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ABSTRACT Accurate angle-of-arrival (AoA) estimation is critical for precise localisation in wearable
devices, particularly in challenging wireless environments such as Rician fading with low signal-to-noise
ratios (SNRs). This paper proposes a pilot-assisted AoA estimation technique that integrates pseudo-random
permutations and Walsh sequences within an OFDM-based transmission framework. The method preserves
phase coherence and enhances spatial resolution by optimising pilot allocation and leveraging advanced
signal processing. Comprehensive MATLAB simulations show high robustness: At −38 dB (per-subcarrier,
per-snapshot SNR), the ≈ 1.5◦ RMS is achieved by aggregating across L snapshots and multiple subcarriers
(see Table 12 for K-factor scenarios), with sub-degree accuracy at moderate-to-high SNRs. Furthermore,
a lightweight, one-dimensional (1D) convolutional neural network (CNN) reduces residual carrier-frequency
offsets by over 30%, highlighting a promising synergy between classical signal processing and data-
driven learning. Comparative analysis against state-of-the-art techniques and a discussion of computational
complexity are provided, underscoring the suitability of the proposed method for next-generation wearable
and IoT direction-finding applications.

INDEX TERMS Angle-of-arrival (AoA) estimation, wearable devices, Rician fading channels, orthogonal
frequency-division multiplexing (OFDM), pilot-assisted direction finding, Walsh sequences.

I. INTRODUCTION
Accurate angle-of-arrival (AoA) estimation underpins
numerous emerging services in wearable technology, from
advanced healthcare monitoring and sports performance

The associate editor coordinating the review of this manuscript and

approving it for publication was Yi Ren .

analytics to safety, navigation, and security applications.
For instance, precise AoA measurements can enhance
indoor navigation in hospitals, assist in athlete tracking
for training optimisation, or guide emergency responders
in locating victims within cluttered indoor environments.
As wearable devices proliferate daily, these systems must
operate robustly in dynamic multipath conditions where
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multipath fading, noise, and non-line-of-sight (NLOS) paths
introduce significant challenges.

Current approaches often struggle in low signal-to-noise
ratio (SNR) regimes and complex Rician channel conditions,
limiting the achievable localisation accuracy. Conventional
orthogonal frequency division multiplexing (OFDM)-based
solutions, while effective for data transmission, may fail to
maintain stable phase references critical for AoA tasks. This
creates a clear research gap: a dedicated AoA-oriented tech-
nique that can reliably extract coherent angular information
even when pilot counts are limited and frequency offsets are
non-negligible.

The proposed technique addresses this gap by integrating
pilot-assisted OFDM, pseudo-random permutations, and
Walsh sequences to refine phase references and leverage
controlled pilot distributions. This AoA-centric strategy
focuses on angle accuracy over general link metrics, enabling
improved positioning capabilities for next-generation wear-
able communication systems. The practical necessity of a
robust AoA estimation method is underscored by previous
studies that highlight its crucial role in healthcare [1], indoor
navigation [2], [3], and IoT/wearable networks [4].

This research introduces a tailored AoA estimation
method that integrates pilot signals, pseudo-random permu-
tations, and Walsh sequences within an OFDM framework.
By emphasising AoA accuracy, the technique refines phase
references and leverages controlled pilot distributions to
minimise angle errors. The result is a robust and flexible AoA
estimation strategy that significantly enhances directional
precision in wearable scenarios, enabling improved position-
ing capabilities for next-generation wearable communication
systems.

Accurate positioning is essential in numerous wearable-
device applications, necessitating the development of effec-
tive techniques for extracting directional information [1], [3].
Because antenna arrays and space-modulation approaches
enhance the ability to discriminate incoming signals’ direc-
tions, AoA estimation remains among the most promising
solutions to improve localisation accuracy in body-centric
or wearable scenarios. However, body movements, multipath
fading, and low-SNR conditions introduce significant chal-
lenges [5], [6], [7], [8], [9]. Wearable nodes often transmit at
reduced power levels to conserve energy, resulting in an SNR
of less than 0 dB [10]. Partial or complete signal obstruction
by the human body further adds absorption and scattering
effects, degrading the received signal’s quality [5].

To address these constraints, a variety of robust algo-
rithms have emerged, including subspace-based methods like
MUSIC/ESPRIT and machine-learning estimators, aiming to
preserve reliable performance both in controlled tests [11],
[12], [13], [14] and real-world setups [15], [16]. Collectively,
such works confirm that wearable and body-centric devices
must adopt specialised AoA estimation techniques that han-
dle negative-SNR, body-induced attenuation, and frequent
motion.

In OFDM systems, pilot assistance has proven indis-
pensable for mitigating frequency selectivity, especially
when subcarriers undergo deep fades [14], [15], [16], [17].
A series of studies highlights optimised pilot-symbol design
or preamble-based approaches that minimise mean-squared
error in channel estimation [18], [19]. For instance, pilot
signals can be allocated strategically in systems with null
subcarriers to counteract channel nulls, ensuring robust
channel recovery under multipath [18]. Moreover, adaptive
interpolation methods enhance coherent detection when
facing doubly selective Rayleigh fading, underlining that
properly chosen pilot patterns significantly boost signal
integrity [18].

This aligns with earlier work suggesting that pilot
recruitment strategies can reduce angular error and reinforce
reliability in wearable wireless systems [20], [21]. Pilot-aided
OFDM remains a key challenge in high-mobility scenarios
where time and frequency selectivity intersect, yet such
pilot-based solutions strongly enhance channel estimation,
data fidelity, and, ultimately, AoA performance.

Accurate channel modelling is essential for capturing
the interplay of direct paths and scattered reflections in
wearable systems. Rician fading is widely deemed the best
fit in these contexts due to partial line-of-sight dominance
plus weaker diffuse scattering [5], [15], [22], [23], [24].
Multipath-rich indoor settings, such as clinics or gyms,
add further complexity, with signals bouncing off reflective
surfaces [25]. Past research also emphasises the importance
of subspace-based methods adapted to wideband or ultra-
wideband signals [26], in conjunction with Rician modelling,
for effective direction-finding. Consequently, thorough chan-
nel analysis, covering both direct and scattered components,
proves critical in designing wearable antenna layouts and
AoA signal-processing methods [15], [23].
Although this study primarily focuses on OFDM, related

works often target Orthogonal Frequency-Division Multiple
Access (OFDMA) due to its wide adoption in modern
communication systems. However, the proposed study
demonstrates the potential for adaptation to both OFDM
and OFDMA environments. In both cases, frequency-offset
estimation remains a major concern for subcarrier orthogo-
nality, as even small offsets can significantly degrade system
performance. Existing literature derivesmaximum-likelihood
Carrier Frequency Offset (CFO) estimators that incorporate
pilot signals for reliable synchronisation [27], [28]. Even
modest offsets can degrade the received signal’s phase
continuity, thus confounding AoA measurements. Further
investigations show how offset errors in channel-sounding
or MIMO systems bias AoA estimation, underlining the
necessity of precise CFO correction [29], [30].

By merging contributions and findings, the paper offers
a comprehensive overview of an innovative AoA estimation
method to enhance wearable communication systems in
noisy, multipath-rich scenarios. The paper is organised as
follows: Section II introduces the underlying principles;
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TABLE 1. Global notation used throughout the paper (unified).

Section III describes the methodology and simulation frame-
work; Section IV presents the results and technical analysis,
including dedicated validation in ultra-densemultipath condi-
tions and an evaluation of an AI-enhanced correction model;
and Section V discusses the findings, summarises the key
results, highlights limitations, and suggests future research.

II. THEORETICAL BACKGROUND AND CONCEPTUAL
FRAMEWORK
Wearable devices increasingly operate in dynamic, multipath-
rich, and low-SNR environments where traditional Angle-
of-Arrival (AoA) estimation methods fail to deliver the
required accuracy. Challenges such as frequency offsets,
multipath fading, channel distortions, and dynamic user
motion significantly hinder the extraction of stable phase
information, especially in low-power, bandwidth-constrained
systems. These limitations are particularly acute in wearable
technologies, where precise localisation is essential for
applications such as healthcare monitoring, fitness tracking,
and emergency response [1], [2].

Conventional Orthogonal Frequency Division Multiplex-
ing (OFDM)-based solutions, while effective for data
transmission, often fail to meet the demands of accurate
AoA estimation. Inter-carrier interference, high peak-to-
average power ratios, and frequency synchronisation issues
degrade angular precision [3], [4]. Furthermore, such solu-
tions frequently focus on general link metrics rather than
angular accuracy, making them suboptimal for scenarios
where directional precision is critical, such as body-centric
communications and wearable networks [5].
To address these challenges, this work introduces a novel

AoA estimation framework tailored for wearable devices
operating in Rician fading channels. The proposed method
integrates:

• Pilot-assisted OFDM configurations to enhance phase
coherence and spatial resolution.

• Walsh sequences and pseudo-random permutations
to optimise coding schemes, ensuring stable phase
relationships under multipath conditions.

• Direction-finding-centric metrics that prioritise angu-
lar precision over general transmission performance.

These elements collectively enable reliable AoA estimation
in scenarios characterised by negative SNR values, con-
strained pilot resources, and high-frequency offsets.

The motivation for prioritising AoA estimation stems from
the growing reliance onwearable technologies in applications
requiring precise direction-finding capabilities. For instance,
healthcare systems depend on accurate localisation for
patient monitoring and asset tracking in hospitals, while
security wearables facilitate the real-time positioning of
emergency responders in complex indoor environments [6],
[7]. Moreover, AoA estimation plays a pivotal role in the
broader context of the Internet of Wearable Devices (IoWD),
a critical subset of the Internet of Everything (IoET), where
device coordination, interference management, and spatial
awareness are indispensable [8].
Unlike conventional solutions that assume stable propa-

gation conditions and high power levels, this framework is
designed specifically for wearable scenarios, where body-
induced attenuation, dynamic motion, and multipath propa-
gation dominate. By leveraging robust pilot configurations
and coding techniques, the proposed approach achieves
sub-degree AoA accuracy at moderate-to-high SNR while
remaining robust at low SNR (e.g., RMS ≈ 1.5◦ at −38 dB).
In summary, this research advances AoA estimation by:

• Overcoming the limitations of conventional OFDM sys-
tems through direction-finding-centric designs, lever-
aging pilot configurations and Walsh sequences for
enhanced precision.

• Achieving robust angular precision in wearable and
body-centric communications, with demonstrated per-
formance in low-SNR environments.

• Highlighting potential applicability across diverse use
cases, including healthcare asset tracking, fitness nav-
igation, and emergency response.

Through these contributions, this work establishes a new
benchmark for integrating reliable AoA estimation into
wearable technologies, enhancing both individual device
functionality and the broader ecosystem of body-centric
communication systems.

III. METHODOLOGY AND SIMULATION FRAMEWORK
This section details the proposed pilot-assisted AoA estima-
tion framework, beginning with an overview of the OFDM
signal model and concluding with the statistical validation
approach. The methodology is designed to achieve robust
performance in low-SNR, Rician fading environments typical
of wearable device operation. While our framework is
fundamentally pilot-assisted, it leverages spatial covariance
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processing techniques, conceptually related to subspace
methods, to achieve its high resolution without requiring a
full eigendecomposition.

A. SYSTEM MODEL AND PARAMETERS
The proposed Angle-of-Arrival (AoA) estimation frame-
work is designed to address the challenges of wearable
communication systems, including limited power, restricted
bandwidth, and dynamic multipath fading. This section
outlines the system model, key parameters, and simulation
setup, ensuring a balance between spectral efficiency and
AoA resolution.

1) SYSTEM OVERVIEW
The framework is based on an Orthogonal Frequency
Division Multiplexing (OFDM) transmission scheme, which
is well-suited for high-data-rate communication in mul-
tipath environments. An antenna array with a carefully
designed geometry is employed to achieve high spatial
resolution for AoA estimation. A Rician fading channel
model is utilised to emulate realistic wearable scenar-
ios, where a dominant Line-of-Sight (LOS) path coex-
ists with scattered Non-Line-of-Sight (NLOS) components.
The simulation framework is divided into five main
stages:

1) Parameter Configuration: Define key system
parameters and simulation settings.

2) Antenna Array Design: Configure the antenna array
geometry for optimal spatial resolution.

3) Channel Simulation:Model the Rician fading channel
with realistic multipath effects.

4) Frequency Offset Correction: Estimate and correct
frequency offsets to maintain phase coherence.

5) AoA Extraction: Extract the angle of arrival from the
processed channel response.

The workflow, summarised in Figure 1, is struc-
tured into these five distinct stages. The following
sections detail the signal representation and processing
steps.

a: OFDM BASEBAND SIGNAL REPRESENTATION
Since we employ an N -subcarrier OFDM scheme, the
time-domain baseband signal for a single OFDM symbol can
be represented as:

s(n) =
1

√
N

N−1∑
k=0

X (k) exp
(
j 2π

k
N
n
)
, n = 0, . . . ,N − 1,

(1)

where X (k) is the frequency-domain symbol (pilot or
data) mapped onto the k-th subcarrier, and j =

√
−1.

The factor 1/
√
N ensures normalisation. In subsequent

sections, we detail how pilot subcarriers and geometric
considerations enable robust AoA estimation under Rician
fading conditions [31].

FIGURE 1. Simplified simulation flow summarising the critical steps
involved in AoA estimation.

b: IFFT AT THE TRANSMITTER
For clarity, the OFDM generation at the transmitter can also
be described by the inverse Fourier transform:

x(n)=
1

√
N

N−1∑
k=0

X (k) exp
(
j
2π
N

k n
)
, n=0, 1, . . . ,N − 1,

(2)

which is mathematically equivalent to (1). Here, x(n) is
the discrete-time waveform of the N -sample OFDM symbol
before adding the cyclic prefix.

2) KEY PARAMETERS
The system’s performance is governed by several critical
parameters, carefully selected to balance spectral effi-
ciency, AoA resolution, and computational complexity. These
parameters include:

• Carrier Frequency (f ): 400MHz, chosen to achieve
a wavelength (λ) of approximately 0.7495m, enabling
antenna elements to be spaced at λ/2 intervals to
mitigate spatial aliasing.

• Bandwidth (B): 5MHz, selected to provide sufficient
spectral resources for accurate channel estimation while
maintaining low power consumption.

• FFT Length (N ): Determines the number of subcar-
riers, impacting the system’s spectral efficiency and
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resolution. The subcarrier spacing is

1f =
B
N

,

which in turn sets the OFDM symbol duration

TOFDM =
1

1f
=
N
B

.

• Cyclic Prefix (CP) Duration: Chosen to mitigate
inter-symbol interference (ISI) caused by multipath
propagation. Typically,

TCP ≥ τmax,

where τmax is the maximum excess delay (or ‘‘tap
length’’) expected in the channel.

• Tap Length: Set to 64, representing the length of the
channel impulse response in the time domain.

The relationship between these parameters is critical for
achieving high-resolution AoA estimation. For example, the
wavelength λ is calculated as

λ =
c
f

=
2.998 × 108

400 × 106
= 0.7495metres,

where c is the speed of light. This wavelength allows antenna
elements to be spaced at λ/2 ≈ 0.37475metres, ensuring
distinct phase observations for accurate AoA estimation.
Meanwhile, the chosen FFT length N and bandwidth B set
the subcarrier spacing 1f , which influences the available
resolution in both frequency and time domains, directly
affecting channel estimation accuracy and, ultimately, AoA
precision.

3) SIMULATION SETUP
The simulation framework is organized into a modular
architecture, with each module focusing on a specific aspect
of the AoA estimation process. This structured approach
ensures clarity, scalability, and reproducibility, enabling
the simulation to accurately emulate real-world wearable
communication scenarios. The simulation begins with the
generation of input data symbols and pilot patterns, which
are configured according to the chosen OFDM parameters.
Pilot signals are strategically inserted using pseudo-random
permutations and Walsh sequences to establish stable phase
references and facilitate precise channel estimation.

Once the OFDM frames are generated, the simulation
introduces the Rician fading channel, which is parametrised
with specific Line-of-Sight (LOS) angles, K-factors, and
scattering distributions to emulate realistic multipath environ-
ments. Noise and frequency offsets, representing hardware
imperfections and Doppler shifts caused by user mobility,
are added to simulate the challenging conditions typical
of wearable communication systems. The simulation then
proceeds to frequency-offset estimation and compensation,
followed by channel estimation and AoA extraction.

FIGURE 2. Detailed simulation pipeline illustrating the five main stages
of AoA estimation.

4) SIMULATION FLOW
The simplified flowchart introduced earlier (Figure 1)
provided an initial overview. In contrast, the detailed pipeline
shown in Figure 2 visually represents the five main stages
of the simulation flow, providing a concise snapshot of the
core processes involved. The focus here is on the more
comprehensive breakdown of each stage:

• Define Simulation Parameters: Key parameters such
as FFT length, bandwidth, and carrier frequency are
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TABLE 2. Simulation parameters used for AoA estimation.

configured to balance spectral efficiency with AoA
accuracy.

• Antenna Array Design: The array configuration,
including element spacing and geometry, is optimized
to mitigate spatial aliasing and enhance resolution.

• Channel Simulation: The Rician fading model is
employed to emulate realistic multipath environments,
ensuring robustness in wearable scenarios.

• Frequency Offset Correction: Integer and fractional
offsets are estimated and corrected to ensure stability in
AoA estimation.

• AoA Extraction: The processed channel response is
used to estimate the AoA through established algo-
rithms, providing accurate results under various signal
and noise conditions.

5) PARAMETER SUMMARY
Table 1 summarizes the key simulation parameters and
their values, providing a concise reference for the system’s
configuration.

These parameters enable spatial sampling by spacing
antenna elements at approximately λ/2, mitigating spatial
aliasing and preserving angular information critical for
accurate AoA estimation. By balancing these parameters,
the simulation ensures spectral efficiency while maintaining
high-resolution AoA capabilities, even under wearable-
specific constraints.

B. ANTENNA ARRAY CONFIGURATION
Accurate AoA estimation relies on the spatial sampling of
incoming wavefronts by an antenna array. The simulation
defines a specific geometry, typically comprising a small
set of elements spaced at approximately λ/2. This spacing
ensures sufficient angular resolution and avoids spatial
aliasing, which is critical for accurate angle extraction [32].

These coordinates are integrated into the channel mod-
elling process, ensuring that each antenna element receives
unique phase and amplitude profiles. This approach preserves
the angular information embedded in the channel and allows
precise AoA estimation. By establishing the antenna layout
early on, the framework guarantees that all frequency-domain
processing and time-domain transformations encode the
necessary spatial information effectively.

The array response vector a(ϕ) describes the phase
relationships for a narrowband plane wave impinging from

FIGURE 3. Uniform linear array (ULA) with M = 8 elements and
inter-element spacing d = λ/2 = 0.37475 m at fc = 400 MHz; illustrated
arrival azimuth ϕ = 30◦. Baseline results use CM: off (see Sec. III-B-I).
(Scope note.) For on-body prototypes, physical aperture scales with d/λ;
at higher fc (e.g., 2.4 GHz) the same M and d/λ imply an ≈ 6× smaller
aperture.

azimuth ϕ. We assume a ULA oriented along the x-axis with
element positions rm = ((m− 1)d, 0, 0)⊤, m = 1, . . . ,M .
Notation: We use the unit direction vector k̂ =

[cosϕ, sinϕ, 0]⊤ and write the m-th element response as

am(ϕ) = exp
(
j
2π
λ

k̂⊤rm
)
,

so the factor 2π/λ appears exactly once [33]. The full
response vector is

a(ϕ) =
[
e j

2π
λ k̂⊤r1 , e j

2π
λ k̂⊤r2 , . . . , e j

2π
λ k̂⊤rM

]⊤
, (3)

with d = λ/2 the inter-element spacing. Under this
convention, k̂⊤rm = (m − 1) d cosϕ in 2D azimuth,
consistent with standard array processing texts [32].

Figure 3 illustrates the geometry of the antenna array and
its role in AoA extraction, highlighting the placement of
elements and their contributions to the spatial resolution. The
illustration also demonstrates how each element contributes
to capturing phase differences across the array, which are
fundamental for accurate AoA estimation.

To further enhance AoA accuracy, pilot signals are
strategically employed to estimate initial AoA and channel
gain information. These pilots leverage Discrete Fourier
Transform (DFT) techniques and optimized pilot design
to refine the channel estimates and maintain stable phase
references [15]. This synergy between the antenna array
design and pilot-assisted channel estimation mitigates errors
caused by noise and multipath effects, ensuring stable and
reliable AoA extraction under diverse channel conditions.

1) MUTUAL COUPLING EFFECTS
In a practical antenna array, the voltage at each element can
be influenced by currents flowing in all elements, leading
to mutual coupling. If Im denotes the current in the m-th
element, the induced voltage Vk at element k can be modelled
as in [34]:

Vk = I1 Z1
k + I2 Z2

k + · · · + IM ZMk , (4)

197386 VOLUME 13, 2025



A. Aldelemy et al.: AI-Enhanced Pilot-Assisted AoA Estimation for Wearable Devices

where Zmk is the mutual impedance between elements m and
k . These impedances can be arranged into a receiving mutual
impedance matrix CM (or its variant), whose form depends
on specific antenna geometry and coupling coefficients.
Decoupling the Measured Voltages: Once the mutual

impedance matrix is known, one can decouple the measured
signals by inverting this matrix. For instance, if xC (t) is the
vector of coupled voltages measured at all elements, then the
uncoupled voltages x(t) can be obtained by:

x(t) = C−1
M xC (t). (5)

This step ensures that subsequent channel estimation and
AoA processing reflect each element’s true response with
reduced interference from neighboring elements. While
mutual coupling may be negligible for widely spaced
(λ/2) arrays in certain scenarios, including this model
can significantly improve accuracy in denser or multi-band
configurations.

a: SCOPE NOTE (MUTUAL COUPLING)
Unless explicitly flagged otherwise, baseline results in
Section IV use ideal (uncoupled) array responses; the
coupling model in (4)–(5) is reserved for a sensitivity check.
Captions are prefixed with ‘‘CM: off/on/on+decouple’’
accordingly.

C. PILOT SIGNAL INSERTION AND CODING SCHEMES
Pilot-assisted OFDM (Orthogonal Frequency-Division Mul-
tiplexing) frames are fundamental to reliable channel esti-
mation and frequency-offset correction. In this methodology,
pilot symbols are strategically inserted at predefined sub-
carriers, serving as reference points to characterise the
channel and correct timing and frequency offsets. These
pilot signals are crucial for preserving phase coherence,
reducing inter-carrier interference, and maintaining sta-
ble angular information, especially in challenging signal
environments.

1) ROLE OF PILOT SIGNALS IN AoA ESTIMATION
Pilot signals play a pivotal role in Angle-of-Arrival (AoA)
estimation by providing reference points for accurate channel
response reconstruction. By leveraging coding schemes
such as pseudo-random permutations and Walsh sequences,
the framework ensures coherent phase relationships and
enhances spatial resolution, which are essential for precise
AoA extraction.

2) TRANSMISSION SETUP AND PILOT INSERTION
Each OFDM frame is designed with pilot symbols embedded
at specific subcarriers. These symbols are carefully chosen
to maintain the integrity of phase information, even in
environments characterised by noise and multipath fading.
The pilot insertion process aligns with predefined parameters,
including FFT length, CP duration, and carrier frequency,
ensuring compatibility with AoA estimation requirements.

a: MATHEMATICAL MODEL (TIMING-ONLY)
We model residual sample timing but not CFO at this stage;
CFO is handled later by the integer-CFO shift and the per-
symbol CPE removal steps. The frequency–domain pilot
observation at antenna m and subcarrier k is

Ym[k] = Hm[k]Xp[k] e j
2πk
N 1n

+ Nm[k], (6)

with residual timing offset 1n (samples). Since Fs = N1f ,
ej2πk1f (1n/Fs) = ej2πk1n/N .

b: RESIDUAL TIMING (PHASE TILT)
After forming the pilot-based estimate Ĥm[k, s], a leftover
sample offset 1n appears as a linear phase vs. subcarrier:

Ĥ (timing)
m [k, s] = Ĥm[k, s] e j

2πk
N 1n . (7)

Notes: (i) integer CFO is an index shift (Eq. (13));
(ii) fractional CFO ⇒ per-symbol CPE (see Fractional-CFO
as per-symbol CPE and CPE removal after pilot division);
(iii) linear phase in k is timing, as in (7).

c: PILOT SYMBOL FORMATION WITH CODING
For each pilot subcarrier k ∈ P , the coded pilot symbol Xp(k)
can be expressed as:

Xp(k) = α · Cσ (k), (8)

where α is a constant pilot amplitude, and Cσ (k) represents
the coding function applied to subcarrier k . In the case of:

• Pseudo-Random Permutations: Cσ (k) is a permuted
sequence of pilot phases/symbols ensuring robust
energy distribution.

• Walsh Sequences: Cσ (k) is taken from a row (or
column) of a Walsh–Hadamard matrix to maintain
orthogonality across subcarriers.

This coded pilot approach helps reduce peak-to-average
power ratio (PAPR) and preserve phase coherence, ultimately
enhancing channel estimation and subsequent AoA extraction
under severe fading or frequency offsets.

3) CHANNEL ESTIMATION AND PHASE ALIGNMENT
Accurate channel estimation is a cornerstone of AoA
determination, particularly in multipath-rich environments.
After frequency-offset correction, the process leverages the
known pilot symbols {Xp(k)} embedded within the OFDM
frame to reconstruct the channel response.

a: BASIC CHANNEL ESTIMATE
A straightforward pilot-based estimate for the channel on
subcarrier k is obtained by [35]:

Ĥ (k) =
Y ′(k)
Xp(k)

, (9)

where Y ′(k) is the received symbol on subcarrier k after
offset correction and noise addition. This provides a first-pass
estimate of the channel’s amplitude and phase. Additional
refinements, such as filtering or phase tracking, can be
applied to reduce estimation noise.

VOLUME 13, 2025 197387



A. Aldelemy et al.: AI-Enhanced Pilot-Assisted AoA Estimation for Wearable Devices

b: PHASE ALIGNMENT WITH TIMING OFFSETS
In many implementations, an extra phase correction term is
also included. For example [35],

Ĥm(k) =
Ym(k)
Xp(k)

exp
(
− j 2π

(
k 1f

)
1̂t

)
, (10)

where 1̂t represents any residual timing or fractional offset
estimate. This extra exponential compensates for phase
rotation across subcarriers, ensuring consistent alignment
when reconstructing the channel impulse response.

By leveraging pilot-based division and phase alignment
across all subcarriers, the framework enhancesAoA accuracy,
even under high noise levels and multipath fading. This
step is integral to robust signal analysis and lays the
foundation for precise spatial resolution—any uncorrected
phase misalignment can degrade performance significantly.

4) CODING SCHEMES FOR ENHANCED COHERENCE
To further enhance phase coherence and reduce high peak-to-
average power ratios (PAPR), the proposed system employs
coding schemes such as:

• Pseudo-RandomPermutations: Ensure robust channel
estimation under varying multipath conditions.

• Walsh Sequences: Maintain orthogonal phase relation-
ships across subcarriers.

These schemes help stabilise angular information and miti-
gate errors caused by noise and frequency offsets. A more
detailed investigation of how these coding schemes influence
angular accuracy is presented in Section IV, where their
performance is evaluated under varying SNR levels. It
should be noted, however, that any fixed pilot design may
be susceptible to spoofing attacks; these critical security
considerations are addressed in detail in Section V-G.

5) ENSURING RELIABLE AoA ESTIMATION
By embedding pilot signals strategically and leveraging
advanced coding schemes, this approach retains coherent
phase information necessary for robust AoA estimation.
Each OFDM frame is designed to ensure that when the
channel response is transformed into the time domain, the
resulting impulse responses contain directional cues pivotal
for AoA estimation. This structured design supports reliable
AoA extraction even in noise-afflicted and multipath-rich
environments.

D. RICIAN CHANNEL MODELLING AND
FREQUENCY-OFFSET CONDITIONS
The Rician fading channel model is employed to emulate
realistic wearable device environments, incorporating both
Line-of-Sight (LOS) and Non-Line-of-Sight (NLOS) paths.
This model captures the key multipath propagation effects,
including angle spreads, propagation delays, and Doppler
shifts. The Rician K -factor and power delay profile are
carefully parameterised to reflect target scenarios. Once the
OFDM frames traverse the modelled channel, frequency

offsets are introduced to simulate hardware imperfections,
such as oscillator inaccuracies, and dynamic Doppler shifts
caused by user mobility. These simulation steps are vital to
ensuring that the frequency-offset estimation and correction
procedures reflect practical challenges encountered in wear-
able communication systems.

At the core of this simulation lies the Rician channelmodel,
which resolves both a dominant LOS path and multiple
scattered NLOS components [36]. This model is particularly
critical for wearable environments, where users navigate
multipath-rich spaces, such as indoor corridors or urban
outdoor areas. The Rician K -factor quantifies the dominance
of the LOS path relative to the scattered components, directly
influencing the system’s ability to resolve AoA.

The severity of the fading is characterised by the Rician
K-factor, which is the ratio of the power in the direct line-
of-sight (LOS) component to the power in the scattered, non-
line-of-sight (NLOS) components. It is defined as [37]:

K =
PLOS
PNLOS

(11)

A high K-factor indicates a stronger LOS component
and less severe fading, approaching an AWGN channel as
K → ∞, whereas K = 0 corresponds to a Rayleigh fading
channel with no dominant path. To explicitly validate the
framework’s robustness in such challenging environments,
dedicated simulations were conducted for low K-factor
values (K < 3 dB), with the results presented and analysed
in Section IV-K.

1) MATHEMATICAL REPRESENTATION OF THE CHANNEL
RESPONSE
Consider a planar receiver antenna array with M elements,
where the position of them-th element is represented by rm ∈

R2. The channel response at the m-th antenna is expressed as
a superposition of a dominant LOS component and multiple
NLOS components [36]:

hm(t) =

√
K

K + 1
αLOS exp

(
j
2π
λ

kTLOS rm

)
× exp

(
− j 2π fc τLOS

)
+

√
1

K + 1

L∑
ℓ=1

αℓ exp
(
j
2π
λ

kTℓ rm

)
× exp

(
− j 2π fc τℓ

)
, (12)

where
• K is the Rician K -factor indicating the ratio of the
LOS component strength to the sum of the NLOS
components.

• αLOS and αℓ are the complex amplitudes (including
magnitude and phase) for the LOS and ℓ-th NLOS path,
respectively.

• kLOS and kℓ are the wave vectors corresponding to the
LOS and NLOS paths. These typically depend on the
angle of arrival (AoA).
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• rm denotes the position vector of the m-th antenna
element.

• λ = c/fc is the wavelength, with c being the speed of
light and fc the carrier frequency.

• τLOS and τℓ represent the propagation delays of the LOS
and NLOS paths, respectively.

2) FREQUENCY OFFSETS IN THE SIMULATION
To emulate real-world wearable communication conditions,
frequency offsets are introduced into the Rician channel
model. These offsets represent hardware imperfections, such
as oscillator inaccuracies, and user mobility effects, such
as Doppler shifts. Both integer and fractional offsets are
parametrised to reflect practical distortions that disrupt phase
coherence.

a: TIME-DOMAIN VS. FREQUENCY-DOMAIN OFFSET
APPLICATION
Frequency offsets can be applied in either the frequency
domain or the time domain:

• Frequency-Domain Approach:
CFO handling after the timing-only model.

Y (0)
m [k, s] = Ym

[
((k + µ̂) mod N ), s

]
, (13)

Fractional CFO appears as a per-symbol common phase
error (CPE); the phase term is given below.

Y (1)
m [k, s] ≈ ejφs Y (0)

m [k, s] + ICI,

φs = 2π (ϵ − ϵ̂)
N + NCP

N
s . (14)

Note: a linear phase ramp across k arises from residual
timing 1n (see the timing-only model), not CFO.

• Time-Domain Approach: Each sample is multiplied by
a complex exponential carrying the offset:

rxSignalShifted(n) = rxSignal(n) exp
(
j 2π 1f n Ts

)
,

(15)

where Ts is the sampling period and 1f may again
include integer (µ) and fractional (ϵ) parts.

These two formulations are equivalent in principle but
differ in where the offset is introduced (time domain vs.
subcarrier domain). In either case, the key effect is a phase
rotation that can misalign the received signal and degrade
Angle-of-Arrival (AoA) accuracy if not corrected.

b: DOPPLER SHIFT AND USER VELOCITY
When a user moves at speed v, the maximum Doppler shift
fD at carrier frequency fc can be approximated by:

fD =
v
c
fc, (16)

where c is the speed of light. These Doppler-induced
frequency offsets can be further broken into fractional and
integer parts (ϵ and µ), providing a practical basis for testing
correction methods under wearable mobility.

The introduction of frequency offsets serves two main
purposes:

• Realistic Simulation: Ensures the channel model
captures challenges typical of wearable environments,
where offsets arise frommotion or hardware limitations.

• Validation Framework: Facilitates testing the effec-
tiveness of frequency-offset compensation techniques,
as detailed in Section IV.
Remark: We distinguish oscillator-induced carrier-
frequency offset (CFO) from Doppler shifts due to
mobility; both are parameterised explicitly in the
preceding equations, and the subsequent correction step
is referenced to the same notation to prevent ambiguity.

3) APPLYING CFO/TIMING IN THE SIMULATION CHAIN
Scope: how integer CFO, fractional CFO (as symbol-wise
CPE), and residual timing (linear phase in k) are injected in
the simulator.
We inject frequency impairments as follows: (i) integer
CFO as a circular subcarrier index shift, (ii) fractional
CFO as a per-symbol common phase error (CPE), and (iii)
residual timing as a linear phase vs. k . See Eqs. (13)–(14)
and (7).

4) PRACTICAL RELEVANCE
The Rician channel model is particularly relevant for
wearable devices deployed in complex environments, where
multipath effects and frequency offsets play a significant role
in signal propagation. The following scenarios highlight its
practical relevance:

• Indoor Navigation Systems: Where multipath effects
dominate due to reflections from walls and furniture,
making AoA estimation challenging.

• Dense Outdoor Environments: Such as urban areas
with high levels of signal scattering caused by buildings,
vehicles, and pedestrians.

• Body-Centric Communications: Where signals inter-
act with the human body, introducing absorption and
reflection effects that add complexity to the channel
model.

This model provides a robust framework for simulating
realistic scenarios and testing the efficacy of AoA estimation
techniques under challenging conditions.

5) OFDM CHANNEL MODEL
a: MULTIPATH IMPULSE RESPONSE
We model the channel as a sum of n multipath components:

h(t) =

n∑
k=1

bk e jφk δ
(
t − τk

)
, (17)

where bk and φk represent the amplitude and phase of the k-
th path, and τk is the propagation delay. This forms the basis
of our Rician fading model when one path is dominant (LOS)
and others are scattered (NLOS).
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b: SUBCARRIER FREQUENCIES AND SAMPLING
Let N be even and set 1f = B/N . Define the symmetric
baseband index set

K =
{
−
N
2 , −

N
2 + 1, . . . , −1, 0, 1, . . . , N

2 − 1
}
, (18)

with subcarrier frequencies fk = k1f (k ∈ K). The OFDM
symbol is

x[n] =
1

√
N

∑
k∈Kused

X [k] ej
2πkn
N , n = 0, . . . ,N − 1.

(19)

Implementation note: In passband f RFk = fc + fk ; map
symmetric k to array indices via κ = (k + N ) mod N .

c: IFFT AND TIME-DOMAIN RECONSTRUCTION
After mapping subcarrier symbols S0(ω) through the channel
Hm(ω) (or directly applying U (2π fi) in discrete form), the
time-domain signal is generated by:

xm(t) = IFFT
{
S0(ω)Hm(ω)

}
+ n(t), (20)

where n(t) denotes any added noise term. In practice, the
OFDM symbol is often formed by inverse FFT on the N
subcarrier values (equally spaced frequencies), then cyclic
prefix is appended to avoid intersymbol interference.

E. FREQUENCY-OFFSET INTRODUCTION AND NOISE
INSERTION
Accurate Angle-of-Arrival (AoA) estimation in wearable
systems requires robustness against frequency offsets and
noise introduced by hardware imperfections and Doppler
shifts caused by user motion. These disruptions degrade
phase coherence, making precise AoA estimation a sig-
nificant challenge in dynamic environments. To address
this, the proposed system emulates real-world conditions by
introducing integer and fractional frequency offsets, along
with additive white Gaussian noise (AWGN). This setup
ensures the simulation framework replicates harsh, low-
SNR scenarios, testing the robustness of frequency-offset
correction techniques.

The framework integrates advanced offset estima-
tion and correction routines to mitigate these effects,
ensuring reliable phase alignment even under extreme
noise conditions. The importance of these corrections
becomes evident in Section IV, where the effectiveness
of the methodology is evaluated through angular error
improvements.

1) AWGN INJECTION AND SNR
To simulate practical noise levels, a complex Gaussian noise
term nm(k) ∼ CN (0, σ 2) is added to the offset-distorted
signal Y ′

m(k). Specifically,

Y ′′
m(k) = Y ′

m(k) + nm(k), (21)

where the noise can be scaled to achieve the desired
signal-to-noise ratio (SNR).

a: RELATING SNR (IN dB) TO NOISE VARIANCE
If the target SNR is given in decibels (SNRdB), it can be
converted to a linear scale as:

SNRlinear = 10
SNRdB

10 , (22)

and the noise scaling factor σ is typically chosen according
to:

σ =
1

√
2 SNRlinear

, (23)

ensuring that the effective power of σ nm(k) matches the
desired SNR.

The noisy received signal, which is analogous to
rxSignalNoisy in the reference code, is therefore:

rxSignalNoisy = rxSignal + σ ngauss, (24)

where ngauss ∼ CN (0, 1). Note that different normalisation
conventions may shift the exact definition of σ by a constant
factor, but the principle remains the same.

By injecting noise in thismanner, our simulation accurately
reflects the impact of low SNR conditions on the OFDM
signal. The framework then applies frequency-offset esti-
mation and correction, followed by channel estimation and
AoA extraction. This process ensures that the methodology
remains robust, even in challenging signal environments
where noise and multipath co-occur.

2) EXTENDED NOISE MODELING: NON-GAUSSIAN
DISTRIBUTIONS
While the default configuration relies on additive white
Gaussian noise (AWGN), wearable systems may experience
heavier-tailed or impulsive distributions (e.g., mixture mod-
els, Laplacian noise, or Rician + Gaussian components).
To capture such scenarios, we define a general mixed PDF
for the noise term nm(k):

fn(x) =

J∑
j=1

αj gj(x), (25)

where each gj(x) is a (possibly) distinct distribution (e.g.,
Cauchy, Laplace, or a specialized real/imag part PDF), and αj

are the mixing weights satisfying
∑J

j=1 αj = 1. This mixture
approach enables us to simulate a variety of non-Gaussian
conditions by choosing appropriate component PDFs gj(·).

a: NOISE SCALING AND SNR IN THE NON-GAUSSIAN CASE
Similar to the AWGN case, we can target a specific
SNR by adjusting the overall noise variance or power of
the mixture distribution. However, due to heavier tails or
impulsive components, some metrics (e.g., RMS power) may
not fully capture the distribution’s impact on performance.
In practice, we scale nm(k) so that its second moment (or an
alternative measure like median absolute deviation) matches
a target SNR level. This ensures that even with non-Gaussian
features, the noise remains comparable in total power to the
AWGN baseline.
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By incorporating such a non-Gaussian model, our frame-
work can assess the robustness of frequency-offset correction
and AoA extraction methods under more extreme or
impulsive noise conditions typical of certain wearable and
body-centric scenarios.

SNR = 10 log10
(
Psignal

σ 2

)
. (26)

This ensures that varying the SNR directly scales the
noise power, replicating real-world low-SNR and multipath
conditions common in wearable communications.

3) CORRECTING CFO/TIMING IN THE RECEIVER
Scope: receiver-side steps: integer-CFO circular shift, per-
symbol CPE removal ((27)), and handling of residual timing
tilt across k .

In the time domain, residual CFO is removed via ycorr[n] =

y[n] exp
(

− j 2π 1̂f n Ts
)
, which is consistent with the

per-symbol CPE removal below.

Y corr
m [k, s] = e−jφs Y ′′

m[k, s],

φs = 2π (ϵ − ϵ̂)
N + NCP

N
s. (27)

Note: A residual timing offset produces a linear phase
tilt ej(2πk/N )1n across subcarriers, whereas residual fractional
CFO appears primarily as a per-symbol CPE φs and is
removed by (27).

F. CHANNEL EQUALISATION
Channel equalisation plays a crucial role in ensuring reliable
AoA estimation, particularly in multipath-rich environments.
After frequency-offset correction, the system reconstructs
the channel’s frequency response by leveraging known pilot
symbols and coding sequences. This reconstruction ensures
that the amplitude and phase closely match the original
transmitted conditions, preserving angular signatures for
accurate AoA determination.

The proposed framework employs optimized pilot-assisted
OFDM configurations to enhance spatial resolution and
phase coherence. This setup minimizes inter-carrier interfer-
ence and ensures that the channel impulse response retains
sufficient angular information, even in noisy or interference-
prone scenarios. As shown in Section IV, the combined
frequency-offset correction and channel equalisation routines
enable sub-degree angular accuracy across various SNR
levels.

1) TIME-DOMAIN IMPULSE RESPONSE
Once the frequency-domain channel estimate Ĥm(k) is
obtained for antenna m and subcarrier k = 0, . . . ,N − 1,
the time-domain channel impulse response can be recovered
via an Inverse Fast Fourier Transform (IFFT):

hm[n] = IFFT
{
Ĥm(k)

}
[n], n = 0, . . . ,N − 1, (28)

Focusing on the early taps in hm[n] allows the system to iso-
late the dominant paths carrying strong angular information,
directly benefiting the subsequent AoA estimation.

2) ANGLE WRAPPING AND PHASE HANDLING FOR AoA
After defining the wave vectors and phase relationships
in Subsection III-F3, it is often necessary to ensure that
angles remain within the principal interval [−π, π]. Abrupt
jumps can occur at the ±π boundaries when we compute
differences across subcarriers, time frames, or antenna
elements. To address this, we employ two key functions:

a: CIRCULAR MEAN OF ANGLES
When taking an average of N angles {θn}

N
n=1, a straightfor-

ward arithmetic mean can be misleading near ±π . Instead,
the circular mean is computed as:

θcircular = atan2
( 1
N

N∑
n=1

sin(θn),
1
N

N∑
n=1

cos(θn)
)
. (29)

This formulation preserves continuity around the ±π bound-
aries, ensuring a correct mean angle even if individual θn
cross the principal interval.

b: PHASE DIFFERENCES WITH WRAPPING
For successive angle differences, such as

1θn = θn+1 − θn, (30)

we apply a wrap function that shifts the result back into
[−π, π] if it falls outside that range. Concretely,

1θn = wrap[−π,π]
(
θn+1 − θn

)
, (31)

where wrap[−π,π](·) adds or subtracts 2π when 1θn exceeds
π or is less than −π . This ensures that phase differences
remain continuous, avoiding erroneous ‘‘jumps’’ across the
−π/π boundary.

Using these functions is crucial when analyzing or averag-
ing AoA estimates across multiple measurements, frequency
bins, or antenna elements. They maintain phase consistency
and prevent numerical artifacts that could otherwise degrade
angle-of-arrival accuracy.

3) PHASE AND POSITION DIFFERENCES FOR AoA
Assuming a linear array ofM antenna elements, we form the
pair-wise differences

φdiff = (φ2 − φ1), (φ3 − φ2), . . .

Rdiff = (r2 − r1), (r3 − r2), . . . (32)

Each vector therefore contains M − 1 entries, one per
adjacent antenna pair. These relative phase–position pairs
feed directly into the wave-vector estimator described in
Subsection III-F4.

4) 2D AND 3D WAVE-VECTOR COMPUTATION
Using the phase and position differences introduced in
Section III-F3, we now compute the wave vector K. Let
k = 2π/λ. In a 2-D (azimuth-only) scenario, the wave vector
is:

K2D = k
[
cos(φ)
sin(φ)

]
, (33)
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where φ is the angle of arrival in the plane. In 3D, with
azimuth φ and elevation θ , we have:

K3D = k

cos(φ) cos(θ)
sin(φ) cos(θ)

sin(θ )

 . (34)

If we let φdiff be the net phase difference measured across
elements and Rdiff be their positional difference, one can
further approximate

K ≈ R†diff φdiff, (35)

where † denotes the Moore–Penrose pseudoinverse.
Equation (35) is the pair-difference least-squares (LS)
estimator obtained from φdiff = RdiffK under a small-
aperture, single-source assumption (e.g., a uniform linear
array). For full-rank, overdeterminedRdiff, the pseudoinverse
yields the LS solution; if Rdiff is square and nonsingular,
† reduces to the ordinary inverse. The resulting K̂ (and
corresponding angle(s)) represents the estimated direction of
arrival [33].

G. ANGLE-OF-ARRIVAL (AoA) ESTIMATION
Angle-of-arrival (AoA) estimation relies on both the spatial
sampling provided by an antenna array and the channel esti-
mates recovered in the preceding sections. Below, we outline
the key steps: (a) define the array response vector, (b) extract
the AoA from measured data via our custom approach, and
(c) compute the AoA error for validation.

1) ARRAY RESPONSE VECTOR
Let us suppose there are M antenna elements. For an
incoming wave at angle of arrival φ, the array response vector
a(φ) is given by:

a(φ) =



exp
(
j
2π
λ

k(φ)T r1
)

exp
(
j
2π
λ

k(φ)T r2
)

...

exp
(
j
2π
λ

k(φ)T rM
)


, (36)

where rm denotes the coordinates of the m-th antenna
element, and k(φ) is the wave vector derived from the
angle φ.

2) EXTRACTING THE AoA (DIRECT PHASE APPROACH)
After obtaining channel estimates Ĥ across all M antenna
elements, we adopt a direct phase-based method to determine
the AoA. One approach is to search over possible angles
φ and find the one that maximizes the alignment between
the array response vector and the measured data. For
instance [38]:

φest = argmax
φ

∣∣∣ a(φ)H Ĥ
∣∣∣, (37)

where a(φ)H is the Hermitian transpose (conjugate transpose)
of the array response vector, and Ĥ is the vector (or set)
of measured channel data from the M antenna elements.
Alternatively, a time-domain approach can align phases
of impulse responses across array elements and seek the
angle that minimizes overall phase discrepancy. In either
case, we do not rely on subspace-based algorithms (e.g.
MUSIC, ESPRIT); instead, the method directly leverages
the measured phase relationship and array geometry to
pinpoint φest.

3) COMPUTING THE AoA ERROR
When a known reference angle φtrue is available (e.g.,
from simulation setup or a benchmark measurement), the
estimation error is simply:

AoAError =
∣∣φest − φtrue

∣∣. (38)

This metric can be reported as a mean error or root mean
square (RMS) error over multiple trials. It serves as a
straightforward yet powerful way to validate the performance
of the AoA estimation framework under different SNR,
offset, and fading conditions.

H. VALIDATION AND REPETITION ACROSS CONDITIONS
To ensure the reliability and robustness of AoA estimation,
the system is validated against known reference angles intro-
duced during the simulation setup. The validation process
assesses the system’s accuracy under various conditions,
including different SNR levels, LOS angles, pilot configura-
tions, and frequency-offset conditions. This comprehensive
validation ensures that the simulation framework accurately
reflects real-world challenges and reliably extracts angular
information.
SNR Convention: Unless noted, SNR is per-subcarrier per-

snapshot. When aggregating over L snapshots and Nused
subcarriers, figures report RMS AoA error computed on
the stacked observations; no ‘‘effective SNR’’ re-scaling is
applied to the dB axis.

1) EVALUATION METRICS
The validation framework employs several key metrics to
quantify angular accuracy:

• Mean Error (ME): Represents the average deviation
of estimated angles from reference angles, providing a
measure of estimation bias.

• Root Mean Square Error (RMS): Captures the
magnitude of angular deviations and highlights overall
estimation performance.

• Cumulative Distribution Functions (CDFs): Illustrate
the percentage of estimates within specific error thresh-
olds, offering a comprehensive view of accuracy across
different configurations.

These metrics form the foundation for assessing system
performance and serve as the basis for detailed analysis in
the Results section.
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Angle Error Definition: If φ
(i)
true is the reference angle and

φ
(i)
est is the estimated angle in trial i, we define:

Angle Error(i) = φ
(i)
est − φ

(i)
true. (39)

Hence, the Mean Error is simply the average of
Angle Error(i) over N trials, while the RMS Error is:

RMS Error =

√√√√ 1
N

N∑
i=1

(
φ
(i)
est − φ

(i)
true

)2
. (40)

Metric Convention:Unless otherwise stated, figures report
RMS AoA error in degrees. Where a table lists Mean ± SD
(signed mean µ, standard deviation σ ), the directly compara-
ble RMS can be obtained via RMS =

√
µ2 + σ 2.

2) STATISTICAL TECHNIQUES
To rigorously validate the significance of observed improve-
ments, advanced statistical techniques are employed:

• Confidence Intervals: Provide a range of plausible
values for angular errors, ensuring statistical robustness
and reliability.

• Analysis of Variance (ANOVA): Evaluates the impact
of multiple factors, such as SNR levels, pilot configura-
tions, and environmental conditions, on the accuracy of
AoA estimation.

• Non-Parametric Tests (e.g., Mann–Whitney U Test):
Used to compare error distributions across configura-
tions, particularly when data does not follow a normal
distribution.

These techniques ensure that the results presented in the
Results section are statistically valid and provide meaning-
ful insights into the system’s performance under varying
conditions [39].

3) REPETITION AND ROBUSTNESS
To assess the system’s robustness, the simulation framework
conducts multiple iterations across a wide range of condi-
tions, including varying SNR levels, pilot configurations,
and frequency offsets. Each iteration systematically com-
pares estimated angles to pre-configured reference angles,
capturing the impact of noise, multipath effects, and other
channel impairments. This iterative approach ensures that the
system consistently delivers accurate results under diverse
and challenging conditions.

The results of this validation are presented in the Results
section, where performance trends and statistical analyses
highlight the system’s stability and precision.

a: BIT ERROR RATE (BER) COMPUTATION
A key metric for system-level performance is the Bit
Error Rate (BER). Upon demodulating and detecting the
transmitted data bits, we define:

BER =
1
Nb

Nb∑
i=1

I
(
b̂i ̸= bi

)
, (41)

where bi are the transmitted bits, b̂i are the detected
bits, and Nb is the total number of transmitted bits. The
indicator function I(·) equals 1 if the bits differ and
0 otherwise. Evaluating BER across a range of SNR and
channel conditions provides a direct measure of the system’s
reliability.

4) STATISTICAL REPORTING AND CONFIDENCE INTERVALS
Unless stated otherwise, each SNR point aggregates 1000
Monte Carlo trials. Solid lines show median RMS AoA
error; shaded regions denote 95% percentile-bootstrap CIs
(2,000 resamples). Pairwise comparisons (e.g., initial vs.
refined offset at a fixed SNR; 1- vs 4-pilot) use two-sided
Mann–Whitney U tests; multi-level factors (pilot density)
use one-way ANOVA on RMS errors. Exact p-values for
key contrasts are tabulated in Table 9. The three RMS points
at −28 dB and their 95% percentile-bootstrap confidence
intervals are listed in Table 5 and plotted in Fig. 9.

I. COMPUTATIONAL COMPLEXITY ANALYSIS
Our baseline AoA path in Table 4 contains no O(N 3) stage;
its dominant per-frame costs are O(MN ) (CFO de-rotation),
O(MNp) (pilot CE), and O(MG) (beamspace scan), plus a
constant-size pseudoinverse. Any O(N 3) figures mentioned
elsewhere refer to optional subspace/eigendecomposition
variants used only in ablation/sensitivity analyses, not in the
reported baseline results.
In summary, the reported baseline path contains no O(N 3)

stage (O(MN ) + O(MNp) + O(MG) per frame); O(N 3)
applies only to optional subspace variants used for sensitivity
analyses.

IV. RESULTS AND ANALYSIS
This section presents the results of the AoA estimation
framework under various simulation scenarios designed to
emulate realistic wearable environments. The focus lies on
evaluating AoA estimation accuracy, system robustness, and
the impact of critical parameters across diverse conditions.
By analysing performance under these scenarios, meaningful
insights into the framework’s reliability and practical applica-
bility are provided. Key objectives include assessing angular
accuracy, addressing the influence of noise and interference,
and evaluating the system’s response to varying channel
conditions and configuration parameters.

A. IMPACT OF CODING SCHEMES ON ANGULAR
ACCURACY
In this section, we examine how pseudo-random permu-
tations and Walsh sequences (introduced in Methodology
Section III-C4 affect phase coherence and AoA estima-
tion accuracy. By strategically embedding these coding
sequences into OFDM frames, the proposed approach
reduces inter-carrier interference and preserves consistent
phase references under varying SNR conditions.

As illustrated in Figure 4, both coding schemes sig-
nificantly outperform the baseline, showing about 20%
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FIGURE 4. Impact of coding schemes on RMS angular accuracy.

improvement in RMS error under negative SNR. Among
the two, pseudo-random permutations performed slightly
better (1.5◦) than Walsh sequences (1.7◦) at −20 dB,
particularly due to their robust energy distribution in severe
fading conditions. Nonetheless, Walsh sequences still reduce
cross-interference effectively and yieldmajor gains compared
to using no coding scheme.

1) KEY OBSERVATIONS
• Trend Across SNR Range: Both curves exhibit
decreasing angular error with higher SNRs, confirming
that the coding schemes effectively preserve phase
coherence.

• Performance at Low SNR: Below −20 dB, pseudo-
random permutations maintain RMS errors of approx-
imately 1.5◦, whereas Walsh sequences show a slightly
higher error near 1.7◦. This suggests that pseudo-random
permutations may be more resilient to severe noise
levels.

• Phase alignment via pilot coding improves robust-
ness at low SNR: This alignment strategy directly con-
tributes to better subcarrier orthogonality, as explained
in Section III-C4 of Methodology. This improved
orthogonality minimises inter-carrier interference,
thereby preserving angular information essential for
AoA estimation.

2) INTERPRETATION AND RELEVANCE
These results indicate that both coding schemes effectively
mitigate phase disruptions caused by multipath fading, fre-
quency offsets, and noise. While Walsh sequences maintain
stable performance across the entire SNR range, pseudo-
random permutations appear slightly more robust in the
most challenging (negative SNR) scenarios. For wearable
communications, where devices often operate in complex
multipath environments, the ability to sustain low angular

errors despite extreme noise conditions is critical. Con-
sequently, choosing between these two coding strategies
could depend on the expected operating SNR range and
computational constraints.

These findings confirm that integrating either coding
scheme into the proposed AoA estimation framework can
substantially improve accuracy, but pseudo-random permuta-
tions may be preferable in ultra-low-SNR conditions. Future
work could explore additional sequence designs, potentially
optimising orthogonality and resilience against hardware
impairments.

B. IMPACT OF FREQUENCY OFFSETS CORRECTION
Frequency offsets, often caused by hardware imperfections
and Doppler shifts, disrupt the phase coherence of received
signals. This misalignment leads to significant angular
errors during Angle of Arrival (AoA) estimation, severely
impacting the accuracy and reliability of AoA-based systems.
These challenges are particularly critical in wearable commu-
nication scenarios operating under Rician fading conditions
with low Signal-to-Noise Ratios (SNRs).

The effectiveness of frequency-offset correction depends
on several key factors:

• Signal-to-Noise Ratio (SNR): Higher SNR levels
improve correction performance, while lower SNR
levels (e.g., below −20 dB) may limit its effectiveness
due to noise dominance.

• Magnitude of FrequencyOffset: Larger offsets require
more complex algorithms, often resulting in greater
residual errors after correction.

• Channel Conditions: Rician fading channels with
strong Line-of-Sight (LOS) components allow for better
correction due to the dominant path providing a reliable
reference.

To address these challenges, we integrated a refined
frequency-offset correction method into our framework. This
method realigns the phase of received signals, mitigating
angular errors and significantly enhancing AoA estimation
accuracy. The effectiveness of the proposed approach is
demonstrated across metrics. RMS trends for initial vs.
refined CFO across SNR are summarised in Figure 10;
complementary Mean ± SD values at anchor SNRs are
reported in Table 3 and visualised in Figure 5.

1) INITIAL VS. REFINED OFFSET: NUMERICAL RESULTS
The refined frequency-offset correction further enhances the
system’s robustness. Table 3 presents the angular errors
before and after refinement across representative SNR levels,
highlighting the significant improvements achieved.

These results indicate an average reduction in mean
angular error of approximately 50%, with larger reductions
observed at lower SNR levels. For instance:

• At SNR = −28 dB, the error decreases by 48%, from
2.30◦ to 1.20◦.
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FIGURE 5. Mean angular error (±SD) before and after refined offset
correction.

TABLE 3. Reduction in AoA error (Mean ± SD) with refined offset
estimation across representative SNR levels.†.

• At SNR = −20 dB, a 50% reduction is observed, with
errors decreasing from 1.10◦ to 0.55◦.

These findings highlight the robustness of the refined
correction process, ensuring reliable AoA estimation across
challenging noise-dominant environments.

2) STATISTICAL VALIDATION OF FREQUENCY-OFFSET
CORRECTION
To confirm the significance of improvements achieved
through refined frequency-offset correction, advanced statis-
tical measures were employed:

• Mann–Whitney U Test: The improvements from the
refined offset correction were found to be statistically
significant (see Table 9 for exact p-values).

• Confidence Intervals (CIs): Narrower CIs for refined
offsets (e.g., 0.55◦

±0.05 at−20 dB) highlight improved
consistency in angular error reduction.

• ANOVA: One-way and two-way ANOVA confirmed
that refined offset estimation accounts for a substantial
proportion of variance in angular error, with partial
η2 values exceeding 0.6.

FIGURE 6. Relationship between SNR(dB) and angle spreads (θ).

These findings validate the statistical significance of
the proposed frequency-offset correction, particularly in
low-SNR environments where noise effects dominate.

C. IMPACT OF SNR ON CHANNEL BEHAVIOUR
Signal-to-Noise Ratio (SNR) is a critical parameter that
directly influences the performance of Angle of Arrival
(AoA) estimation in wearable communication systems.
By studying the relationship between SNR and key channel
characteristics such as angle spreads and path delays, we can
better understand how noise levels impact the channel’s
ability to preserve spatial and temporal information.

Angle spreads represent the angular dispersion of multi-
path signals, which affects the resolution of AoA estimation.
Path delays, on the other hand, reflect the effective propaga-
tion time of signals, which influences the system’s ability to
resolve multipath components. Improvements in SNR lead to
reductions in both metrics, highlighting the enhanced channel
coherence and resolution capabilities under higher signal
quality conditions.

Figure 6 illustrates the reduction in angle spreads as SNR
increases, reflecting enhanced angular resolution capabilities.
Smaller angle spreads indicate improved spatial coherence,
which is essential for accurate AoA estimation. Figure 7
shows the reduction in path delays with increasing SNR,
demonstrating improved temporal coherence and reduced
multipath interference.

These findings validate the system’s robustness in pre-
serving spatial and temporal information under higher SNR
levels, reinforcing its practical applicability in wearable
communication scenarios where accurate AoA estimation is
critical.

D. IMPACT OF SNR ON AoA ACCURACY AND PILOT
DENSITY
The impact of SNR on AoA estimation accuracy was
analyzed across various noise levels, focusing on angular
error trends and the interplay between SNR, pilot density, and
offset corrections. This section explores how SNR influences
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FIGURE 7. Relationship between SNR (dB) and path delays.

TABLE 4. Operation counts per stage for one AoA frame (notation: M =

antennas, N = FFT length, L = snapshots, Np = pilots, G = AoA grid
points).

TABLE 5. 95% CIs for RMS AoA error at −28 dB.

angular error trends and highlights the importance of pilot
configurations in mitigating noise effects.

1) SPECTRAL-EFFICIENCY TRADE-OFF
Let ρpilot = Np/Nused. With Mmod-QAM (bits/symbol =

log2Mmod), the useful spectral efficiency per OFDM symbol
is

ηSE =

(
1 − ρpilot

) Nused

N

(
1 −

TCP
Tsym

)
log2Mmod, (42)

Using the same pilot sets as in Fig. 8, the low-SNR AoA
RMS values are taken from Table 5: 1.8◦, 1.2◦, 0.8◦ for
1/2/4-pilot, respectively.

FIGURE 8. CM: off. AoA accuracy vs. spectral efficiency at a low-SNR
operating point (e.g., −28 dB). Points show RMS AoA error; vertical bars
are 95% CIs from Table 5. Spectral efficiency is computed via Eq. (42)
using the paper’s pilot fractions and numerology.

2) ANGULAR ERROR TRENDS
Figure 9 illustrates the RMS angular error across SNR levels
for varying pilot configurations:

• Low-SNR Regions: At −28 dB, angular errors are
substantially higher due to dominant noise interference.
For example, as shown in Table 5, increasing the pilot
density from a single pilot to four pilots reduces the RMS
angular error from approximately 1.8◦ to 0.8◦, indicating
a significant improvement of over 55%.

• Moderate-to-High SNR Regions: As SNR improves
beyond −20 dB, angular errors decline sharply, sta-
bilising below 0.5◦ at −10 dB. This trend highlights
the system’s ability to adapt and achieve near-ideal
performance under reduced noise conditions.

3) IMPACT OF PILOT DENSITY
The interplay between SNR and pilot density was analysed
using multi-factor statistical methods, including ANOVA.
Key findings include:

• At−28 dB, increasing pilot density improves RMSAoA
error from approximately 1.8◦ (1 pilot) to approximately
1.2◦ (2 pilots) and approximately 0.8◦ (4 pilots),
a reduction of approximately 56% overall (see Table 8,
CDF thresholds (90%) and RMS AoA error at −28 dB
for 1/2/4-pilot configurations).

• Statistical analyses indicate a significant interaction
between SNR and pilot density (see Table 9 for the
exact p-value), confirming the importance of optimising
configurations for noise resilience.

Independently, refined CFO correction at −28 dB reduces
the mean AoA error from 2.30◦ to 1.20◦ (see Table 3),
confirming the benefit of the offset-refinement stage.

These results underscore the importance of optimising
pilot configurations and offset corrections to achieve robust
AoA accuracy under diverse noise conditions. The interplay
between SNR and pilot density provides a roadmap for
achieving reliable performance in real-world scenarios.

It is important to acknowledge the inherent trade-off
between AoA estimation accuracy and spectral efficiency.
Whilst increasing the pilot density from one to four symbols
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FIGURE 9. CM: off. RMS AoA error vs. SNR for 1/2/4-pilot configurations.
Each SNR point uses n = 1000 trials; error bars show 95%
percentile-bootstrap CIs (B = 2000). At −28 dB the points are 1.8◦, 1.2◦,
0.8◦ (see Table 5).

per group significantly enhances accuracy, as shown, it also
increases the overhead and reduces the number of subcarriers
available for data transmission. Therefore, the optimal pilot
density must be selected based on the specific application’s
requirements. For mission-critical localisation tasks where
accuracy is paramount, a higher pilot density is justified.
Conversely, for applications where data throughput is the
primary concern, a lower pilot density might be more
appropriate.

E. ANGLE-OF-ARRIVAL ESTIMATION AND PERFORMANCE
ANALYSIS
Accurate Angle-of-Arrival (AoA) estimation is a fundamen-
tal requirement for ensuring robust performance in wearable
communication systems, especially under challenging Rician
fading conditions. This section evaluates the effectiveness
of the proposed AoA extraction framework, focusing on
key performance improvements achieved through advanced
processing techniques, such as time-domain transformation
and direction-finding algorithms. The results demonstrate
the robustness and precision of the framework in isolating
dominant multipath components, enhancing angular resolu-
tion, and achieving sub-degree accuracy at moderate-to-high
SNRs.

1) AoA EXTRACTION PROCESS AND KEY IMPROVEMENTS
The AoA extraction process begins by neutralizing channel
disturbances and mitigating frequency-offset distortions.
Using frequency-domain channel estimates, the simulation
computes time-domain channel impulse responses, isolating
the earliest arriving paths or the most significant multipath
components. This step leverages advanced algorithms and the
predefined geometry of the antenna array to ensure accurate
AoA estimation.

These results validate the effectiveness of the frequency-
offset correction process, demonstrating consistent error
reductions across challenging low-SNR conditions.

FIGURE 10. Impact of frequency-offset correction on AoA (RMS, degrees).
Curves show median RMS with 95% percentile-bootstrap CIs
(n = 1000 trials/SNR). Scene constants: ULA M = 8, d/λ = 0.5, L = 1024,
same pilot density and channel settings as Table 3. For the corresponding

ME±SD at anchor SNRs and the conversion RMS =

√
µ2 + σ2, see

Table 3/Fig. 5. At −38 dB the RMS reduces 3.0◦ →2.2◦; at
−20 dB1.1◦ →0.7◦.

FIGURE 11. Time-domain signal and extracted angle of arrival (AoA).

2) TIME-DOMAIN TRANSFORMATION AND RMS ANGULAR
ERROR REDUCTION
Time-domain transformation is a critical step in the AoA
estimation framework, enabling the simulation to focus on
themost dominant paths, which carry strong angular informa-
tion. By converting frequency-domain channel estimates into
the time domain, the system isolates specific taps associated
with early arriving signals, significantly improving angular
estimation accuracy.

Figure 11 illustrates the time-domain signal and the
corresponding extracted Angle of Arrival (AoA). The top
panel depicts the time-domain signal after noise reduction
and frequency-offset correction, showcasing the temporal
behavior of the received signal. The variations in amplitude
represent the arrival of multipath components, with the
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TABLE 6. RMS angular error before and after time-domain
transformation across different SNR levels.

earliest peaks indicating the dominant paths carrying angular
information.

The bottom panel presents the extracted AoA, where
the angular response amplitude is plotted across a range
of angles. The sharp peak aligns with the true AoA,
demonstrating the system’s ability to accurately isolate and
estimate the dominant angle of arrival. This visualization
highlights the effectiveness of the proposed framework in
mitigating noise and multipath distortions to achieve high
angular resolution and precise AoA estimation.

Table 6 summarizes the RMS angular error before and after
time-domain transformation across different SNR levels. The
results demonstrate an average improvement of 20%-30%,
with higher reductions observed at lower SNR levels where
noise effects are more pronounced. These improvements
align with the expected behavior of the transformation pro-
cess, which mitigates noise-induced distortions and enhances
spatial resolution.

While these results are consistent with the expected
performance of the system, it is important to note that the
dataset used for this analysis may not fully reflect real-world
behavior. Specifically, further simulation or experimental val-
idation is recommended to confirm the system’s performance
under practical deployment conditions.

3) PERFORMANCE OF DIRECTION-FINDING ALGORITHMS
The simulation evaluates the performance of the proposed
direction-finding algorithms across varying SNR levels using
three keymetrics: Bit Error Rate (BER), AoA error, and phase
error. These metrics collectively demonstrate the robustness
and effectiveness of the system in achieving accurate AoA
estimation under diverse conditions.

• Bit Error Rate (BER): The top plot in Figure 12 shows
a sharp decrease in BER as SNR increases. This trend is
expected because higher SNR improves signal quality,
reducing noise-induced errors and enhancing decoding
accuracy.

• AoA Error: The middle plot illustrates a consistent
reduction in AoA error with increasing SNR, reflecting

FIGURE 12. Comparative performance analysis across SNR levels (AoA).

TABLE 7. Angular accuracy of the proposed framework in indoor
scenarios.†

the system’s ability to achieve higher angular resolution
as phase coherence improves.

• Phase Error: The bottom plot shows minimal variation
in phase error across all SNR levels, suggesting that the
frequency-offset correction mechanism effectively miti-
gates phase inaccuracies regardless of noise conditions.

These findings highlight the robustness of the proposed
direction-finding algorithms. The reduction in BER and
AoA error demonstrates improved system performance with
increasing SNR, while the consistent phase error indicates the
effectiveness of the frequency-offset correctionmechanism in
maintaining stable phase accuracy.

4) APPLICATIONS AND ACCURACY
The AoA estimation framework demonstrates exceptional
angular accuracy in multipath-rich and low-SNR conditions,
as summarized in Table 7. These results validate the
framework’s capability to achieve sub-degree accuracy under
challenging scenarios.

Benefits of the Proposed Framework:

• High Accuracy: The framework achieves sub-degree
angular accuracy in both multipath-rich (0.45◦ mean
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error) and low-SNR (0.65◦ mean error) conditions,
outperforming conventional methods.

• Robustness: The system demonstrates robustness to
multipath effects and noise, delivering reliable AoA
estimates even in challenging indoor environments.

• Efficiency: By leveraging advanced algorithms and
optimizing pilot allocation, the framework reduces the
need for extensive pilot signals, making it more efficient
than traditional methods.

Applications: The proposed AoA estimation technique is
well-suited for indoor applications, such as wearable devices
and IoT systems, where high precision in dynamic and noisy
environments is critical. The method’s resilience to multipath
effects and phase noise makes it a strong candidate for
next-generation indoor localization systems.

F. VALIDATION OF AoA ESTIMATION FRAMEWORK
The proposed AoA estimation framework was validated
against known reference angles across various scenarios,
including different SNR levels, LOS angles, and multipath
conditions. This section evaluates the system’s accuracy and
robustness through statistical metrics, iterative testing, and
visual analyses.

1) VALIDATION SCENARIOS AND METRICS
Table 14 summarizes the angular errors across validation
scenarios. The results demonstrate that the system achieves
sub-degree accuracy in high-SNR and moderate-SNR envi-
ronments, with slightly higher errors in low-SNR and
multipath-rich conditions.

These scenarios validate the system’s robustness across a
variety of conditions:

• SNR Levels: Demonstrate the framework’s adaptability
under high and low-noise environments.

• LOS Angles: Test accuracy across varying angular
scenarios.

• Multipath Conditions: Highlight resilience against
interference in wearable systems.

The results emphasize the framework’s suitability for
wearable communication systems where robust AoA estima-
tion is essential under dynamic conditions.

2) OVERALL ACCURACY AND RMS ERROR TRENDS IN
VALIDATION SCENARIOS
Having previously observed in Section IV-D that increasing
pilot density substantially improves AoA accuracy at low
SNR, we now validate these findings under our final test
scenarios. Specifically, we measure the RMS angular error
across an extended SNR range from −38 dB to −10 dB,
thereby examining the system’s performance under more
severe noise conditions. Figure13 plots the resulting RMS
angular error for the three pilot densities, and shows
that refined offset corrections sustain reliable performance,
particularly below (−28 dB)

FIGURE 13. RMS angular error vs. SNR for different pilot densities in the
final validation scenarios.

• Low-SNR Resilience: At −28 dB, the RMS error drops
from 1.8◦ (1 pilot) to 0.8◦ (4 pilots)—a 55.6% reduction,
as shown in Table 5.

• Moderate-to-High SNR Accuracy: Beyond −20 dB,
RMS errors remain below 0.5◦, validating the frame-
work’s capacity to deliver near-ideal AoA performance
in reduced noise scenarios and aligning with the earlier
pilot-density analysis.

These validation results reinforce the adaptability of the
framework, showing close agreement with the preliminary
analysis in Section IV-D. Notably, by extending the SNR
coverage down to −38 dB, we demonstrate the refined offset
correction’s ability to sustain meaningful AoA precision even
under more severe noise conditions. Hence, the system is
well-suited for wearable communication applications where
extreme SNR degradation may arise.

3) EVALUATION METRICS
This section evaluates the accuracy of AoA estimates using
key metrics, including RMS error, mean error trends, and
CDF analysis. These metrics validate the overall robustness
of the proposed framework across varying SNR levels and
pilot configurations.

a: GENERAL METRICS (RMS/MEAN ERROR)
The accuracy of AoA estimates was assessed using RMS and
mean error trends across SNR levels. These trends highlight
the system’s ability to maintain sub-degree accuracy under
challenging conditions.

RMS and Mean Error Trends: Figure 14 illustrates
RMS angular error trends across SNR levels, demonstrating
consistent reductions in error as signal quality improves:

• At Low SNR Levels (−38 dB), RMS errors are elevated
due to noise interference but remain within 1.5◦, validat-
ing the system’s resilience under extreme conditions.

• At Moderate-to-High SNR Levels (−20 dB to −10 dB),
RMS depends on pilot density: at −20 dB it is ≈ 1.1◦

(1 pilot), ≈ 0.7◦ (2 pilots), and ≈ 0.5◦ (4 pilots),
and continues to drop below 0.5◦ by −10 dB for the
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FIGURE 14. RMS Angular Error vs. SNR. The plot highlights the system’s
ability to maintain high accuracy across varying noise levels, achieving
sub-degree precision in moderate-to-high SNR conditions.

TABLE 8. CDF thresholds (90%) and RMS AoA error at −28 dB for
1/2/4-pilot configurations.

TABLE 9. CM: off. Exact two-sided p-values for key contrasts (tests run on
RMS errors). Each SNR point aggregates 1000 trials per arm (see
Statistical reporting).

4-pilot track, highlighting the framework’s adaptability
and sub-degree accuracy.

b: CDF ANALYSIS AND PILOT CONFIGURATIONS
The system’s robustness was further validated by analysing
the impact of pilot configurations on RMS error and CDF
thresholds. Table 8 summarizes the performance across pilot
densities, demonstrating significant improvements in angular
accuracy with increased pilot density.

Key Findings:
• With 1 pilot, the RMS error was highest at 1.8◦, and
the 90% CDF threshold was 2.5◦, indicating reduced
accuracy in low-density configurations.

• Increasing to 2 pilots reduced the RMS error to 1.2◦,
with a tighter CDF threshold of 1.5◦, demonstrating
improved stability.

• Using 4 pilots achieved the lowest RMS error of
0.8◦, with a CDF threshold of 1.0◦, underscoring
the importance of higher pilot density for enhancing
accuracy in low-SNR conditions.

G. IMPACT OF PILOT CONFIGURATIONS
This section evaluates the effect of pilot density on AoA
estimation accuracy, focusing on RMS error trends and

improvements observed through CDF analysis. The findings
underscore the importance of optimised pilot allocation
strategies in enhancing estimation precision under various
SNR conditions.

1) PILOT DENSITY AND ANGULAR ACCURACY
The number of pilot symbols per OFDM group significantly
influences AoA accuracy, a relationship clearly illustrated by
the Cumulative Distribution Functions (CDFs) in Figures 15–
17. In the single-pilot configuration (Figure 15), the angular
error distribution is broader, indicating reduced precision.
As shown, this results in 80% of the AoA estimates having
an error of less than 2.5◦. Doubling the pilot count to
two (Figure 16) visibly narrows this distribution, reflecting
improved stability. Increasing to four pilots (Figure 17)
provides the highest stability, with over 90% of the estimates
having an error below 1.0◦, consistent with Table 8, confirm-
ing a significant improvement in precision and reliability with
higher pilot density.
Quantitatively, increasing the pilot density from one to four

(a fourfold increase in the pilot fraction ρ) yields a 55.6%
reduction in RMS error at −28 dB (1.8◦

→ 0.8◦; Table 5),
highlighting the throughput–accuracy trade-off. We define ρ

as the pilot fraction per OFDM frame; spectral efficiency
follows (42) and therefore scales approximately with (1−ρ),
so higher pilot density improves AoA accuracy at the cost of
throughput.

The statistical significance of the trends in these CDF
plots is confirmed by the two-sided tests in Table 9 (Exact
p-values for key contrasts); the 95% percentile-bootstrap CIs
at −28 dB appear in Table 5 (95% CIs for RMS AoA error
at−28 dB). Whilst the inclusion of 95% confidence intervals
on the plots would provide additional graphical insight, the
primary validation of significance is established by these
statistical tests.
CI methodology: Unless stated otherwise, two-sided 95%

confidence intervals are computed via percentile boot-
strap with 2000 resamples; p-values are reported from
Mann–Whitney (non-parametric) and one-way ANOVA
where applicable.

Practical Implications:
The absolute angular-error CDFs (Figs. 15–17) become
progressively tighter as pilot density increases, consistent
with the RMS figures in Table 5 and the 90% CDF thresholds
in Table 8.

2) STATISTICAL VALIDATION AND FRAMEWORK
ROBUSTNESS
To validate the robustness of the proposed AoA estimation
framework, advanced statistical techniques were employed
to assess the significance of improvements across pilot
configurations and overall framework performance. These
methods include confidence intervals, Analysis of Vari-
ance (ANOVA), and Mann–Whitney U tests, ensuring that
observed enhancements are statistically significant and not
due to random variations.
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FIGURE 15. CDF of absolute angular error |ε| (1 pilot).

FIGURE 16. CDF of absolute angular error |ε| (2 pilots).

FIGURE 17. CDF of absolute angular error |ε| (4 pilots).

Pilot Configurations and Statistical Significance: The
impact of pilot density on angular accuracy was analyzed
using confidence intervals and significance tests:

• Confidence Intervals (CIs): At −28 dB, increasing the
pilot count from one to four reduces the RMS AoA error
from approximately 1.8◦ to 0.8◦ (a 55.6% reduction),
consistent with the 95% percentile-bootstrap CIs in
Table 5.

• Significance Tests: Statistical analyses confirm sig-
nificant reductions in angular error with each pilot
increment. Mann–Whitney U tests validate meaningful
improvements, while ANOVA confirms a significant
main effect of pilot density on RMS angular error (see
exact p-values in Table 9).

• Effect Sizes: Cohen’s d values indicate strong practical
effects (d > 0.8) for pilot increments, particularly under
high-noise conditions.

Statistical Summary: Inferential results are consolidated
in two tables: (i) exact two-sided p-values for the key
contrasts are reported in Table 9; and (ii) the 95% percentile-
bootstrap confidence intervals at −28 dB for the three pilot
configurations are reported in Table 5. These two tables
constitute the single sources of statistical evidence referenced
in this section.

These results validate the robustness of the framework
in achieving sub-degree accuracy under varying noise
conditions, further highlighting the importance of optimizing
pilot density to enhance AoA estimation performance.

Implications: These results validate the effectiveness
and robustness of the proposed framework. The statistical
analyses demonstrate significant improvements in angular
accuracy, particularly through pilot allocation optimization
and frequency-offset correction. The refined system consis-
tently achieves sub-degree accuracy with greater reliability,
highlighting its applicability to real-world wearable commu-
nication scenarios.

H. EMPIRICAL PERFORMANCE BENCHMARK
To complement the baseline complexity analysis (see the
table titled Operation counts per stage for one AoA frame),
we profiled our MATLAB R2024b code on a desktop
platform (Intel Core i7-12700K, 32 GB RAM, Windows
11). Over 100 AoA frames (M = 8, N = 1024), latency
was recorded with tic/toc, peak RAM with MATLAB
memory, and energy via Intel RAPL counters. We report
median and interquartile range (IQR) values in Table 10.
The table also provides conservative embedded performance
estimates for two common platforms: a higher-performance
ARM Cortex-M7 and a widely-used low-power ARM
Cortex-M4. These estimates were derived from cycle counts
and datasheet power figures. The detailed methodology for
both estimates is provided in Appendix B. Full hardware-
in-the-loop profiling is deferred to future work.1

Unless otherwise stated, all CRLB comparisons use the
same snapshot count, L = 1024, as in this empirical
benchmark.

I. CRAMÉR–RAO LOWER BOUND (CRLB) COMPARISON
We use the ULA AoA CRLB as a reference bound. For
M array elements, inter-element spacing d , wavelength λ,

1Latency: 100 runs (median [IQR]); RAM: ‘‘MemUsedMATLAB’’;
Energy: RAPL package domain; Embedded: cycles/fclk and Pavg × t .
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TABLE 10. Single-frame empirical and estimated performance (median
[IQR]).

FIGURE 18. RMS angular error of the proposed 4-pilot OFDM AoA
estimator under an AWGN/ULA diagnostic baseline (uncoupled), versus
the canonical CRLB (standard deviation) from (43). Angles are wrapped to
[−π, π] before RMS is computed.

snapshot count L, and per-snapshot SNR,

σ 2
θ ≥

6
L · SNR ·M (M2 − 1)

(
λ

2πd cos θ

)2

. (43)

The CRLB in (43) is evaluated and visualised using the
following parameter values: M = 8, d/λ = 0.5, θ = 20◦,
L = 1024.

Under baseline AWGN (uncoded, uncoupled) conditions,
we report RMS after wrapping angles to [−π, π] (see
§III-F2); the leftmost point saturates near the random-guess
limit (≈ 104◦) at −38 dB and falls to ≈ 4.0◦ at
−10 dB, remaining above the CRLB (std. dev.) from (43).
This baseline is diagnostic only and is not used for
our Rician pilot-assisted claims (e.g., ≈ 1.5◦ RMS at
−38 dB, see Table 14). The IQR bars illustrate variability
across 1000 Monte Carlo runs.

J. COMPARATIVE PERFORMANCE ANALYSIS
To contextualise the performance of our proposed method,
this section presents a comparative analysis against sev-
eral established and state-of-the-art Angle-of-Arrival (AoA)
estimation techniques. This analysis evaluates the criti-
cal trade-off between estimation accuracy, robustness in
low-Signal-to-Noise (SNR) regimes, and computational

complexity, a key consideration for resource-constrained
wearable devices.

The results of this analysis are summarised in Table 11.
A key finding is that whilst methods such as Deterministic
ML and Deep Learning (CNN) can achieve exceptional
accuracy in ideal, high-SNR conditions, their performance is
known to degrade significantly in the challenging low-SNR
environments typical of real-world wearable applications.

In contrast, our proposed algorithm is specifically engi-
neered for robustness in these very low-SNR conditions.
As substantiated by our validation results in Table 14, the
system maintains a sub-degree accuracy of 0.8◦ RMS Error
at −20 dB, a domain where many competing methods falter.
This superior low-SNR performance, combined with its
moderate computational complexity as detailed in Table 11,
highlights the algorithm’s suitability for practical implemen-
tation in realistic, power-constrained wearable systems.

To further contextualize our method’s performance,
we extend the comparative analysis to include recent neural
network models such as Long Short-Term Memory (LSTM)
networks and U-Net architectures. These models have gained
prominence for real-time AoA/DoA estimation and signal
denoising in wireless systems, leveraging sequential pro-
cessing (LSTM) and semantic segmentation-like approaches
(U-Net) to handle noise and multipath effects.

LSTM networks excel in modeling temporal dependencies
in sequential data, making them suitable for real-time
AoA estimation in dynamic environments. For instance,
LSTM-based methods have been proposed to mitigate array
imperfections and phase distortions, achieving improved
generalization through large-scale training datasets [e.g.,
150,000 samples in some cases] [40]. Applications include
continuous DoA estimation via tensorized LSTMs [41],
online estimation combining CNN and LSTM [42], coop-
erative AoA positioning [43], and hybrid ResNet-LSTM for
robust AoA [44]. In signal denoising contexts relevant to AoA
preprocessing, LSTMautoencoders adapt to noise profiles for
tasks like modulation classification in RF signals [45], [46]
and signal detection in OFDM/NOMA systems [47], [48].
However, these methods typically degrade below −10 dB
SNR due to reliance on clean training data and sensitivity
to severe noise, limiting their applicability in low-power
wearable scenarios where SNR can drop to −38 dB.

U-Net architectures, originally designed for image seg-
mentation, have been adapted for high-resolution DoA
estimation by treating spatial spectra as images, inherently
incorporating denoising through convolutional layers. Key
examples include U-Net combined with rootMUSIC for
accurate DoA [49], nested U-Net (U2-Net) for multi-target
robustness [50], DenseBlock-based U-Net for noise-resilient
high-resolution estimation [51], CNN-U-Net hybrids for low-
SNR DoA [52], and semantic segmentation for multi-source
AoA from derived images [53]. For signal denoising,
U-Net variants have been applied to noisy signals like
phonocardiograms [54], with extensions to wireless contexts
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via transformers or ResNet baselines [55], [56]. While U-Net
offers strong performance in moderate noise (e.g., via feature
extraction and upsampling), it often requires high-SNR
training and struggles below −10 dB, where computational
demands for real-time inference also increase.

In contrast, our pilot-assisted method remains robust down
to −38 dB SNR without extensive training, offering a more
efficient alternative for resource-constrained wearables. The
comprehensive comparison in Table 11 demonstrates how
these performance and complexity trade-offs directly impact
the feasibility of different approaches for practical wearable
deployment.

To enhance contextual novelty, we compare our method
with Sparse Bayesian Learning (SBL), which uses Bayesian
priors for sparse AoA estimation. SBL excels in off-grid
and correlated source scenarios [57], [58], [59], offering
high resolution but often degrading below −10 dB SNR
due to iterative inference complexity (O(N 3) or higher).
Our method, conversely, maintains sub-degree accuracy at
−38 dB SNR with low-moderate complexity see Table 11.
Table 11 includes SBL alongside Compressed Sensing
(CS), which leverages sparsity for efficient AoA in noisy
environments [60], [61], but also struggles at very low SNR.
These comparisons highlight our approach’s suitability for
low-power wearables. We further stress-tested all methods
with synthetic burst-interference episodes; deep models
exhibited marked sensitivity to such bursts, while the
proposed pilot-assisted pipeline preserved stable AoA error
at the same SNR.

Beyond computational complexity, practical deployment
of CS and SBL on wearable devices faces significant chal-
lenges. CS-based methods require a predefined sparsity basis
(e.g., an angular grid), which can suffer from basis mismatch
in dynamic scenarios with off-grid sources, a common
issue in wearable applications. Similarly, SBL’s performance
is highly dependent on the choice of prior distributions,
which may be difficult to model accurately for complex,
non-stationary signals captured by body-worn sensors. Our
pilot-assisted approach circumvents these model-dependent
challenges, offering a more robust solution that does not
rely on such strong prior assumptions about the signal
structure.

K. ULTRA-DENSE MULTIPATH VALIDATION (K < 3 dB)
To explicitly validate the framework’s performance under
the ultra-dense multipath conditions, we conducted dedicated
simulations for low Rician K-factors. These scenarios
represent challenging real-world environments for wearable
devices, such as cluttered indoor spaces, where the line-of-
sight path is weak and diffuse scattering dominates. Table 12
presents the angular accuracy for K-factors of 0, 1, and 2 dB.

The results demonstrate robust performance even under
K < 3 dB conditions, with angular errors remaining below
2.1◦ RMS even at the most challenging K = 0 dB (pure
Rayleigh fading) scenario. This provides concrete evidence

TABLE 11. Comparative analysis of AoA estimation methods.

TABLE 12. Angular accuracy under ultra-dense multipath (low Rician K ).
Note: The 95% intervals are computed for the mean absolute error ; RMS
values are listed in the table body, so the intervals need not bracket the
RMS statistic.

of the framework’s resilience and suitability for environments
with severe multipath propagation.

L. AI-ENHANCED OFFSET CORRECTION PERFORMANCE
To address the limitations of traditional linear correction
methods, particularly the presence of residual, non-linear dis-
tortions arising from hardware imperfections, we investigate
a data-driven enhancement to our signal processing pipeline.
We propose and evaluate a lightweight 1-D Convolutional
Neural Network (CNN) designed as a post-processing stage.
The model was trained on a large, synthetically generated
dataset comprising signals corrupted by a wide range of
frequency offsets and low-SNR conditions. Its objective was
to learn the complex mapping from signals with residual
distortions to their ideal, error-free counterparts. Table 13
presents a formal benchmark of this AI-enhanced framework,
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TABLE 13. Comparison of traditional vs. AI-enhanced offset correction at
SNR = −35 dB.

FIGURE 19. Residual CFO comparison at SNR = −35 dB (mean ± SD).
Values match Table 13; AoA error reductions are reported in the same
table.

comparing its performance directly against our traditional
correction mechanism.

The AI-enhanced framework demonstrates a significant
improvement in offset correction accuracy, achieving over
a 30% reduction in residual frequency offsets under severe
SNR conditions (−35 dB). This enhancement translates
directly to improved angular estimation accuracy, confirming
the value of integrating data-driven techniques into the signal
processing pipeline.

V. DISCUSSION OF FINDINGS
The results of this study strongly underscore the robustness
and accuracy of the proposed Angle of Arrival (AoA) estima-
tion framework under challenging Rician fading conditions,
particularly in wearable device scenarios. By combining
pilot-assisted channel estimation with refined frequency-
offset corrections, the system consistently achieves reduced
angular errors, even when operating at negative SNR levels.
These attributes are especially relevant for body-centric or
indoor environments, where frequent motion, harshmultipath
conditions, and hardware imperfections can undermine tradi-
tional localisationmethods. As detailed below, the framework
demonstrates adaptability across varied scenarios, such as
multiple LOS angles, pilot densities, and integer/fractional
frequency offsets. This adaptability reinforces its potential
application in real-world contexts where coherent signal
detection can otherwise be difficult to maintain.

The framework’s efficacy is further demonstrated through
its adaptability across varied scenarios, including different

line-of-sight (LOS) angles, multiple pilot densities, and
both integer and fractional frequency offsets. As detailed in
subsequent sections, these attributes reinforce the potential
application of the proposed method in real-world indoor or
body-centric networks, where extreme noise and frequent
motion pose significant challenges to maintaining coherent
signal detection.

A. ANGULAR ACCURACY AND SYSTEM PERFORMANCE
One of the key achievements of this work is the ability
to maintain high accuracy across a wide range of SNR
conditions. From relatively higher SNR environments (e.g.,
−10 dB, achieving sub-degree RMS angular error) down
to severely degraded levels of −38 dB (where the RMS
error remains ≈ 1.5◦), the framework maintains meaningful
precision. As demonstrated in our validation scenarios,
summarised in Table 14, the framework shows strong
performance even undermultipath-rich conditions at−28 dB,
where the RMS angular error remains ≈ 1.2◦

These findings compare favourably to prior studies that
restrict their focus to moderate SNR levels, highlighting the
framework’s broader applicability under severe noise.

The framework’s adaptability to extreme negative SNR
levels, while still retaining accurate AoA estimations, under-
scores its relevance to body-worn sensors, where noise and
multipath interference are commonplace. By capturing a
wider range of operational conditions, these results suggest
that this method does not merely thrive in controlled
laboratory environments but can also be extended to realistic
scenarios, such as large indoor facilities or outdoor urban
canyons where reflectivity and obstruction levels may vary
dramatically.

B. TECHNICAL OPTIMIZATION RESULTS
A pivotal finding of this work is the synergistic relationship
between pilot density and frequency offset correction. Min-
imal pilot configurations (e.g., one pilot per OFDM group)
often result in suboptimal channel estimation, particularly in
the presence of severe multipath or noise. Similarly, relying
solely on coarse frequency-offset estimates leaves residual
phase misalignments, which degrade AoA estimation accu-
racy.

In contrast, when higher pilot densities are combined with
advanced offset corrections, the methodology demonstrates
substantial gains—up to a 55.6% reduction in RMS angular
error at −28 dB (Table 5), relative to minimal-pilot baselines.
These enhancements are statistically supported by the exact
two-sided p-values in Table 9 (U tests and one-way ANOVA),
and by large effect sizes (Cohen’s d), confirming the joint
impact of pilot density and offset correction on angular
accuracy.

C. STATISTICAL VALIDATION
the exact two-sided p-values for the key contrasts are reported
in Table 9; the corresponding 95% CIs at the low-SNR
operating point are given in Table 5. Non-parametric methods
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TABLE 14. Validation scenarios and corresponding RMS angular error
metrics. Unless noted, the Rician scene uses K < 3 dB (cf. Table 12); the
‘‘multipath-rich’’ row corresponds to K = 0 dB.

were used to accommodate skew and outliers. For pilot-
density effects, one-wayANOVA indicated a significant main
effect; the exact p-value and partial η2 appear in the same
table.

The performance gains were substantiated through mul-
tiple statistical tests. Mann–Whitney U tests and Cohen’s
d > 1.0 demonstrate that the reductions in angular error
are both statistically significant and practically meaningful.
Non-parametric methods were employed to address potential
outliers or skewed error distributions, further reinforcing the
generality of the results. Additionally, ANOVA confirmed
that pilot density significantly affects angular accuracy. The
exact p-values for these statistical tests are detailed in Table 9,
confirming the significance of our findings.

D. LIMITATIONS AND FUTURE WORK
While the present study validates sub-degree AoA accu-
racy down to −38 dB under simulated Rician fading,
we acknowledge that the following areas remain open for
future investigation:

1) Resources & Efficiency: Pilot-density and iterative
offset-correction choices must be balanced against
latency, energy, and memory constraints on low-power
wearable devices, requiring further on-device profiling
to validate the end-to-end operation-count budget and
its latency/energy envelope on low-power devices.

2) Hardware Non-idealities: Residual phase and fre-
quency imperfections can bias estimates. While our
lightweight 1-D CNN reduces residual offset errors
by > 30 %, we will explore further on-device and
online adaptation techniques.

3) Array Non-idealities: Mutual coupling, which
depends on the final antenna design, will be fully
characterised and compensated during the hardware
prototyping phase.

4) Dynamics & Environments: We will extend channel
realism to include dynamic body-blockage and mobil-
ity, and evaluate performance in highly dynamic and
cluttered indoor scenes.

5) Hardware Validation: The current desktop bench-
marks will be extended to full embedded/DSP/FPGA
implementations, followed by a controlled SDR proto-
type evaluation and a head-to-head benchmark against
the DW1000 chipset.

For the SDR phase, we will complement the build
with a compact hybrid analogue–digital RF front end

TABLE 15. AoA–CPE-Net summary for M = 8 (C = 14).

(programmable LO/IF and an RF-switch network) to exer-
cise analogue impairments alongside the digital baseband,
and we will characterise on-board TCXO phase-noise
spectra, mirror them in the simulation chain, and eval-
uate mitigation via PLL-bandwidth tuning and post-fit
de-trending.

Additional topics, such as fabric-bending modelling, 3-D
AoA via UPA, adaptive pilot allocation, and AI-based
error classification, are recognised as essential extensions;
operational specifics and orthogonal research tracks are
consolidated in Appendix A (Research Roadmap & Proto-
cols). Security alignment and mitigations are discussed in
Section V-F.

E. AI-ENHANCED RESIDUAL-CFO CORRECTION:
REPRODUCIBLE SPECIFICATION
1) PURPOSE AND INTERFACE
A lightweight 1-D CNN acts as an optional post-processor
after coarse CFO/timing correction and pilot division. For
each OFDM symbol s, it refines the per-symbol common
phase error (CPE) φs left by fractional-CFO correction
(cf. (27)), thus reducing residual CFO and improving AoA
accuracy. Inputs are pilot-equalised streams across pilot
subcarriers and antennas; the output is a scalar refinement
1̂φs (radians) used to update e−jφs .

2) MODEL I/O AND NORMALISATION
Let M be the antenna count and Np the pilot subcarri-
ers/symbol. Build Zs ∈ RC×Np with C = 2(M − 1) channels
by stacking phase-ratio features w.r.t. a reference element:

Zs[c, k] =

{
ℜ
(
Ĥm[k, s]/Ĥ1[k, s]

)
, c = 2(m− 2) + 1

ℑ
(
Ĥm[k, s]/Ĥ1[k, s]

)
, c = 2(m− 2) + 2

for m = 2, . . . ,M .

We standardise channels using running mean/variance from
training data.

3) CNN ARCHITECTURE (‘‘AOA–CPE-NET’’)
A minimal two-block Conv1D with global-average pooling
regresses 1̂φs:

• Block 1: Conv1D(C→8, kernel= 5), ReLU
• Block 2: Conv1D(8→16, kernel= 3), ReLU, global-
average pooling over Np

• Head: Dense(16→1) (linear, radians)
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TABLE 16. Inference footprint (per OFDM symbol; M = 8, Np = 64).
Embedded estimates follow Sec. IV-H.

4) TRAINING DATA AND PROTOCOL
Synthetic tuples (Zs, 1φ⋆

s ) are generated by the same
OFDM/channel stack used elsewhere in the paper (Rician
K ∈ {0, 1, 2} dB; SNR ∈ [−38, −18] dB; integer CFO
µ ∈ {−1, 0, 1}; fractional ϵ ∼ U(−0.2, 0.2); pilot sets
1/2/4 with the same permutations/Walsh coding). Labels1φ⋆

s
are the true residual CPE per symbol after the conventional
fractional-CFO step. We use 80/10/10% train/val/test by
scene, Huber loss on 1φs (rad, δ = 0.05), Adam (10−3

→

10−5 cosine decay), weight-decay 10−4, batch = 1024,
early stopping (patience 3), 20 epochs. Minor augmentations:
±3 dB amplitude jitter, pilot erasure p ≤ 0.05, small timing
dither.

5) INFERENCE FOOTPRINT
For M = 8, Np = 64, MACs ≈ Np(14 · 8 · 5 + 8 · 16 · 3) ≈

6.0×104 per symbol; params ≈ 103.

6) PIPELINE UPDATE AND EVALUATION
The corrected stage uses e−j(φs+1̂φs) in place of e−jφs with
no changes to the AoA solver. At SNR = −35 dB, the
residual-CFO and AoA-RMS reductions are statistically
significant; see the table titled Exact p-values for key
contrasts for the formal tests. Baseline low-SNR RMS points
(used to contextualise the trend) are listed in the table titled
95% CIs for RMS AoA error at −28 dB.

7) ABLATIONS AND ROBUSTNESS
We ablate three toggles: (i) CNN off (traditional), (ii)
CNN on, and (iii) CNN with adaptive refinement (EMA
of 1̂φs with confidence gating). At SNR = −35 dB, the
residual-CFO and AoA-RMS outcomes follow the same
significance pattern documented by the exact two-sided tests
in Exact p-values for key contrasts; the overall low-SNR
accuracy envelope is consistent with the RMS levels tabulated
in 95% CIs for RMS AoA error at −28 dB.

8) STATISTICAL PROTOCOL
We follow the paper’s nonparametric tests (Mann–Whitney U
/ one-way ANOVA) and percentile-bootstrap CIs (B=2000).
Exact p-values for the Traditional vs. CNN and Traditional
vs. CNN+Adaptive contrasts are reported with the other
hypothesis tests in Exact p-values for key contrasts; confi-
dence intervals for the baseline low-SNR operating point are
given in 95% CIs for RMS AoA error at −28 dB.

9) REPRODUCIBILITY NOTE
We provide the full model specification (I/O, features,
architecture, data generation, hyperparameters) to enable

independent reimplementation; inference costs are quantified
in Tables 16 and 15.

F. LEVERAGING ARTIFICIAL INTELLIGENCE AND
MACHINE LEARNING
The successful implementation of the 1-D CNN for offset
correction, as detailed in Section IV-L, serves as a strong
proof-of-concept for the integration of AI within our frame-
work. Achieving a greater than 30% reduction in residual
errors with a lightweight model validates the potential
for data-driven methods to complement traditional signal
processing in real-world scenarios. Building on this tangible
result, further integration of advanced AI and machine
learning techniques, as detailed below, presents an exciting
opportunity to significantly enhance the AoA estimation
framework.

• AI-Driven Pilot Allocation: Developing deep learning
models that dynamically allocate pilot symbols based
on real-time channel conditions, optimizing system
resources while maintaining high accuracy.

• Self-LearningOffset Correction: Introducingmachine
learning frameworks for adaptive offset correction,
enabling the system to learn and adjust to new noise
patterns and hardware artifacts over time.

• End-to-End Learning Systems: Exploring deep learn-
ing models that integrate channel estimation, offset
correction, and AoA calculation into a single, unified
framework, reducing the dependency on modular pro-
cessing.

• Scalability with Large-Scale Antenna Arrays: Inves-
tigating the use of machine learning in conjunction
with massive MIMO systems to improve scalability and
resolution in multi-user scenarios.

• AI-Enhanced Experimental Validation: Using AI
to optimize real-world testing conditions and ana-
lyze large-scale experimental data, ensuring robust
performance under diverse environmental and opera-
tional constraints.

These AI-driven approaches have the potential to rev-
olutionize AoA estimation, introducing intelligent, adap-
tive systems capable of addressing complex and dynamic
environments.

G. STANDARDS COMPLIANCE AND SECURITY
CONSIDERATIONS
While comprehensive system-level integration remains part
of future work, explicit consideration of standards com-
pliance and associated security implications is critical for
the practical adoption of the proposed framework. The
pilot-assisted OFDM scheme described in this paper can be
seamlessly mapped onto existing communication standards,
facilitating interoperability and real-world applicability.

Specifically, our proposed pilot-assisted structure aligns
naturally with established physical-layer frame formats, such
as utilizing the first two OFDM symbols within each MAC
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superframe as outlined in the IEEE 802.15.6 standard for
Body Area Networks, or embedding within the Positioning
Reference Signal (PRS) configurations specified by 5G
New Radio (3GPP Rel-18). Ensuring compatibility with
these standards opens direct pathways to integration in
current wearable communication ecosystems and emerging
5G positioning services.

Where applicable, we relate our simulation parameter
ranges (e.g., SNR/K, frame timing) to those used in
IEEE 802.15.6 WBAN channel and test profiles to ease
continuity with standardised evaluation; we do not claim
present standards compliance.

Nevertheless, pilot-based estimation methods inher-
ently face potential security vulnerabilities, particularly
to pilot spoofing or intentional jamming. In public
safety deployments, such as indoor localisation for emer-
gency responders, pilot-spoofing could severely disrupt
AoA accuracy, necessitating the robust defences outlined
below [69] Mitigating these threats necessitates explicit
strategies:

• Physical-layer authentication: Implementing
lightweight, correlation-based challenge-response pro-
tocols [68] can validate the authenticity of transmitted
pilot signals, reducing susceptibility to spoofing.

• Channel reciprocity verification: Leveraging channel
reciprocity properties can aid in detecting anomalous
angular measurements, indicative of asymmetric and
potentially malicious interference.

• Time-varying pilot hopping: Introducing dynamically
keyed pilot hopping sequences shared exclusively
between trusted devices significantly complicates blind
jamming and spoofing attempts, thereby enhancing
system robustness.

Detailed assessment and experimental validation of these
security-enhancement strategies will form a key part of
our future prototype hardware evaluations and practical
deployments.

It is essential to acknowledge that each mitigation strat-
egy introduces a trade-off between security and resource
consumption. For example, challenge–response protocols
may increase latency, while dynamic pilot hopping can add
computational load. A key objective of our forthcoming SDR
validation is therefore to quantify these overheads—using
the same latency/energy/memory framework as Section IV-H
and Appendix B—and to optimise the security settings for
resource-constrained public-safety and biomedical wearable
devices.
Design Implications: Keyed pilot hopping and PHY-layer

authentication may slightly increase the pilot fraction ρpilot
and per-frame energy.Wewill quantify these overheads using
the same latency/energy/memory framework as Sec. IV-H
and Appendix B. For on-body arrays, secure operation also
favours compact λ/2 layouts with low mutual coupling;
the resulting placement constraints are assessed via the
coupling model and the wearable-deformation items in
Appendix A.

VI. PRACTICAL IMPLICATIONS
The findings of this study demonstrate significant potential
for real-world applications, particularly in wearable and
body-centric scenarios. The framework’s demonstrated accu-
racy and robustness make it well-suited for several key
application domains:

A. HEALTHCARE AND PATIENT MONITORING
The ability to maintain sub-degree angular accuracy in
low-SNR conditions enables enhanced patient tracking
and asset monitoring in hospitals. The system’s resilience
to multipath interference also benefits environments with
sensitive medical equipment, ensuring reliable positioning in
complex indoor layouts.

B. SPORTS AND PERFORMANCE ANALYTICS
In athletic environments, the system enables precise move-
ment tracking even in crowded stadiums with high multi-
path interference. By handling both integer and fractional
frequency offsets, the framework accommodates dynamic
conditions and performance analytics for athletes in densely
populated venues.

C. INDUSTRIAL SAFETY AND NAVIGATION
The framework proves valuable in harsh industrial settings
where line-of-sight paths are frequently obstructed (e.g.
warehouses or manufacturing facilities). Its robustness to
noise and frequency offsets ensures reliable worker locali-
sation and equipment monitoring, enhancing overall safety
in environments prone to heavy machinery and metallic
structures.

D. INDOOR NAVIGATION
Beyond industrial contexts, the system is well-suited to
shopping malls with complex layouts and dynamic obstacles,
where accurate navigation is vital for both staff and cus-
tomers. Likewise, large hospitals require robust localisation
to manage patient flows and medical devices efficiently in
multipath-intensive corridors.

E. EMERGENCY RESPONSE APPLICATIONS
The sub-degree precision achieved in low-SNR environments
makes the system suitable for emergency response scenar-
ios, such as search-and-rescue operations in low-visibility
conditions. Its ability to handle dense urban environments
with frequent signal reflections further underscores its utility
for subterranean or urban-canyon deployments, ensuring
consistent tracking in mission-critical scenarios.

F. INTEGRATION WITH IOT AND BIOMEDICAL
APPLICATIONS
A key advantage of our framework is its suitability for
integration into broader Internet of Things (IoT) ecosys-
tems, where the precise AoA data from our physical-layer
method can serve as a crucial input for advanced services.
A concrete example is a Biomedical-IoT Roadmap for
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applications such as fall-detection. A practical deployment
can be realised using a 32-byte MQTT payload over a
LoRaWAN Class-A uplink from a low-power nRF52840-
based wearable node. This architecture, with a target latency
of under 80 ms, meets the requirements for time-sensitive
alerts (per IEEE 802.15.6), demonstrating a clear pathway
to a practical, life-saving application. At the application
layer, these high-precision AoA estimates would feed into a
spatio-temporal tracking algorithm, likely a Kalman filter or
a particle filter, running on an edge server or in the cloud. For
a fall-detection use case, this filter would maintain a real-time
trajectory of the wearable device. A sudden, rapid change in
the vertical component of the estimated location, followed
by a period of immobility, would serve as the trigger for a
high-confidence fall alert, which could then be automatically
routed to clinical staff.

These practical applications illustrate the versatility and
effectiveness of the AoA estimation framework. By address-
ing challenges such as severe noise, multipath interference,
and dynamic user scenarios, the proposed system provides a
robust foundation for next-generation localisation and track-
ing technologies in both consumer and industrial domains.

VII. CONCLUSION
The key findings and outcomes of this study can be
summarised as follows:

• Robust Operation Across SNR Range: The proposed
framework achieves reliable accuracy across challeng-
ing conditions, maintaining RMS angular error ≈ 1.5◦

at an SNR of −38 dB.
• Validated in Ultra-DenseMultipath:The framework’s
performance was explicitly validated in low K-factor
scenarios (K < 3 dB), confirming its suitability for
cluttered indoor environments where the line-of-sight
path is weak.

• AI-Enhanced Performance: The integration of a
lightweight 1-D CNN was shown to reduce residual
frequency offset errors by over 30%, demonstrating a
viable pathway for hybrid signal processing and data-
driven approaches.

• Synergistic Pilot/Offset Techniques: Higher pilot den-
sities reduce RMS angular error, while refined CFO
correction reducesmean angular error (ME); jointly they
enhance robustness under noise-laden conditions.

• Statistical Rigour: Comprehensive statistical testing
confirms that the observed performance gains are both
statistically and practically significant.

The comparative analysis confirmed that while data-driven
methods such as deep learning (e.g., LSTM and U-Net)
can achieve high accuracy in ideal conditions, our proposed
algorithm offers a superior trade-off between robust perfor-
mance in challenging low-SNR environments and moderate,
practical computational complexity, making it well suited to
resource-constrained wearable devices.

We presented a specialized AoA estimation framework
for wearable devices in Rician fading channels. Combining
pilot-assisted OFDM with refined frequency-offset correc-
tions, the method delivers sub-degree accuracy at moderate-
to-high SNR and remains robust down to −38 dB (≈ 1.5◦

RMS), despite severe noise and multipath.
The key contributions and findings of the study include:

• Pilot Allocation and Angular Accuracy: Increasing
the number of pilots significantly reduces angular errors.
For instance, at −28 dB, increasing the pilot count
from one to four reduces the RMS angular error from
approximately 1.8◦ to 0.8◦, a 55.6% reduction. This
improvement is further reflected in CDF distributions,
where higher pilot densities lead to tighter error bounds,
particularly in low-SNR conditions.

• Frequency-Offset Refinement: Advanced offset cor-
rection strategies sustain high accuracy across noisy
environments. At −20 dB, refined offset estimation
reduces angular errors by 50% on average, demonstrat-
ing its robustness and effectiveness.

• SNR Range Resilience: The framework maintains
stable AoA estimation performance across a wide range
of SNR values. Even at −38 dB, RMS angular errors
remain below 1.5◦, validating the system’s adaptability
in severe noise conditions.

These findings validate the proposed framework’s robust-
ness and its ability to achieve reliable and precise AoA
estimation under adverse conditions. By addressing critical
challenges such as noise, interference, and multipath prop-
agation, the methodology provides a robust foundation for
next-generation wearable communication systems.

The framework’s demonstrated accuracy and resilience
make it well-suited for real-world applications, including:

• Athlete Tracking: Providing sub-degree orienta-
tion accuracy for dynamic monitoring in sports
environments.

• Emergency Rescue: Enabling precise localisation and
tracking in noisy or obstructed environments, such as
urban canyons or underground facilities.

• Patient Monitoring: Supporting reliable positioning
for healthcare applications, even in interference-prone
clinical settings.

In conclusion, the integration of pilot-assisted OFDM
configurations and refined offset corrections establishes
a robust solution for AoA estimation. This work lays
a foundation for further advancements in wearable and
localisation technologies, ensuring high performance across
diverse and challenging environments.

APPENDIX A
RESEARCH ROADMAP & PROTOCOLS

1) Dynamic body-blockage (COST-2100)—simulation
protocol. Use time-varying COST-2100-based scenes
(walking, arm swing, torso rotation), SNR from−38 to
−10 dB, K ∈ {0, 1, 2} dB, ≥ 1, 000 realisations
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per setting. Report RMS AoA, CDFs, confidence
intervals, and significance tests; identify failure modes
and recovery behaviour.

2) SDR vs DW1000—controlled benchmark. 8-element
ULA (d/λ = 0.5), matched carrier/symbol settings
and pilot density; indoor LoS/NLoS scenes with
synchronous captures. Metrics: RMS AoA, latency
per frame, energy per frame, robustness across
SNR. Use the same measurement framework as in
Section IV-H and Appendix VII to ensure like-for-like
comparisons.

3) Embedded profiling & on-device calibration. Tar-
gets: MCU/DSP/FPGA with hardware timers and
current-sense measurement. Profile each pipeline stage
(pilot processing, offset correction, AoA solver);
quantify latency, cycles, peak/average power, energy
per frame, and memory. Deploy the lightweight 1-D
CNN calibration and log its overhead/benefit.

4) Mutual coupling—characterisation & compensa-
tion. Extract Z-matrix via FEM/HFSS for the final
array, verify with VNA S-parameters; prototype a sim-
ple LC decoupling network. Report pre/post-network
isolation and the resulting AoA-error impact under
matched conditions.

5) Wearable-deformation modelling (orthogonal).
Evaluate mild garment curvature effects on array
patterns and AoA accuracy; define representative
bending radii/ranges and quantify added RMS error
over the baseline.

6) Digital human phantoms (orthogonal). Use posture-
/motion-dependent digital phantoms (e.g., VHP-Man)
to quantify body-shadowing and occlusion patterns and
their impact on AoA.

7) 3-D AoA via UPA (orthogonal). Outline the azimuth-
plus-elevation steering model, calibration, and scene
design for compact UPA layouts; provide a minimal
feasibility harness separate from the present 2-D
claims.

8) Adaptive pilot allocation (orthogonal). Controller
that adjusts pilot density from short-term CSI features
within a fixed budget; compare against fixed-density
baselines on AoA accuracy per unit bandwidth, latency,
and stability; to be validated in the SDR campaign
using the measurement framework from Section IV-H
and Appendix B.

9) AI-based error flagging (orthogonal). A lightweight
Mamdani-type classifier to flag high-error epochs in
real time; inputs include measured SNR, pilot density,
Doppler spread, and interference indicators (e.g., an ICI
metric and burst-power ratio). The rule base is tuned
offline (e.g., GA) and used online to escalate when
the inferred angular-error risk crosses a dynamic
threshold.

10) Security & standardisation (system-level, orthog-
onal). Checklist for pilot-spoofing resilience (e.g.,
time-varying pilot patterns, reciprocity checks) and

alignment with positioning specifications; no change to
the present estimator claims.

APPENDIX B
DETAILED PROFILING METHODOLOGY
The empirical benchmarking for latency, memory, and
energy consumption presented in this paper was conducted
systematically as follows:

• Latency Measurement: Latency per AoA estima-
tion frame was precisely timed using MATLAB’s
built-in tic/toc functions. Measurements cov-
ered the entire estimation pipeline, including pre-
processing, matrix inversions, and post-processing
stages. We recorded these timings across 100 indepen-
dent runs and reported the median and interquartile
range (IQR) to reflect typical values and their variation
accurately.

• Peak RAMUsage: Peak memory consumption per esti-
mation frame was recorded using MATLAB’s memory
function, specifically the field labeled ‘‘MemUsedMAT-
LAB’’. This value captures the maximum RAM used by
the MATLAB process during the execution of a single
AoA estimation frame, inclusive of data structures and
intermediate variables.

• Energy Consumption (Desktop Platform): The
desktop CPU energy consumption was measured
using Intel’s Running Average Power Limit (RAPL)
interface, specifically targeting the processor’s package
energy domain. A standard logging tool captured
the cumulative energy readings before and after
the benchmarking session. The per-frame energy
usage was subsequently calculated by dividing the
total measured energy by the number of frames
evaluated.

• Embedded Platform Estimates (Cortex-M7): For
embedded performance estimation on the ARM Cortex-
M7 platform, theoretical latencywas calculated based on
dominant per-frame operations (e.g., CFO de-rotation
O(MN ), pilot-based channel estimation O(MNp), and
beamspace scan O(MG)), which were converted to
CPU cycles and then translated into latency using
the processor’s known clock frequency (600 MHz).
Energy estimates were derived by multiplying this
estimated latency by the average active power con-
sumption documented in the vendor’s datasheet.
These estimates provide a conservative baseline,
explicitly excluding potential overhead from RF
front-end processing andDirectMemoryAccess (DMA)
transfers.

• Reproducibility and Transparency: To ensure full
transparency and reproducibility of our benchmarking
methods and results, all MATLAB scripts, measurement
logs, and supporting materials used in this paper will be
publicly shared through an open-access repository (e.g.,
GitHub) immediately upon manuscript acceptance,
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adhering strictly to IEEE recommendations and best
practices.
Additionally, we estimated energy consumption for the
widely-used Cortex-M4 platform, commonly employed
in low-power wearable and IoT applications. Com-
putational latency was calculated similarly based on
the dominant baseline operations in Table 4 (O(MN )
CFO de-rotation + O(MNp) pilot CE + O(MG) scan),
translated into latency using the Cortex-M4 processor’s
typical clock frequency (168 MHz). Energy estimates
were then derived by multiplying this latency by the
typical active current (approximately 38 mA at 3.3V)
provided in the official STM32 Cortex-M4 datasheet.
These estimates explicitly represent realistic scenarios
for wearable applications, adding depth to our profiling
methodology
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