [13].

Channel Feature Engineering. The first step in Channel Charting involves transforming the raw
CSI measurements H ( f, t) into suitable feature vectors f. These features are designed to capture the
large-scale fading characteristics of the wireless channel while being robust to small-scale fading
effects. For a system with N subcarriers and multiple measurement time instances, the feature

extraction process can be represented as:
f=®(H[O],H[1],....H[N - 1]),

where @(-) denotes the feature extraction function that processes the complex channel gains across
all subcarriers.
Charting Function. The core of Channel Charting lies in learning a mapping function C that
transforms these channel features into points in a lower-dimensional space while preserving spatial
relationships:

C:f—>zeRY,

where z represents the position in the channel chart and d (typically 2 or 3) is the dimension of the



chart space. This mapping should satisfy two key properties:

* Continuity: Similar channel features f; and f; should map to nearby points z; and z; in the

chart

* Distance Preservation: The relative distances between points in the chart should reflect the

physical distances between the corresponding measurement locations

Learning Objective. The charting function C is learned by minimizing a loss function that

encourages the preservation of spatial relationships:

L£(C) = ) L{d(,. 1), ll2: - 2;1)),
i,J
where d(-,-) measures the dissimilarity between channel features, and ||z; — z;|| represents the
Euclidean distance in the chart space. This optimization is performed without requiring any ground
truth position information, making it a truly self-supervised learning approach.

The effectiveness of Channel Charting is illustrated in Figure 2, where the ground truth positions
(Figure 2a) are compared with their corresponding representations in the learned channel chart
(Figure 2b). The preservation of the "VIP” curve structure and the smooth color gradients in
the channel chart demonstrate the successful maintenance of local geometric relationships. This
learned representation provides a consistent reference frame for location-dependent applications,

enabling various downstream tasks such as localization, tracking, and mobility management.

coordinate 2: 121,
o

coordinate 1: [z],

600 -500

(a) 3D view on the considered system scenario (b) Learned Channel Chart

Figure 2: Illustration of Channel Charting [13]. (a) Measured CSI from 2048 distinct gradient colored
points in space; (b) Channel chart obtained from channel features in an unsupervised manner.
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Figure 3: Traditional Localization Methods

2.3 Indoor Localization

As stated in both Section 1 and 2, one vital potential application of Channel Charting is
Indoor user Localization. In today’s modern contexts characterized by the proliferation of indoor
environments such as airports, shopping malls, and university buildings, indoor localization is of
utmost importance. Indoor localization pertains to the precise determination of a device’s or user’s
position within enclosed spaces. This capability holds substantial potential for applications such
as indoor guiding navigation, building management, surveillance and industrial operations [20].
Despite over three decades of dedicated research in indoor localization, practical solutions have yet
to be realized. Two main categories of Wi-Fi localization methods designed for indoor scenarios
are (1) Model-Based Localization (Figure 3a) and (2) Fingerprinting-Based Localization (Figure
3b).

2.3.1 Model-Based Localization

Model-based approaches establish mathematical relationships between signal characteristics
and physical positions through geometric principles [21]. These methods can be categorized
based on the signal parameters they utilize. Time-based methods employ signal propagation time
measurements through techniques such as Time of Flight (ToF) [7] or Time Difference of Arrival
(TDoA) [8]. While these methods can achieve high accuracy under ideal conditions, they require
precise time synchronization and unobstructed Line-of-Sight (LoS) paths.

A simpler approach utilizes Received Signal Strength (RSS) measurements [22], converting
signal strength into distance estimates through path loss models. Despite their implementation

simplicity, these methods often suffer from significant errors due to multipath effects and envi-



ronmental dynamics. More sophisticated techniques measure the Angle of Arrival (AoA) [23] or
Angle of Departure (AoD) using antenna arrays. Although these angle-based methods can provide
high accuracy, they require specialized hardware and are particularly sensitive to Non-Line-of-Sight
(NLoS) conditions.

2.3.2 Fingerprinting-Based Localization Technique.

Fingerprinting-Based methods involve creating a Radio Map (or fingerprint database) of signal
strength or other signal characteristics across various points within an indoor environment[21].
These signal “fingerprints” serve as Reference Points (RP) for determining the location of a device
or user based on the similarity of the current signal readings to those stored in the Radio Map. Many
previous researchers have delved into the Wi-Fi fingerprinting method, and it works in two phases
(See Figure 4 below). First is the offline phase, also called site survey, during which researchers
collect the Wi-Fi signal channel, namely, the Wi-Fi fingerprints from surrounding Access Points
(APs) at every RP. By relating the Wi-Fi signal with the collected location, a fingerprint database
is constructed. Next in the online phase, this fingerprint database is queried with a real-time Wi-Fi
signal fingerprint sent by a user. Consequently, the localization algorithm will find the best match
of this fingerprint in the database and return the corresponding location as the user’s location [24].

Despite the fact that Wi-Fi fingerprinting solution utilizes off-the-shelf Wi-Fi infrastructure and
requires no extra hardware in the APs or target devices, there are limitations to consider. The
site survey process is time-consuming and labor-intensive. Moreover, to construct the radio map,
true location labels are required, which are typically arduous to obtain and correlate with specific

fingerprints. For instance, as presented in the experiment in [25], consider a six-story shopping

Offline Phase

(x,yh RSS;,RSS,,RSSs....
(x,y)2 RSS;,RSS,,RSSs....

:> (xy)s RSS;,RSS2,RSS:...

‘ ), ‘ RSS1,RSS2,RSS;... ‘

Fingerprint database
Online Phase

‘ 7 ‘ RSS,,RSS2,RSSs... ‘ :> Z?;icfir(i)tf:qg |:>

Figure 4: Overview of the Wi-Fi Fingerprint Method [24]. During the offline phase, Received Signal
Strength (RSS) are collected at every Reference Points (RPs) from all Access Points (APs). The (x, y); are
the coordinates of RPs. During the online phase, the user’s location is estimated based on an algorithm to
find the closet match between the real-time RSS and the data entries in the database.




mall spanning approximately 36,000 m?, it would require a team of three individuals ten days to
collect the Wi-Fi signal readings at a granularity of 5m X 5m. This labor-intensive process proves
to be unscalable for large-scale deployment.

Several recent studies have suggested crowd-sourcing as a way to minimize the need for site
survey, allowing users to generate, adjust and utilize location data created by others [22]. [26]
enhanced the crowd-sourcing approach by introducing a new algorithm to tackle challenges arising
from user inputs, such as maintaining data quality in a dynamic fingerprint database, communicating
location accuracy to users, optimizing user prompting frequency, and filtering user-provided data
for reliability. Nonetheless, requesting immediate feedback from users can be inconvenient and
disruptive to the user experience. To alleviate user burden, recent research [21] suggested mapping
collected RSS fingerprints onto the indoor map during users’ daily walk. This approach eliminates
the need for intensive data collection by users and obviates the necessity for specialized site
surveys. Nevertheless, this method still faces challenges as the quality of fingerprint collection
may be compromised by noisy measurements and biased user inputs [27]. Other studies such as
the one by [28] leveraged a 3D ray-tracing technique to simulate RSS propagation throughout the
area. [29] developed an RSS-based augmentation technique that randomly selects RSS values at
reference points, augmenting the dataset size while maintaining original data patterns to improve
the performance of deep learning classifiers in site survey scenarios.

To date, fingerprinting-based methods remain the only Wi-Fi indoor localization technique
deployed in real-world applications [25], as they do not impose any requirements on Wi-Fi access

points and do not rely on side information such as time.

2.4 Time Reversal Resonating Effect

As introduced in Subsection 2.2, Channel Charting leverages channel features to reconstruct the
users’ locations in a channel chart. The quality of the channel chart relies heavily on dissimilarities
used between channel features [30]. Recent research by [31] compares the localization results
between Channel Charting and Fingerprinting methods, revealing that despite Channel Charting’s
advantage of not requiring ground truth labels, its localization accuracy currently lags behind
Fingerprinting. This limitation in chart reconstruction capability motivates the present research,
which proposes a new dissimilarity metric based on the Time Reversal Resonating Effect to generate
more accurate charts for localization and other applications.

Time Reversal Resonating Effect (TRRE) represents a fundamental physical phenomenon that
enables precise focusing of electromagnetic waves in complex propagation environments [32]. First
demonstrated experimentally with electromagnetic waves in the GHz range [33], TRRE showcases

how a time-reversed wave can converge back to its original source with both spatial and temporal
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compression as shown in Figure 5a, making it particularly valuable for wireless communications
and localization applications.

TRRE provides a powerful framework for Channel Charting applications through its inherent
ability to characterize spatial relationships between transmitters and receivers. The phenomenon
exhibits distinct properties that make it particularly suitable for spatial mapping. First, the multipath
profile at each location creates a unique signature due to the specific combination of reflections
and scattering paths, ensuring location specificity. Second, time-reversed signals from spatially
proximate positions exhibit strong correlation, while distant positions show weak correlation,
enabling reliable spatial discrimination. Third, the technique naturally adapts to the complexity
of the propagation environment, with performance often improving in rich multipath scenarios.
These characteristics enable the construction of reliable distance metrics for manifold learning
without requiring explicit position information, forming the basis for unsupervised spatial mapping

in Channel Charting applications.

2.4.1 Physical Principles

The time reversal process consists of two distinct phases: the channel probing phase and the time
reversal transmission phase. In the channel probing phase, a source transmits a short electromag-
netic pulse that propagates through a complex medium. During propagation, the signal undergoes
multiple reflections, refractions, and scattering events, creating a rich multipath environment. A
receiving antenna captures this reverberated signal, which typically exhibits a significantly longer
duration than the original pulse due to multiple path delays [34].

In the time reversal transmission phase, the captured signal is time-reversed and retransmitted
through the same environment. Due to channel reciprocity and temporal stationarity, the time-
reversed wave retraces its incoming paths and converges back to the initial source location. This
convergence manifests in two primary effects: spatial focusing and temporal focusing. The spatial

focusing effect results in signal power forming a sharp peak at the intended location while remaining
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Figure 5: TRRE Principle Illustration
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relatively low elsewhere, as depicted in Fig 5b. This focusing is achieved through constructive
interference at the source and destructive interference at other locations. Simultaneously, temporal
focusing occurs as the received signal is compressed in time, recovering approximately the duration

of the original pulse through the coherent combination of multipath components.

2.4.2 Mathematical Representation

For a transmitted signal m(t) cos(2x fot + ¢(t)), where fy is the carrier frequency, the received

signal after propagation through a complex environment can be expressed as:

s(t) = mj(t) cos(2x fot) + myy (t) sin(27 fot),

where m’(¢) and m’Q (¢) represent the in-phase and quadrature components of the received signal.

The time-reversed signal is then constructed as:

s(=t) = mj(—t) cos(2x fot) — my (1) sin(27 fot)

This formulation accounts for both the baseband signal components and the carrier wave phase

conjugation necessary for effective time reversal.

2.5 Manifold Learning
2.5.1 Manifold Learning Fundamentals

Manifold learning represents a class of dimensionality reduction techniques based on the
assumption that high-dimensional data lies on or near a lower-dimensional manifold M [35].
In the context of Channel Charting, the high-dimensional CSI measurements H € CN/*Nt are
assumed to form a manifold structure that reflects the physical geometry of the wireless propagation
environment. This assumption is particularly relevant because while CSI data exists in a high-
dimensional space, the physical locations of transmitters and receivers are confined to a much
lower-dimensional space, typically 2D or 3D. The objective of manifold learning is to discover a
mapping f : CN~*N — R? that preserves the intrinsic geometry of the data while reducing its

dimensionality.

2.5.2 Classical Manifold Learning Approaches

Several classical manifold learning techniques have been applied in Channel Charting applica-
tions, each with its own strengths and theoretical foundations. Principal Component Analysis (PCA)

[36], the most fundamental approach, performs linear projection through eigendecomposition of
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the covariance matrix: N
1
E= ;(xi — 1) (x; — p)T = UAUT,
where U contains the eigenvectors and A the corresponding eigenvalues. While PCA is com-
putationally efficient and theoretically well-understood, its linear nature often fails to capture the
nonlinear structure inherent in CSI data.
Multidimensional Scaling (MDS) [37] takes a different approach by focusing on preserving

pairwise distances. It minimizes the stress function:

Lyps = Z(dij — |1z — z;]12)%,

i,j

where d;; represents the high-dimensional distances and z; the low-dimensional embeddings. This
approach is particularly valuable in Channel Charting as it directly attempts to preserve spatial
relationships between measurements.

Locally Linear Embedding (LLE) [38] introduces a powerful concept of preserving local geom-
etry through a two-step process. First, it computes optimal weights for reconstructing each point

from its neighbors:
mvélnz ||x; — Z w,~ij||2 subject to Z wii=1
i J J
Then, it finds low-dimensional embeddings that preserve these neighborhood relationships:
. 2
mZmZ ||z; — Z Wiij||
i J

This local approach is particularly effective when the manifold structure is locally Euclidean but

globally nonlinear.

2.5.3 Deep Learning-Based Manifold Learning

Modern approaches leverage deep neural networks for nonlinear manifold learning, offering
greater flexibility and capacity to learn complex mappings. The autoencoder architecture, a funda-

mental building block of these approaches, consists of an encoder fy and decoder gg:

2= fo(x), X=gy(2)
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These networks are trained to minimize the reconstruction loss while maintaining the essential

structure of the data:
Lar = Ix = g (fo(x)[I* + 1Q(6, ¢),

where Q(6, ¢) represents regularization terms that can enforce desired properties such as smooth-
ness or sparsity in the learned representations.
Siamese networks [39] extend this framework by explicitly incorporating pairwise similarity

relationships during training. They employ a contrastive loss:
Leontrast = yd(21,22) + (1 — y) max(0,m — d(z1,22))

where y indicates whether pairs are similar, d is a distance metric, and m is a margin parameter.
This architecture is particularly well-suited for Channel Charting as it can learn to preserve relative

spatial relationships between CSI measurements.

2.5.4 Distance Preservation in Manifold Learning

The preservation of distance relationships is formalized through the concept of isometry, which
provides a theoretical framework for evaluating the quality of the learned manifold. A mapping f

is considered isometric if:
dpm(x1,X2) = adga(f(x1), f(x2)),

where d  is the geodesic distance on the manifold, dy« is the Euclidean distance in the embedded
space, and « is a scaling factor. This property ensures that spatial relationships in the original space
are maintained in the lower-dimensional representation.

In practice, the geodesic distance can be approximated using shortest paths in a neighborhood
graph:

do(xi,xp) = min > [lxc =il
path(i=)) (P ath

This approximation is particularly useful in Channel Charting as it can capture the intrinsic structure

of the wireless propagation environment.
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3 Related Work

3.1 Evolution of Channel Charting

Channel Charting represents a significant advancement in wireless communications, offering
a self-supervised learning framework for spatial awareness without explicit position information.
The foundational work by [13] introduced the core concept of learning spatial relationships directly
from CSI measurements, demonstrating the feasibility of dimensional reduction from complex
CSI space to physical coordinates. This initial research established a two-stage pipeline: first
computing a dissimilarity matrix through pairwise comparisons of CSI samples, then obtaining
low-dimensional embeddings through manifold learning techniques.

The applications of Channel Charting have expanded across multiple domains, including indoor
user localization [1], radio resource management [2], and millimeter wave beam management [3].
Recent work by [4] has further demonstrated its potential in 5G and beyond networks, particularly

for ultra-reliable low-latency communications and enhanced mobile broadband services.

3.2 CSI-based Dissimilarity Metrics

The development of CSI-based dissimilarity metrics has progressed through several generations
of approaches. The initial Channel Charting implementation proposed a metric derived from
the Euclidean distance between feature matrices extracted from CSI [13], assuming path loss
proportionality to physical proximity. While this approach enabled basic reconstruction of radio
environments using techniques like Sammon’s mapping and PCA, it showed limitations in non-
collinear measurement scenarios.

Subsequent research addressed these limitations through more sophisticated metrics. The
work by [14] introduced a cosine-based dissimilarity measure designed to be resilient against
small-scale fading effects. Further advancements came from [30], which proposed a correlation
matrix distance (CMD)-based metric capable of filtering geometrically inconsistent measurement
combinations before dimensionality reduction.

Alternative approaches have explored clustering-based metrics. Research by [40] introduced
metrics based on multipath component clustering, leveraging the observation that proximate user
equipment shares similar multipath characteristics. This concept was further developed by [41],

who proposed operating directly on channel impulse responses (CIRs) for improved accuracy.
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3.3 Side Information-based Dissimilarity Metrics

The integration of external side information has emerged as a significant direction in improving
distance estimation accuracy. Research by [42] established the correlation between spatial and tem-
poral proximity, leading to the development of time-based metrics [43, 44, 45]. These approaches
typically assume linear trajectories with constant velocity, though this assumption can limit their
practical applicability.

Recent work has attempted to overcome these limitations through more sophisticated side
information. The research by [31] introduced a velocity-aware metric utilizing data from Pedestrian
Dead Reckoning (PDR) systems or robotic odometry. While this approach reduces dependence on

motion assumptions, it introduces additional hardware requirements at the user end.

3.4 CSI-based Moving Distance as a Dissimilarity Metric

A key innovation in Channel Charting involves the use of moving distance as a fundamen-
tal dissimilarity metric. This approach differs from traditional methods that rely on direct CSI
comparison or signal strength patterns. By accurately estimating the physical distance traveled
between measurement points, the resulting channel charts better preserve spatial relationships in
the environment.

The Time Reversal Resonating Effect (TRRE) provides one effective mechanism for estimating
moving distances from CSI measurements. Through careful analysis of the Time Reversal Res-
onating Strength (TRRS) patterns, accurate distance estimates can be derived without requiring
additional sensors or motion constraints [46, 32]. As shown in Figure 5b, spatial divergence of
less than 10 mm can result in TRRS value reductions exceeding 0.7, indicating exceptional spa-
tial sensitivity. This represents a significant advance over previous approaches that either required
supplementary hardware or imposed restrictive assumptions about user movement.

TRRE applications span various localization tasks. Research by [46] applied TRRS to individual
gait recognition, while [47] demonstrated its effectiveness in passive human speed estimation.
Significant work by [32] and [48] has shown TRRE’s utility in indoor tracking applications,
achieving high accuracy without specialized hardware requirements.

While existing Channel Charting approaches have shown promise, they face persistent chal-
lenges. CSI-based metrics often struggle with environmental sensitivity, while side-information
approaches typically require additional hardware or impose restrictive motion assumptions. TRRS
has emerged as a potential solution, offering millimeter-level precision and robust spatial correlation
properties without hardware dependencies.

The present research represents the first systematic effort to adapt TRRS as a fundamental

dissimilarity metric for Channel Charting. This approach bridges the gap between theoretical
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time-reversal principles and practical radio environment mapping, offering potential advantages
over conventional path-loss and CSI-based methods in complex multipath environments. The
integration of TRRS principles with Channel Charting frameworks presents an opportunity to

overcome existing limitations while maintaining system simplicity and hardware independence.
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4 Methodology

This section presents a novel approach to Channel Charting that leverages TRRS-derived
Moving Distance as a fundamental metric for constructing reliable spatial relationships between
wireless channel measurements. The proposed methodology comprises four primary components:
pair-wise Moving Distance calculation based on TRRS, dissimilarity matrix construction, further
matrix enhancement, and lastly manifold learning for dimensional reduction. Each component
addresses specific challenges in creating an accurate and robust channel chart while maintaining

computational efficiency.

4.1 Pair-wise Moving Distance Calculation
4.1.1 Time Reversal Resonating Strength (TRRS) Calculation

The foundation of the proposed methodology lies in exploiting the Time Reversal Focusing
Effect, a physical phenomenon that enables precise spatial discrimination in complex propagation
environments. Time Reversal (TR) represents a fundamental physical resonance mechanism that
concentrates transmitted signal energy at an intended focal point in both temporal and spatial do-
mains through the transmission of the TR waveform [48]. Within the context of Wi-Fi channels, the
received CSI exhibits constructive interference when merged with its time-reversed and conjugate
equivalent at the intended position, while producing incoherent responses at other locations [32].

The quantification of this focusing effect is achieved through TRRS, which serves as a metric
for assessing the spatial correlation between pairs of CSI measurements. In a typical measurement
scenario, a transmitter continuously emits signals omnidirectionally while a receiver traverses from

position Ry to R,. The TRRS between CSI measurements at these two locations is computed using:

|HY H,|?
< H|,H| >< Hy,Hy >

where H; and H, represent the Channel Frequency Responses (CFR) at the respective positions.

k(Hi, Hy) =

For a dataset collected by a mobile platform, TRRS values are computed between consecutive CFR
measurements and stored for subsequent analysis.

The raw TRRS measurements exhibit a characteristic Bessel-function-like pattern, as illustrated
in Figure 6. However, measurement noise introduces outliers that can complicate peak detection.
To enhance measurement reliability, the raw TRRS data undergoes preprocessing through low-pass
filtering and outlier removal. The comparative results before and after processing, presented in

Figure 6, demonstrate significant improvement in signal quality and peak detectability.
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Figure 6: Spatial Relative TRRS values computed for selected data windows. The plot compares raw data
(blue) with filtered data (orange) to highlight the effect of the filtering process on signal stability and trend
clarity.
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distributions (Experiments 1 and 2) and the theoretical model; (b) Visualization of the TRRS-based speed
estimation algorithm.

4.1.2 Speed Estimation from TRRS Patterns

The Time Reversal focusing effect manifests distinctly in both spatial and temporal domains,
as evidenced in Figure 7. Analysis of these distributions reveals consistent damping patterns that
form the basis for speed estimation. A key observation lies in the initial local peak of n(d),
which occurs at a theoretical distance d( of approximately 0.64, following the Bessel-function-like
structure. Speed estimation requires determining the time 7 taken for the receiver to traverse from
its initial position to this primary peak. By approximating the peak region with a quadratic curve
and utilizing the timestamps associated with each Channel Impulse Response (CIR) measurement,

f can be determined through vertex identification. The speed estimation then reduces to:

dod

‘,} =
2nt

(D
where A is the wavelength.

The processing pipeline implements a two-stage approach for identifying characteristic TRRS
peaks. Initial processing employs Gaussian smoothing followed by established peak detection
algorithms. While this approach proves effective for well-defined patterns (Figures 8a & 8b), it
encounters limitations when processing windows exhibit low signal-to-noise ratios (Figure 8c),
where damping patterns lack sufficient prominence for reliable detection.

To address these limitations, a secondary zero-crossing detection method has been implemented
to capture subtle peaks that elude conventional detection methods. The selection of window size
represents a critical trade-off between peak detection reliability and temporal resolution. Empirical

analysis has established an optimal window size of 40 samples, which effectively balances these
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Figure 8: Performance of the peak detection algorithm across different channel conditions. (a—b) Clear
and distinct peaks accurately detected using standard methods; (c) Low-SNR scenario where zero-crossing
analysis was necessary for robust peak identification; (d) Challenging case with no discernible peak structure,
resulting in an unusable measurement window.

competing requirements.
A notable challenge arises from windows that fail to yield detectable peaks, approximately

5.0325% of the total dataset (Figure 8d). After extensive evaluation of potential mitigation strate-

gies, including endpoint approximation and model-based imputation, the methodology adopts a

conservative approach of excluding these problematic windows. This design choice prioritizes mea-

surement accuracy over dataset completeness, ensuring that only high-confidence measurements

contribute to the final speed estimates.
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4.2 Dissimilarity Matrix Construction

Given the estimated walking speed v, the calculation of moving distances requires determining
the time interval between consecutive CSI measurements. The dataset provides precise timing

information for each measurement, enabling the computation of moving distances through:

x

dy = Z Y- AL, )

i=0
where V; is the velocity calculated using Eqn. (1), At is the selected time window, and n, represents
the number of key points inside the time window for distance calculation.

These pair-wise distances form an N X N dissimilarity matrix, where N represents the total
number of data samples. The dataset structure presents a particular challenge, as it contains several
independent traces separated by significant time gaps. In these cases, TRRS values do not reflect
meaningful spatial correlations between traces. Consequently, the pair-wise moving distances
must be calculated independently for each trace, resulting in a sparse dissimilarity matrix where
inter-trace distances are set to zero to indicate unreliable measurements.

The relationship between calculated moving distances and actual Euclidean distances requires
careful consideration. When the ground truth path follows a “zig-zag” pattern, the calculated
moving distance may significantly exceed the Euclidean distance, potentially leading to distortions
in the reconstructed channel chart (Figure 9). To mitigate this effect, an empirically determined
distance threshold of 60 meters has been established. Only TRRS-derived moving distances
between points from the same trace with ground truth distances below this threshold are considered

valid for the dissimilarity matrix.

Figure 9: Agent trajectory illustrated through consecutive CSI measurements, represented by red dots [45].
This visualization highlights the relationship between the agent’s physical movement and the corresponding
changes in Euclidean distance within the CSI feature space.
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4.3 Metric Fusion and Enhancement

The sparse nature of the TRRS-derived dissimilarity matrix presents challenges for manifold
learning, as the limited number of valid distance measurements reduces the available geometric
constraints. To address this limitation, the methodology incorporates cosine dissimilarity as a
complementary metric. First proposed by [14], the cosine-based metric provides direct similarity
measurements between CSI data points. For MIMO systems, this dissimilarity can be computed

across antenna arrays and subcarriers:

|Zn11;1=1(H(i) )*H(j) |2

B N
b,m,n b,m,n
dCSal»]:ZZ 1_ . — — .
b=1 n=1 ( M |H§,l,)m,n|2) (Znﬁle Hg)j;)nn|2)

To ensure balanced contribution from both metrics, the cosine dissimilarity undergoes nor-
malization to match the scale of the moving distance metric. This fusion strategy enhances the
robustness of the final channel chart by incorporating complementary spatial information from both

TRRS-based and cosine-based measurements.

4.4 Neural Network Architecture and Training

The dimensional reduction component of the methodology employs two complementary neural
network architectures: Siamese and Triplet networks (Figure 10). As shown in Figure 10a, the
structure of a Siamese neural network consists of twin networks with shared weights, processing
pairs of CSI measurements simultaneously to learn a mapping that preserves relative spatial re-
lationships. Triplet neural network (Figure 10b) provides another powerful network structure for
Channel Charting. Both architectures share a common feature extraction backbone while differing

in their training objectives and sample organization strategies.

f(i) di,j f(j)

shared
/ i / weights © | Triplet Selection F Dyw or Dgeo
£ £ £(6) shared

DNN Ceg DNN Ceg " weights ©
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(a) Siamese neural network structure (b) Triplet neural network structure

Figure 10: Comparison of deep metric learning architectures [10]. (a) Structure of a Siamese neural
network, which learns to measure similarity between input pairs; (b) Structure of a Triplet neural network,
which learns to differentiate between anchor, positive, and negative samples for embedding space separation.
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4.4.1 Feature Engineering and Network Architecture

The network’s feature extraction pipeline consists of three main components. The first compo-

nent implements a specialized autocorrelation computation for the Feature Engineering Layer:

Smn(t) = Z CSId,mJ ' CSIZ,n,t
d

where (m, n) index the antenna arrays and ¢ represents the time index. The output preserves both
real and imaginary components of the autocorrelation.

The second component comprises a Dense Network Stack with a sequence of fully-connected
layers and batch normalization. The network processes a flattened feature vector of dimension
(N, X Ny x N, x2) through successive layers of decreasing size: 1024, 512, 256, 128, and 64 nodes,
with ReLU activation functions throughout. The final layer produces a 2-dimensional embedding
suitable for visualization and subsequent analysis.

The third component implements architecture-specific distance computations necessary for loss

calculation, enabling effective training of both Siamese and Triplet configurations.

4.4.2 Training Strategy and Optimization

The methodology implements two complementary training approaches. The Siamese Net-
work training processes pairs of CSI measurements (A, B) using a combined loss function that
incorporates both TRRS and cosine dissimilarity:

~£Siamese = WILTRRS + W2~£cosine

with weights (w1, ws) = (0.4,0.6) determined through empirical validation.
The Triplet Network training processes triplets (anchor, positive, negative) using a margin-based

triplet loss:

Lrvipter = max(0, || f(a) = f(p)II* = I f (@) = £ (n)||* + margin)

with a margin parameter of 0.005.

4.4.3 Sample Selection and Training Process

The training process employs sophisticated sample selection strategies to ensure effective learn-
ing. For Siamese pair selection, the process maintains balance between same-trace and cross-trace
pairs while incorporating both TRRS-based moving distance and cosine-based dissimilarity mea-
sures. The batch size is set to 4 pairs per batch to optimize computational efficiency and learning
stability.
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For Triplet selection, positive samples are selected based on a dissimilarity threshold set at the
40th percentile, while negative samples are chosen above the 60th percentile dissimilarity. This
range-aware selection strategy maintains trace coherence and ensures meaningful learning signals.

The optimization framework utilizes the AdamW optimizer with an initial learning rate of 0.001.
A step-based learning rate schedule is implemented with a step size of 10 epochs and a decay factor
of 0.8, continuing for a total of 25 epochs. The training process includes careful monitoring of loss
metrics:

1 &
Epoch Loss = — Z L
Nb

This comprehensive approach, combining sophisticated architecture design, careful sample
selection, and robust optimization strategies, enables effective learning of spatial relationships
while maintaining computational efficiency. The complementary nature of Siamese and Triplet
networks provides redundancy in learning spatial relationships, while the careful sample selection

ensures effective use of available training data.
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5 Results

This section presents two primary results: the moving distance estimation accuracy and the
generated channel charts.

The analysis utilizes the DICHASUS dataset [49], which comprises CSI data encompassing
both line-of-sight and non-line-of-sight indoor scenarios. The experimental setup consists of
32 antennas positioned at the four corners of an L-shaped region, functioning as receivers. A
mobile robot equipped with a single antenna serves as the transmitter, moving randomly within this

predefined area.

5.1 Moving Distance Estimation

The first phase of Channel Charting evaluates the accuracy of calculated moving distances be-
tween CSI data points. The dataset contains three independent traces with distinct trajectory shapes,
as illustrated in Figure 11. The traces exhibit total lengths of 233.7686, 285.7500, and 494.6165m
respectively. Later results reveals that Trace 3 demonstrates significantly larger errors compared to
the other two traces, potentially due to its higher frequency of sharp turns. The “zig-zag” shape
characteristic of Trace 3 represents a challenging scenario for the proposed methodology.

The evaluation metrics demonstrate promising results across all traces. The Mean Squared
Error (MSE) achieves 0.1691m while the Mean Absolute Error (MAE) reaches 0.2932m. Figure
12 presents the CDF of MAE for each trace, with 50th percentile errors of 0.74,0.76, and 0.97m
respectively. These results validate the effectiveness of the moving distance calculation algorithm
even under challenging movement patterns.

Beyond trajectory shape considerations, accumulated error represents another critical factor in
performance evaluation. Figure 13 illustrates the temporal evolution of estimation error along each

trajectory. While Trace 3 exhibits higher error rates (averaging 0.4m for the initial 250 seconds),
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Figure 11: Three distinct trajectories from the dataset used for analysis
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the overall error magnitude remains within acceptable bounds.

The training process employs random data pair selection rather than sequential distance cal-
culations. Figure 14 presents an analysis of 1000 randomly selected data pairs from each trace,
comparing estimated moving distances with ground truth measurements. To mitigate accumulated
error and minimize trajectory-dependent effects, the analysis considers only data pairs with ground
truth distances below 60m.

Figure 14a provides an aggregate view of the results across all traces, while subsequent plots
detail the performance for each individual trace. In these visualizations, scatter points represent
data pairs with ground truth spatial distances on the x-axis and estimated distances on the y-axis.
The ideal case of perfect estimation is represented by the diagonal line (y = x), shown as a dashed
line. The solid line indicates the mean estimated distance for each ground truth distance value,
with shaded regions representing one standard deviation of variation. The results demonstrate
particularly strong performance at shorter distances, where estimated moving distances closely
align with ground truth values and exhibit minimal deviation. This observation underscores the

importance of appropriate data pair selection in the methodology.
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5.2 Channel Charts Generation

The second phase of evaluation focuses on the generation and assessment of channel charts
using the constructed dissimilarity matrix. The analysis examines both the qualitative preservation
of spatial relationships and quantitative performance metrics across different manifold learning

approaches.

5.2.1 Qualitative Analysis

Figures 15a and 15c present the channel charts generated using the proposed TRRS-based
dissimilarity metric with Siamese and Triplet neural network architectures, respectively. Compar-
ison with the ground truth positions (Figure 15b) reveals several significant characteristics of the
generated charts. The charts demonstrate strong preservation of local spatial relationships, evi-
denced by the gradual color transitions that correspond to physical proximity in the original space.
Furthermore, the characteristic L-shaped structure of the measurement environment is successfully
captured in both neural network implementations, indicating effective preservation of global ge-
ometric features. The density and distribution of points in the generated charts maintain relative
consistency with the ground truth, suggesting balanced dimensional reduction without significant
clustering artifacts.

For comparative analysis, Figure 15d presents a channel chart generated using the Angle-Delay
Profile (ADP) dissimilarity metric. The ADP-based chart exhibits significant geometric distortion,
manifesting as a circular structure that bears little resemblance to the ground truth configuration.
This limitation of pure ADP-based mapping highlights the advantages of the proposed TRRS-based
approach, which achieves superior spatial representation without requiring additional temporal
information or geodesic enhancement.

It is noteworthy that the coordinate values in the generated charts differ from the ground truth
plot. This discrepancy is an inherent characteristic of manifold learning techniques, as the learned
representations may undergo arbitrary rotation, scaling, reflection, or translation while preserving
relative spatial relationships [10]. In practical applications, this ambiguity can be resolved through

minimal landmark-based calibration.
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Figure 15: Comparison of channel charts generated using various deep learning-based manifold learning
techniques. (a) and (c) show the channel charts generated by the Siamese and Triplet models, respectively;
(b) illustrates the ground truth positions for reference. (d) displays the channel chart generated by the Siamese
model using Angle-Delay Profile (ADP) dissimilarity.
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5.2.2 Quantitative Performance Evaluation

The quantitative assessment employs three established metrics for evaluating the quality of
dimensional reduction. Continuity (CT) measures the preservation of local neighborhood relation-
ships, while Trustworthiness (TW) evaluates the reliability of preserved proximity relationships.
Both metrics are bounded in the range [0, 1], with values approaching 1 indicating superior preser-
vation of local relationships. The third metric, Kruskal’s Stress (KS), assesses the preservation of
global structure and is bounded in [0, 1] with lower values indicating better preservation of global
structure.

Figure 16 presents a comparative analysis of these metrics across three approaches: the proposed
TRRS-based method, ADP dissimilarity, and Euclidean distance baseline. The analysis reveals
superior performance of the TRRS-based approach across all metrics. The method achieves higher
CT and TW values, indicating better preservation of local spatial relationships, while simultaneously
maintaining lower KS values compared to both ADP and Euclidean baselines, suggesting improved
retention of global structure. This consistent performance advantage across all metrics validates
the robustness of the TRRS-based dissimilarity measure.

These quantitative results, combined with the qualitative observations, provide strong evidence
for the effectiveness of the proposed TRRS-based Channel Charting methodology in preserving
both local and global spatial relationships without reliance on additional side information or

computational enhancement techniques.
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Figure 16: Continuity, Trustworthiness and Kruskal’s Stress Evaluation
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6 Future Plan and Conclusion

6.1 Future Research Directions

The successful implementation of TRRS-based Channel Charting opens several promising

avenues for future research:

6.1.1 Dataset Enhancement and Validation

A primary direction for future work involves the collection and analysis of new datasets with
optimized trajectory patterns. The current public datasets, while valuable, contain trajectories that
may not fully showcase the potential of the TRRS-based moving distance approach. Future research
should focus on expanding the dataset diversity through the collection of data with varied movement
patterns, enabling more comprehensive evaluation of the TRRS-based moving distance metric’s
robustness. Additionally, the integration of measurements from multiple environments with varying
multipath characteristics would provide valuable insights into the method’s generalizability. The
development of standardized benchmarking datasets would further facilitate comparative analysis
of different Channel Charting approaches, establishing a common foundation for evaluating new

methodologies.

6.1.2 Dissimilarity Matrix Optimization

The current implementation faces challenges with sparse dissimilarity matrices due to the up-
per bound constraint on moving distances. Future research should address this limitation through
several key improvements. Advanced fusion techniques should be developed to better combine
TRRS-based moving distance and cosine dissimilarity metrics, potentially incorporating additional
complementary measures. Investigation of alternative normalization methods would ensure more
consistent distance representation across different metrics. Furthermore, the development of adap-
tive weighting schemes for metric fusion based on measurement confidence could enhance the

reliability of the final dissimilarity matrix.

6.1.3 Deep Learning Architecture Enhancement

The manifold learning phase presents several opportunities for improvement through architec-
tural innovations. Future work should explore and compare alternative deep learning architectures to
identify optimal configurations for Channel Charting applications. The development of specialized
attention mechanisms could enhance the network’s ability to focus on more reliable measurements,

potentially improving mapping accuracy. Integration of uncertainty estimation in the mapping
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process would provide valuable confidence metrics for downstream applications. Additionally, in-
vestigation of semi-supervised learning approaches could leverage partially labeled data to improve

mapping performance while maintaining the system’s self-supervised nature.

6.1.4 Practical Applications

The practical deployment potential of this technology can be enhanced through several key de-
velopments. Real-time processing capabilities should be developed to enable dynamic environment
mapping, allowing the system to adapt to changing conditions. Integration with existing wireless
infrastructure would facilitate seamless deployment in real-world settings, reducing implementation
barriers. Research into privacy-preserving techniques would address security concerns in sensitive

applications, making the technology more suitable for widespread adoption.

6.2 Conclusion

This research set out to develop a novel approach for Channel Charting by leveraging the Time
Reversal Resonating Effect, aiming to overcome the limitations of existing methods that rely on ex-
plicit position information or impose restrictive assumptions about user motion. The investigation
employed a three-stage methodology: first, implementing TRRS-based moving distance calculation
through analysis of CSI measurements; second, constructing and refining a dissimilarity matrix that
captures spatial relationships; and third, applying manifold learning techniques for dimensional re-
duction. The experimental results demonstrated significant achievements, including high accuracy
in moving distance estimation (MSE of 0.1691 m, MAE of 0.2932 m) and superior performance
in channel chart generation compared to baseline methods, as evidenced by improved Continuity,
Trustworthiness, and Kruskal’s Stress metrics. These findings indicate that TRRS-based moving
distance serves as an effective proxy for spatial relationships in wireless environments, offering a
promising solution for privacy-preserving indoor localization without requiring specialized hard-
ware or explicit position labels. The study’s primary contribution lies in establishing a theoretical
and practical framework that bridges the gap between time-reversal principles and radio environ-
ment mapping, while introducing novel techniques for handling trajectory-dependent effects and
preserving both local and global spatial relationships. However, several limitations warrant ac-
knowledgment: the current approach faces challenges with sparse dissimilarity matrices, exhibits
sensitivity to trajectory patterns in the training data, and requires further validation across diverse
environmental conditions. Looking forward, these limitations suggest promising directions for
future research, including the development of enhanced fusion techniques for dissimilarity metrics,
collection of more diverse datasets, and investigation of advanced deep learning architectures for

improved robustness and generalization.
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