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Abstract

Vehicular communication systems require precise channel estimation in dynamic propa-

gation environments. Traditional methods struggle in high-mobility settings due to rapid

Doppler shifts and multipath effects. Recent deep learning (DL) approaches demonstrate

improved accuracy but face challenges in generalisation across diverse operating condi-

tions, inference latency, and interpretability.

This thesis investigates DL-based channel estimation for IEEE 802.11p vehicular commu-

nications through three main contributions. First, different DL architectures are proposed

and evaluated. A novel architecture that combines data pilot-aided (DPA) estimation

with non-causal one-dimensional convolutions was found to achieve superior bit error rate

(BER) performance with a median single-frame inference latency of 4.16 ms, satisfying

the receiver processing budget for IEEE 802.11p continuous frame reception. The archi-

tecture employs a processing order where DPA first provides temporal tracking anchor

points, whilst the temporal convolutional network (TCN) corrects errors through dilated

convolutions.

Secondly, training strategies that improve generalisation across diverse noise levels and

propagation environments are investigated. Mixed signal-to-noise ratio (SNR) training

substantially improves performance at low SNR across all evaluated architectures. Multi-

channel training enables a single model trained on combined data from three propagation

models to generalise effectively to unseen environments, eliminating the need for channel-

specific estimators.

Thirdly, the Relevance-based Explainable Analysis for Channel estimation (REACH)

framework extends layer-wise relevance propagation (LRP) for interpretability-driven op-

timisation. For feedforward networks, REACH enables 43.6% parameter reduction with-

out significant performance degradation. For multi-channel TCNs, cross-channel relevance

correlation exceeds 0.81, explaining the strong generalisation to unseen propagation envi-

ronments. Analysis of cross-channel important features reveals that only 19.6% of input

features are critical across six channel models.
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Combined, these contributions establish the DPA-TCN architecture as an effective esti-

mator for IEEE 802.11p systems, combining efficient single-frame inference, generalisation

across diverse conditions, and interpretability-driven optimisation.

Keywords: Vehicular communications, IEEE 802.11p, Channel estimation, Deep learn-

ing, Generalisation, Mixed-SNR training, Multi-channel training, Interpretability
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Chapter 1

Introduction

This chapter introduces the study and motivates its relevance for vehicular communication

systems. We define the scope of the study, establish research questions, and provide an

overview of our approach to developing accurate and efficient channel estimation solutions.

1.1 Background and motivation

Vehicular communication systems are a critical enabler of intelligent transportation sys-

tems, autonomous driving, and intelligent traffic management [1]. These applications

fall under ultra-reliable low-latency communications (URLLC), which impose strict con-

straints on end-to-end delay and communication reliability. Safety-critical Vehicle-to-

Everything (V2X) services, in particular, aim for end-to-end latencies below a few mil-

liseconds and system-level packet-error-rate targets to ensure reliable operation in highly

dynamic vehicular environments [2].

While achieving full vehicle-to-everything safety depends heavily on higher-layer protocols

and burst-sensitive metrics, robust physical-layer performance is a foundational prereq-
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uisite. Accurate channel estimation represents a necessary, but not sufficient, condition

for meeting these broader system requirements. Validating link-level estimator perfor-

mance and processing latency is therefore fundamental, as it dictates how effectively the

underlying wireless channel can support the stringent reliability and latency budgets of

the overall network.

The IEEE 802.11p standard, designed specifically for vehicular communications, employs

an Orthogonal Frequency Division Multiplexing (OFDM) Physical Layer (PHY) inher-

ited from IEEE 802.11a [3]. In vehicular environments, the challenge becomes particularly

acute due to rapid vehicle mobility, which introduces time-varying Doppler shifts, whilst

multipath propagation creates frequency-selective fading [4]. Classical channel estimators

based on Least Squares (LS) and interpolation-based averaging degrade severely in fast

time-varying channels because they assume quasi-static behaviour within an OFDM sym-

bol and fixed correlation structures, assumptions that break down under high mobility

and cause estimation errors [5].

Deep Learning (Deep Learning (DL)) has emerged as a transformative technology in

various domains, demonstrating excellent pattern recognition capabilities and adaptability

to complex nonlinear relationships. In wireless communications, DL approaches have

shown promise for channel estimation by learning complex mappings from received signals

to channel responses [6]–[9]. However, integrating DL into safety-critical vehicular systems

introduces important challenges: many models exceed the computational limits of on-

board hardware, their inference times may not satisfy millisecond-level latency constraints,

and limited interpretability complicates verification and certification for deployment in

unpredictable operating conditions [10]. These limitations motivate the development of

channel estimation methods that maintain high link-level accuracy while operating with

low computational latency for practical vehicular deployment.

This research investigates DL-based channel estimation for IEEE 802.11p vehicular com-

munications, with the aim of improving the accuracy of the estimation under fast time-

varying channel conditions while ensuring real-time efficiency.
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1.2 Problem statement

Traditional channel estimation methods, while mathematically well-founded, face limi-

tations when applied to high-mobility vehicular communication scenarios. They assume

quasi-static or slowly varying channels, making them inadequate for environments where

channel conditions change rapidly due to vehicle mobility, multipath propagation, and

dynamic interference patterns [5]. As a result, these approaches struggle to maintain the

accuracy required for reliable IEEE 802.11p-based V2X communications.

DL approaches demonstrate strong potential for improving channel estimation accuracy.

However, several key research challenges remain:

1. Architecture selection: Several DL approaches have been proposed, but compar-

ative evaluation of these approaches under consistent vehicular channel conditions

is lacking. The trade-offs between estimation accuracy and inference latency remain

unclear.

2. Training strategy limitations: Current DL approaches typically train DL esti-

mators on single vehicular channel models and under high SNR conditions. The

impact of training across diverse channel types and SNR levels on a model’s gener-

alisation to an unseen propagation environment remains under-explored.

3. Real-time latency constraints: Vehicular channels can exhibit short coherence

times in dynamic highway and urban scenarios [11]. Meeting such system-wide con-

straints requires the physical layer to deliver channel estimates rapidly to maintain

link reliability. This poses strict latency requirements specifically on DL inference,

situating estimation latency as a critical bottleneck within the broader end-to-end

communication delay. Therefore, careful architecture selection and optimisation are

critical for a practical DL estimator.

4. Interpretability to support efficient model design: DL estimators provide

limited insight into which input features are most relevant for accurate channel

prediction and which internal parameters contribute meaningfully to model per-
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formance. This lack of interpretability hinders principled reduction of redundant

features and unnecessary model components, restricting opportunities to improve

computational efficiency while maintaining estimation accuracy.

These challenges motivate an investigation into DL–based channel estimation for IEEE

802.11p, focusing on improving generalisation, reducing inference latency, and leveraging

interpretability to guide efficient model design.

1.3 Project scope

To maintain focus and ensure that the research questions are addressed effectively, this

study restricts its scope to the following aspects:

• PHY layer channel estimation: Since channel estimation occurs in the PHY

layer of wireless communication systems, this work focuses exclusively on simulation

and analysis at the PHY layer. Cross-layer optimisation and higher-layer network

protocols are outside the scope of this work.

• Vehicular wireless standard: The research is confined to IEEE 802.11p, a widely

adopted standard for Vehicle-to-Vehicle (V2V) communications, ensuring relevance

to Intelligent Transportation Systems (ITS).

• Propagation environments: The study considers six vehicular channel scenarios

that reflect a range of mobility and propagation conditions relevant to V2X commu-

nications. These include three Roadside-to-Vehicle (R2V) environments (Roadside-

to-Vehicle Suburban Street (RTV-SS), Roadside-to-Vehicle Expressway (RTV-EX),

Roadside-to-Vehicle Urban Canyon (RTV-UC)) and three V2V environments (Vehicle-

to-Vehicle Same Direction With Wall (VTV-SDWW), Vehicle-to-Vehicle Urban

Canyon (VTV-UC), Vehicle-to-Vehicle Expressway (VTV-EX)).

• Dataset generation: The scope of this study is restricted to synthetically gener-
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ated data. All datasets are simulated using MATLAB1 in accordance with vehicular

channel specifications [12], allowing for controlled evaluation without the variability

of real-world hardware impairments.

• System configuration: The study focuses on single-antenna Single-Input Single-

Output (SISO) systems, excluding multi-antenna Multiple-Input Multiple-Output

(MIMO) configurations and cooperative communication techniques.

• Neural Network (NN) architectures: The research investigates DL models rel-

evant to sequence learning, specifically Feedforward Neural Networks (FNNs), Re-

current Neural Networks (RNNs) (Long Short-Term Memory (LSTM) networks and

Gated Recurrent Units (GRUs)), and Temporal Convolutional Networks (TCNs) for

channel estimation.

• Performance analysis: The evaluation validates link-level model accuracy and

communication performance using Normalised Mean Square Error (NMSE) and Bit

Error Rate (BER), along with computational efficiency metrics such as Floating

Point Operations (FLOPs), parameter count, and inference latency. While these

classical averaged physical-layer metrics do not capture application-level burst er-

rors, they serve as the necessary foundational benchmark for assessing the core

viability of the proposed estimators.

1.4 Research questions

This thesis addresses four fundamental research questions:

RQ1: Limitations of classical estimation: What are the performance limitations

of conventional channel estimation techniques (LS, STA, TRFI, DPA) in high-mobility

vehicular channels?

RQ2: Architecture selection and performance evaluation: Which DL architec-

tures (FNN, LSTM, GRU, TCN) achieve better channel estimation performance for IEEE

1MATLAB, version R2022b, The MathWorks, Inc., Natick, Massachusetts, United States
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802.11p vehicular communications, and what are the trade-offs between estimation accu-

racy and inference latency?

RQ3: Generalisation through training data composition: How does training data

composition, specifically, mixed-SNR versus high-SNR training, and multi-channel versus

single-channel training, affect model generalisation to unseen SNR levels and propagation

environments?

RQ4: Interpretability for model optimisation: Can interpretability methods con-

tribute to channel estimation and also support effective complexity reduction?

1.5 Objectives

To address these research questions, the thesis pursues the following objectives:

O1: Simulation framework and baseline establishment Develop a reproducible

simulation framework for IEEE 802.11p vehicular channels to enable benchmarking:

• Implement a compliant IEEE 802.11p PHY layer simulation to generate realistic

datasets under diverse vehicular propagation conditions (V2V and R2V).

• Implement standard classical estimators (LS, STA, TRFI, CDP, and DPA) to serve

as performance baselines.

• Establish the upper-bound performance limits and failure modes of these classical

techniques in high-mobility scenarios.

O2: Architecture evaluation and training strategy optimisation Apply and eval-

uate DL architectures and training strategies for IEEE 802.11p vehicular channel estima-

tion:

• Implement and optimise selected architectures from the literature: FNNs, LSTMs,

GRUs, and TCNs architectures.
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• Compare high-SNR versus mixed-SNR training (0–40 dB) for robustness under noise

conditions.

• Evaluate single-channel versus multi-channel training for generalisation to unseen

propagation environments.

• Conduct performance comparison using BER, NMSE, and inference latency metrics

across the vehicular channel models.

O3: Performance-latency trade-off analysis Analyse computational feasibility of DL

architectures for real-time vehicular deployment:

• Quantify inference latency, model parameters, and FLOPs for each architecture.

• Identify architectures that satisfy the coherence time (sub-millisecond latency) re-

quirements whilst maintaining estimation accuracy.

O4: Interpretability-driven model compression for reduced inference latency

• Apply Layer-wise Relevance Propagation (LRP) to perform feature attribution on

trained models.

• Use insights to reduce model complexity through selective feature removal and pa-

rameter pruning.

• Achieve lower computational complexity and faster inference time while maintaining

acceptable BER performance.

1.6 Research methodology

This research employs an experimental methodology to ensure reproducible results.
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Simulation environment: MATLAB is used to implement the IEEE 802.11p PHY layer

specifications with vehicular channel models. Datasets are generated in-house covering six

propagation scenarios (VTV-SDWW, RTV-SS, VTV-EX, VTV-UC, RTV-UC, RTV-EX).

Experimental Design: The methodology employs controlled experiments with sys-

tematic variation of key parameters, such as SNR levels, channel models, architectural

configurations; and the use of random seeds to ensure reproducibility.

Comparative analysis: Performance is benchmarked against classical methods (LS,

STA, TRFI) and existing DL approaches using BER, NMSE, model parameters, FLOPs,

and inference latency as metrics.

Interpretability analysis: LRP is applied to trained models to identify important

features and to inform input feature selection and model compression.

1.7 Thesis overview

This thesis presents a systematic investigation into DL-based channel estimation for ve-

hicular communication systems. It is organised into seven interconnected chapters:

Chapter 1: Introduction establishes the research context, motivation, and objectives.

Chapter 2: Background. presents a detailed coverage of the fundamentals of chan-

nel estimation, vehicular communication systems, classical estimators, and existing DL

approaches. This chapter establishes the theoretical foundation.

Chapter 3: Simulations and dataset generation. describes the simulation setup

for implementing IEEE 802.11p and vehicular channel modelling, creating datasets for

training and evaluating DL models.

Chapter 4: Deep learning architectures for channel estimation. presents and

evaluates the selected sequential DL architectures for channel estimation.
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Chapter 5: Robustness through noise-aware training. investigates the effect of

training data composition on model robustness. Mixed-SNR training and multi-channel

training are evaluated.

Chapter 6: Interpretability and complexity aware design. introduces the REACH

framework, applying LRP for feature-level interpretability. Cross-channel relevance anal-

ysis identifies key features, enabling model compression through informed feature selection

and parameter pruning.

Chapter 7: Conclusion. synthesises contributions and identifies future research direc-

tions. Each chapter builds on the previous one, progressing from architecture evaluation

to optimisation, and finally to interpretability-driven model compression.

1.8 Publications

The research presented in this thesis has contributed to several peer-reviewed publications,

each addressing specific aspects of DL-based vehicular channel estimation:

Peer-reviewed journal papers:

1. Ngorima, S.A., Helberg, A., Davel, M.H. (2023). “Sequence Based Deep Neural

Networks for Channel Estimation in Vehicular Communication Systems.” Artificial

Intelligence Research. SACAIR 2023. Communications in Computer and Informa-

tion Science, vol. 1976, Springer, Cham.

2. Ngorima, S.A., Helberg, A., Davel, M.H. (2024). “Neural Network-Based Vehicu-

lar Channel Estimation Performance: Effect of Noise in the Training Set.” Artificial

Intelligence Research. SACAIR 2024. Communications in Computer and Informa-

tion Science, vol. 2326, Springer, Cham.

Peer-reviewed conference papers:
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1. Ngorima, S.A., Helberg, A., Davel, M.H. (2024). “A Data Pilot-Aided Temporal

Convolutional Network for Channel Estimation in IEEE 802.11p Vehicle-to-Vehicle

Communications.” In Proceedings of the Southern Africa Telecommunication Net-

works and Applications Conference (SATNAC) 2024.

2. Ngorima, S.A., Helberg, A., Davel, M.H. (2025). “Simplified Temporal Convolu-

tional Based Channel Estimation for a WiFi Vehicular Communication Channel.”

In Proceedings of the 2025 IEEE 3rd Wireless Africa Conference (WAC), Pretoria,

South Africa, pp. 1–5.

The full published versions of these papers are provided in Appendices A.3.1 to A.3.4 in

accordance with the ethical requirements of this study.
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Chapter 2

Background

This chapter presents the background on DL-based channel estimation in IEEE 802.11p

vehicular communications. It outlines the characteristics of wireless propagation in vehic-

ular environments, describes the IEEE 802.11p OFDM system model, and reviews classical

and DL-based channel estimation methods.

2.1 Introduction

Vehicular communication systems rely on accurate channel estimation to maintain com-

munication quality under complex propagation conditions and high mobility. This chapter

presents the theoretical and technical background for the DL-based estimation methods

investigated in this thesis.

We begin with the fundamentals of wireless propagation in vehicular environments and

then describe the IEEE 802.11p system model. IEEE 802.11p specifies the PHY/Medium

Access Control (MAC) for vehicular ad hoc networks operating in the 5.9GHz band.

Throughout this thesis, the term IEEE 802.11p refers to the PHY/MAC parameters
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relevant to channel estimation such as subcarrier spacing and OFDM symbol structure,

while Dedicated Short-Range Communications (DSRC) and Wireless Access in Vehicular

Environments (WAVE) denote the broader vehicular communication stack into which

IEEE 802.11p is incorporated.

Next, we review classical channel estimation methods and discuss their limitations un-

der vehicular conditions. This is followed by an overview of recent DL-based channel

estimation strategies that aim to improve accuracy and robustness. We then introduce

interpretability techniques used in DL models to enhance trust and support model opti-

misation. Finally, we present the performance metrics and evaluation criteria used in this

thesis.

2.2 Wireless communication fundamentals

Wireless communication in vehicular environments introduces propagation challenges dif-

ferent from static scenarios, as the dynamic nature of vehicle mobility and the complexity

of scattering environments create time-varying channels that challenge traditional estima-

tion approaches. This section outlines the main mechanisms and models that characterise

vehicular channels.

2.2.1 Multipath propagation and fading mechanisms

In vehicular communications, electromagnetic waves propagate through environments

with multiple scatterers, including buildings, vehicles, vegetation, and terrain features.

Consequently, the transmitted signal reaches the receiver via several mechanisms: direct

path transmission, specular reflection from smooth surfaces resulting in moderate delay

and attenuation, diffuse scattering from rough surfaces generating weaker and more dis-

persed signal components, and diffraction around obstacles causing amplitude reduction

and phase rotation. Each mechanism introduces unique delays, attenuations, and phase

shifts [13].
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Figure 2.1 shows the propagation mechanisms in a typical vehicular scenario. The direct

path (direct signal), when present, provides the strongest and least delayed signal. Re-

flected signals from buildings and road surfaces arrive with delays corresponding to the

additional path length. Diffracted components, bent around obstacles, experience ampli-

tude reduction and phase rotation. The superposition of these multipath components at

the receiver produces the complex fading patterns that characterise vehicular channels.

Figure 2.1: Multipath propagation in a vehicular V2V scenario.

Linear time-variant channel model

Vehicular channels are well described by Linear Time-Variant (LTV) models [14], as the

mobility of transmitter, receiver, and surrounding scatterers leads to rapidly changing

multipath conditions. In the continuous-time baseband domain, the channel impulse

response is:

h(t, τ) =
L−1∑

p=0

αp(t) δ(τ − τp(t)), (2.1)

where αp(t) and τp(t) represent the complex gain and delay of the p-th propagation path

at time t.

The received signal r(t) is the convolution of the transmitted signal s(t) with the channel

impulse response plus additive noise:

r(t) =

∫ ∞

−∞
h(t, τ)s(t− τ)dτ + n(t), (2.2)
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where h(t, τ) represents the time-varying channel impulse response, τ denotes the prop-

agation delay, and n(t) is Additive White Gaussian Noise (AWGN) with power spectral

density N0/2.

In discrete time, sampled at period Ts, the impulse response becomes:

h[l, n] =
L−1∑

p=0

αp[n]δ[l − τp[n]], (2.3)

where αp[n] = |αp[n]|ejϕp[n] represents the complex path gain, n is the time index, and τp[n]

is the discrete normalised delay. Typical vehicular channels contain L ≈ 6-12 resolvable

multipath components [15].

The frequency domain representation, obtained via the discrete Fourier transform, is:

H[k, n] =
L−1∑

p=0

αp[n]e
−j2πkτp[n]/K , (2.4)

where k ∈ {0, 1, . . . , K − 1} indexes the subcarriers and K is the DFT size. In OFDM

systems such as IEEE 802.11p, each subcarrier therefore experiences a distinct, time-

varying channel gain H[k, n].

The Wide-Sense Stationary Uncorrelated Scattering (WSSUS) assumption [14] is often

applied to describe fading statistics, offering manageable correlation characteristics for

multipath channels. Section 2.2.5 discusses WSSUS in detail.

2.2.2 Doppler effects in high mobility scenarios

Mobility in vehicular environments introduces Doppler frequency shifts that significantly

alter the received signal spectrum. For a scatterer at angle θ relative to the direction of

motion, the Doppler shift is given by

fd =
v cos(θ)fc

c
, (2.5)

where v is the relative velocity, fc is the carrier frequency (5.9 GHz for IEEE 802.11p)

and c the speed of light. Maximum Doppler shift occurs when θ = 0◦:

fd,max =
vfc
c
. (2.6)
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Several Doppler spectrum models have been proposed to characterise the frequency-

domain distribution of time variation in wireless channels, including Jakes, Gaussian,

and measured vehicular spectra. Among these, the classical Jakes model [16, pp. 19–22]

is widely adopted as a reference because of its analytical tractability and realistic repre-

sentation of isotropic scattering. Assuming isotropic scattering, the Doppler PSD follows

the classical Clarke-Jakes model [16], resulting in the characteristic U-shaped spectrum

shown in Fig. 2.2:

SD(fd) =





σ2
h

πfd,max

√
1− (fd/fd,max)2

, |fd| ≤ fd,max,

0, elsewhere,

(2.7)

where σ2
h denotes the average channel power. This spectrum exhibits singularities at the

edges |fd| = fd,max.

The inverse Fourier transform of the Doppler spectrum yields the temporal autocorrelation

function [14]:

rh(∆t) = σ2
hJ0(2πfd,max∆t), (2.8)

where J0(·) is the zeroth-order Bessel function of the first kind. The coherence time Tc,

which quantifies how rapidly the channel varies, can be defined as the time at which this

autocorrelation drops to a specified threshold (commonly 0.5). For the Jakes model, this

leads to the widely used approximation [16]:

Tc ≈
9

16πfd,max

=
0.423

fd,max

. (2.9)

Table 2.1 summarises the maximum Doppler shifts and the corresponding coherence times

for typical vehicular speeds at the IEEE 802.11p carrier frequency of 5.9 GHz. A large

Tc corresponds to a slowly varying channel with small Doppler spread, while a small Tc

indicates rapid time variation.

As shown in Table 2.1, the coherence time Tc decreases with increasing velocity. In

IEEE 802.11p, the duration of the OFDM symbol is Tsym ≈ 8 µs, which remains much

shorter than Tc even at highway speeds. Thus, the channel can be regarded as quasi-static
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Figure 2.2: Doppler PSD of the classical Jakes model under isotropic scattering, showing the

characteristic U-shaped form.

Table 2.1: Maximum Doppler shifts and coherence times for IEEE 802.11p at 5.9GHz, using

Tc ≈ 0.423/fd,max.

Velocity (km/h) fd,max (Hz) Tc (ms)

30 164 2.58

60 328 1.29

120 655 0.65

200 1093 0.39

within a single OFDM symbol. However, Doppler spread still destroys the orthogonality

between subcarriers, resulting in Inter-Carrier Interference (ICI). Moreover, the reduced

coherence time at high mobility degrades the reliability of pilot-based channel tracking

across consecutive symbols. These limitations motivate the use of advanced tracking and

learning-based channel estimation methods in vehicular environments.
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2.2.3 Delay spread and frequency selectivity

Multipath components with different delays create frequency selectivity in the channel

response. The Root Mean Square Delay Spread (RMS-DS) is defined as [4, Ch. 5]

τrms =

√√√√
∑

p τ
2
p |αp|2∑

p |αp|2
−
(∑

p τp|αp|2∑
p |αp|2

)2

, (2.10)

where τp and αp denote the delay and complex gain of the p-th multipath component,

respectively. The RMS-DS determines the channel coherence bandwidth, defined as the

frequency range over which the channel response is highly correlated [4, Ch. 5]:

Bc ≈
1

2πτrms

. (2.11)

When Bc is comparable to or smaller than the signal bandwidth, the channel exhibits

frequency-selective fading, meaning that different frequency components experience un-

correlated fading. In such cases, adjacent subcarriers in OFDM systems experience differ-

ent channel gains, necessitating more sophisticated channel estimation approaches beyond

simple per-subcarrier methods. Vehicular channels typically exhibit significant frequency

selectivity, particularly in urban environments where dense multipath propagation results

in large delay spreads [12], [17].

2.2.4 Doubly selective channel model

Vehicular wireless channels are generally doubly selective, which means that they exhibit

variations in both time and frequency domains. As established in Section 2.2.1, the LTV

channel model (2.3) captures both effects: multipath propagation (indexed by l) causes

frequency selectivity, while temporal variation (indexed by n) introduces time selectivity

through Doppler effects [4].

The degree of selectivity depends on the relationship between channel parameters and

signal characteristics. Frequency selectivity becomes significant when the coherence band-

width Bc defined in (2.11) is comparable to or smaller than the signal bandwidth. Time
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selectivity occurs when the coherence time Tc as defined in (2.9) approaches or becomes

shorter than the transmission duration.

For IEEE 802.11p, the OFDM symbol duration (Tsym = 8 µs) is typically much shorter

than the coherence time in vehicular scenarios, allowing the channel to be treated as

quasi-static within each symbol. However, significant variation occurs across consecutive

symbols, particularly at highway speeds. This temporal variation introduces ICI and

degrades pilot-based channel tracking across frames [12], [17].

The received OFDM symbol at subcarrier k and symbol index i, using the frequency-

domain model from (2.4), can be expressed as:

ỹi[k] = H[k, i] x̃i[k] + ẽi,d[k] + ṽi[k], (2.12)

where H[k, i] is the channel frequency response, x̃i[k] is the transmitted symbol, ẽi,d[k]

represents Doppler-induced interference between adjacent subcarriers, and ṽi[k] is AWGN.

2.2.5 Statistical channel models

For analysis and simulation, vehicular channels are often approximated by statistical

models. A widely adopted framework is the WSSUS model [14], which assumes local

stationarity over short time intervals (on the order of tens of milliseconds, depending on

scenario) and uncorrelated multipath components in delay [4], [18].

Wide-Sense Stationary Uncorrelated Scattering assumptions

Under WSSUS [14] as formulated in [4, Ch. 6], the channel h(t, τ) satisfies two key prop-

erties:

1. WSSUS: first and second order statistics are time-invariant over the local station-

arity interval, such that the autocorrelation function

E{h(t, τ)} = µh(τ), Rh(∆t, τ) = E{h(t, τ)h∗(t+∆t, τ)}, (2.13)
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where µh(τ) denotes the mean channel impulse response at delay τ , and Rh(∆t, τ) is

the channel autocorrelation function evaluated at delay τ and time lag ∆t = t2− t1.
The operator (·)∗ represents the complex conjugate, and E{·} denotes the statistical
expectation. Under the Wide-Sense Stationary (WSS) assumption, Rh depends only

on the time difference (∆t) rather than on the absolute time instants, consistent

with [4, Ch. 6].

2. Uncorrelated Scattering (US): Multipath components with different delays are

uncorrelated:

E{h(t, τ1)h∗(t, τ2)} = Ph(τ1) δ(τ1 − τ2). (2.14)

The channel is then characterised by the scattering function Sh(τ, fd), the 2-D Doppler

delay power spectrum. For a sparse discrete-path representation,

Sh(τ, fd) =
L−1∑

p=0

Pp δ(τ − τp)SD,p(fd), (2.15)

where Pp is the average power of path p with delay τp and Doppler PSD SD,p(fd), describing

the distribution of channel power over Doppler frequencies [4, Ch. 6].

These assumptions enable tractable statistical characterisation through the scattering

function, which describes the distribution of channel power across delay and Doppler

frequency. For the Tapped Delay Line (TDL) models used in vehicular simulations, WS-

SUS implies that different taps are statistically independent and that each tap follows a

Doppler spectrum (typically Jakes-type) as discussed in Section 2.2.2 [4], [18].

2.2.6 Channel amplitude distributions

The small-scale fading amplitude follows different statistical distributions depending on

the propagation environment. Two cases are particularly relevant for vehicular commu-

nications:
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2.2.6.1 Rayleigh fading

In Non-Line-of-Sight (NLOS) propagation environments with a large number of inde-

pendent scatterers and no dominant path, the complex channel coefficient h at a given

subcarrier and time instant can be modelled as a zero-mean circularly symmetric com-

plex Gaussian random variable. The channel envelope r = |h| then follows a Rayleigh

distribution [4, Ch. 5]:

pR(r) =
r

σ2
exp
(
− r2

2σ2

)
, r ≥ 0, (2.16)

where σ2 is the variance of each real and imaginary component (E{|h|2} = 2σ2). The

phase ϕ = ∠h is uniformly distributed over [0, 2π), and the instantaneous power |h|2

follows an exponential distribution [4, Ch. 5].

2.2.6.2 Rician fading

In environments where a dominant Line-of-Sight (LOS) component is present in addition

to diffuse multipath, the channel envelope follows a Rician distribution [4, Sec. 5.5.2]:

pRic(r) =
r

σ2
exp
(
− r2 + A2

2σ2

)
I0

(rA
σ2

)
, (2.17)

where A is the LOS amplitude, σ2 is the variance per dimension of the scattered com-

ponents, and I0(·) denotes the modified Bessel function of the first kind of zero order [4,

Ch. 5]. The Rician K-factor quantifies the ratio of LOS to scattered power:

K =
A2

2σ2
. (2.18)

As K → 0, the Rician distribution converges to the Rayleigh case, corresponding to a

purely NLOS environment with no dominant LOS component, while larger K corresponds

to stronger LOS dominance [4, Ch. 5]. Figure 2.3 illustrates the Rayleigh and Rician fading

distributions for different K-factors, highlighting how increasing K skews the envelope

toward higher amplitudes due to the stronger LOS component.

These statistical models, together with the WSSUS framework, provide tractable ab-

stractions of vehicular channels for analysis and the generation of training data in deep
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Figure 2.3: Rayleigh and Rician fading distributions for different K-factors.

learning-based channel estimation [4], [18].

2.3 Vehicular communication systems

ITS transform vehicles into connected nodes within a coordinated communication frame-

work. The characteristics of the vehicular channel such as doubly selective fading (Subsec-

tion 2.2.4), high Doppler spreads (Subsection 2.2.2), and time-varying multipath (Subsec-

tion 2.2.1), directly impact the design of the V2X system and motivate the deep learning-

based channel estimators developed in this thesis.

2.3.1 Vehicle-to-Everything (V2X) paradigms

V2X comprises four primary link types with different propagation and estimation chal-

lenges (Fig. 2.4): V2V, Vehicle-to-Infrastructure (V2I), Vehicle-to-Pedestrian (V2P) and

Vehicle-to-Network (V2N).
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Figure 2.4: V2X communication paradigms.

Vehicle-to-Vehicle (V2V) (dual mobility). Both endpoints move, resulting in an

increased effective Doppler shift and a rapidly changing geometry. With relative speed

vrel, the maximum Doppler shift is

fV2V
d,max =

vrelfc
c

. (2.19)

For opposing traffic at 120 km/h each (vrel = 66.7 m/s) and fc = 5.9 GHz, this yields

fd,max ≈ 1.31 kHz. The corresponding coherence time Tc ≈ 0.32 ms is much longer than

the OFDM symbol duration (Tsym ≈ 8 µs), allowing quasi-static approximation within

symbols but requiring tracking across consecutive symbols [17].

Vehicle-to-Infrastructure (V2I) (single-sided mobility). Vehicles communicate

with Road Side Units (RSUs) installed at elevated positions (3-6 m) at intersections and

highway access points. LOS components are common, delay spreads are moderate, and
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the Doppler shift is lower than V2V for the same vehicle speed.

Vehicle-to-Pedestrian (V2P) (human-carried devices). Connections between ve-

hicles and pedestrian devices (smartphones, wearables) are dominated by the vehicle’s

motion rather than the pedestrian’s. At fc = 5.9 GHz, a walking speed of 1 m/s pro-

duces only about 20 Hz Doppler shift, while a vehicle at 30 m/s induces nearly 600 Hz [4,

Ch. 6]. Body shadowing and occlusions cause power fluctuations and intermittent con-

nectivity [17].

Vehicle-to-Network (V2N) (cellular backhaul). Connectivity leverages cellular in-

frastructure (4G/5G) for wide-area communication, enabling cloud-based services and

network-assisted positioning. Since only the vehicle is in motion, the Doppler shift is equal

to fd = vfc/c, yielding fd ≈ 650 Hz at 5.9 GHz and 120 km/h, about half that of a V2V

link under the same conditions. The resulting coherence time, Tc ≃ 0.423/fd ≈ 0.65 ms,

implies that the channel remains approximately constant over several OFDM symbols but

changes across successive subframes [4, Ch. 6]. Path loss and shadowing dominate large-

scale variation, while small-scale fading follows cellular channel statistics under vehicular

mobility.

2.3.2 Safety requirements and metrics

Safety-related V2X applications impose stringent latency and reliability constraints that

directly affect the PHY-layer design of IEEE 802.11p and Cellular Vehicle-to-Everything

(C-V2X) systems. Two major standardisation frameworks define these requirements:

(i) SAE J2945/1 (U.S.) specifies the on-board broadcast of Basic Safety Messages (BSMs)

at 10 Hz (every 100 ms), with congestion control based on transmit power and rate

adaptation [19].

(ii) ETSI TR 102 638 (Europe) defines similar message classes such as Cooperative

Awareness Messages (CAMs) and Decentralised Environmental Notification Messages
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(DENMs) [20].

Although the application layer disseminates situational awareness updates at 10 Hz, the

underlying wireless channel varies much faster. As shown in Section 2.2.2, coherence times

at highway speeds are 0.3-0.6 ms, several hundred times shorter than the BSM interval.

Thus, reliable PHY-layer operation demands accurate channel estimation and equalisation

at the OFDM symbol level (Tsym≈8 µs) despite the slower messaging cadence.

The standards further target high packet reception ratios and strict end-to-end latencies

for safety-critical events such as emergency braking and collision warnings. While the

channel estimators developed in this thesis are evaluated using link-level physical-layer

metrics rather than burst-sensitive application-level metrics, meeting these physical-layer

processing constraints is a crucial prerequisite. The latency introduced by channel es-

timation acts as a fundamental bottleneck within the wider end-to-end communication

delay. Therefore, while low-latency, high-reliability channel estimation is a necessary con-

dition for vehicular safety, it provides the foundational link-level robustness upon which

higher-layer protocols rely, rather than acting as a sufficient guarantee of system-wide

safety.

Representative end-to-end Quality of Service (QoS) targets derived from SAE J2945/1 [19]

and ETSI TR 102 638 [20] are summarised in Table 2.2. These parameters describe the

latency, update rate, and reliability requirements for the core V2X safety applications.

Reliability is typically quantified using the Packet Reception Ratio (PRR), defined as the

probability that a transmitted message is correctly received within a specified distance

(commonly 300 m).

2.3.3 Standardised vehicular channel models

Accurate channel models support the analysis, simulation and DL training. We adopt

TDL models derived from extensive measurements (the Atlanta campaign [12]), which

capture the doubly selective behaviour and WSSUS characteristics described in Sec-

tions 2.2.4 and 2.2.5.
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Table 2.2: Representative QoS targets for selected V2X applications.

Application Latency (ms) Update Rate (Hz) Reliability/Notes

Emergency braking (EEBL) < 100 10 PRR ≳ 90% @ 300m

Collision/hazard warning < 100 10 PRR ≳ 90% @ 300m

Cooperative awareness 100-300 1-10 Situational awareness

Traffic optimisation ≤ 500 0.1-1 Infrastructure-assisted

Infotainment Seconds On-demand Throughput-driven

IEEE 802.11p reference models

We employ six measured V2X scenarios from standardised vehicular channel measurement

campaigns [12]. These models represent two main categories: V2V and R2V communica-

tions across diverse environments. The V2V scenarios (Vehicle-to-Vehicle (VTV) prefix)

model communication between moving vehicles, whilst R2V scenarios (RTV prefix) model

communication from fixed roadside units to mobile vehicles. Table 2.3 summarises the key

characteristics of all six models, including the number of taps, vehicle velocity, maximum

Doppler shift, average path gains, and path delays.

The six models span diverse propagation environments:

• RTV-SS: Suburban road side to vehicle with moderate mobility (32 to 48 km/h,

500 Hz Doppler shift) and intermediate delay spread (up to 700 ns).

• RTV-EX: High-mobility scenario (104 km/h, 700 Hz Doppler shift) with roadside

infrastructure communicating to vehicles on expressways with relatively short delay

spread (401 ns), reflecting open propagation environments.

• RTV-UC: Dense urban canyon (32-48 km/h, 300 Hz Doppler shift) with delay

spread (501 ns) due to strong multipath from surrounding buildings.

• VTV-UC: V2V communication in urban canyons where both the transmitter and

the receiver are mobile. The relative motion between vehicles produces 500 Hz

Doppler shift despite moderate individual speeds (32–48 km/h), with delay spread
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Table 2.3: Vehicular channel model characteristics following Jakes’ Doppler spectrum [12].

Channel

model

Taps Velocity

[km/h]

Max

Doppler

[Hz]

Average path gains [dB] Path delays [ns]

Roadside-to-Vehicle (R2V) Scenarios

RTV-SS 12 32–48 500 [0, 0, −9.3, −9.3, −14, −14,
−18, −18, −19.4, −24.9,
−27.5, −29.8]

[0, 1, 100, 101, 200, 201,

300, 301, 400, 500, 600, 700]

RTV-

EX

12 104 700 [0, 0, 0, −9.3, −9.3, −9.3,
−20.3, −20.3, −21.3, −21.3,
−28.8, −28.8]

[0, 1, 2, 100, 101, 102, 200,

201, 300, 301, 400, 401]

RTV-

UC

12 32–48 300 [0, 0, 0, −11.5, −11.5,
−11.5, −19, −19, −25.6,
−25.6, −28.1, −28.1]

[0, 1, 2, 100, 101, 102, 200,

201, 300, 301, 500, 501]

Vehicle-to-Vehicle (V2V) Scenarios

VTV-

UC

12 32–48 500 [0, 0, −10, −10, −10, −17.8,
−17.8, −17.8, −21.1, −21.1,
−26.3, −26.3]

[0, 1, 100, 101, 102, 200,

201, 202, 300, 301, 400, 401]

VTV-

SDWW

12 104 1150 [0, 0, −11.2, −11.2, −19,
−21.9, −25.3, −25.3, −24.4,
−28, −26.1, −26.1]

[0, 1, 100, 101, 200, 300,

400, 401, 500, 600, 700, 701]

VTV-

EX

11 104 1200 [0, 0, 0, −6.3, −6.3, −25.1,
−25.1, −25.1, −22.7, −22.7,
−22.7]

[0, 1, 2, 100, 101, 200, 201,

202, 300, 301, 302]

up to 401 ns.

• VTV-SDWW: High-speed V2V scenario (104 km/h) on expressways with cen-

tre dividing walls. The wall creates additional reflections, producing the highest

Doppler shift (1150 Hz) and delay spread to 701 ns.

• VTV-EX: Open expressway V2V (104 km/h, 1200 Hz Doppler shift) with the

highest Doppler shift due to direct relative motion but shorter delay spread (302
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ns) from sparse scattering.

These profiles exhibit clustered delays around discrete values (0, 100, 200, 300 ns) repre-

senting distinct scattering clusters, with path powers generally decaying with delay [12].

2.3.4 Dedicated Short-Range Communications (DSRC) archi-

tecture

The 5.9GHz band dedicated to ITS is regulated regionally by bodies such as the U.S.

Federal Communications Commission (FCC) and the European Conference of Postal and

Telecommunications Administrations (CEPT). In the United States, the historical allo-

cation spans 5.850-5.925GHz (75MHz) and is divided into seven 10MHz channels [21].

Channel 178 (5.890GHz) serves as the Control Channel (CCH), while Channels 172, 174,

176, 180, 182, and 184 are designated as Service Channels (SCHs), as shown in Fig. 2.5.

Adjacent 10MHz channels can be bonded to form a 20MHz operational mode. However,

10MHz operation is typically preferred in vehicular environments because the doubled

OFDM symbol duration improves robustness against multipath delay spread and Doppler

effects [22]. For comparison, the European ITS-G5 system operates over 5.875-5.905GHz

(30MHz), divided into three 10MHz channels.

Figure 2.5: DSRC spectrum allocation in the 5.9GHz band (U.S. FCC plan).

Multichannel coordination and timing. IEEE 1609.4 defines a time-division chan-

nel coordination mechanism in which all stations synchronise to a global 10 Hz (100 ms)
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synchronisation interval derived from Coordinated Universal Time (UTC). Each interval

is subdivided into a CCH period and an SCH period, typically 50ms each, separated by

short guard intervals to allow for radio retuning and context switching [21]. During the

CCH period, vehicles exchange high-priority safety beacons such as BSMs along with con-

trol and management frames. During the SCH period, application data and infotainment

traffic are carried on the selected SCHs. These alternating intervals ensure the temporal

separation between safety-critical and non-safety communications, as shown in Fig. 2.6.

The 100ms synchronisation cadence determines how often transceivers must re-acquire

Figure 2.6: Multichannel coordination in DSRC showing the 100ms synchronisation interval

alternating between CCH and SCH periods with guard intervals for channel switching (adapted

from [21]).

or track the channel state. Given that vehicular channel coherence times can be of mil-

liseconds at highway speeds, the retuning process introduces an inherent need for rapid

channel re-estimation and temporal tracking across successive CCH/SCH transitions.

Medium Access: Enhanced Distributed Channel Access (EDCA). Medium

access in DSRC is governed by IEEE 802.11e Enhanced Distributed Channel Access

(EDCA), which prioritises traffic using four Access Categories (AC) with distinct Ar-

bitration Inter-Frame Spaces (AIFS) and contention window (CW) parameters [23]. The

mean channel access delay for a given AC can be approximated by

E[Taccess] = AIFS[AC] +
CW[AC]

2
Tslot, (2.20)
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where AIFS[AC] is the arbitration inter-frame space, CW[AC] the contention window,

and Tslot the slot duration. Safety beacons are assigned to the highest-priority access cat-

egory (typically AC VO), which uses the smallest AIFS and contention window to minimise

latency and ensure timely channel access for safety-critical transmissions.

2.4 OFDM and IEEE 802.11p system

OFDM forms the PHY layer of IEEE 802.11p and mitigates the impact of multipath fading

while maintaining spectral efficiency. IEEE 802.11p is an amendment to IEEE 802.11 (de-

rived from 802.11a) that adapts the PHY and MAC layers for vehicular delay and Doppler

conditions in DSRC and ITS applications [21], [22]. This section reviews the OFDMmath-

ematical framework, key IEEE 802.11p parameter adaptations, and the transceiver and

frame structures that define the channel estimation challenges studied in this thesis.

2.4.1 OFDM principles

This subsection outlines the core signal-processing concepts behind OFDM, focusing on

subcarrier orthogonality, discrete-time modulation using the Inverse Fast Fourier Transform

(IFFT), and the use of the Cyclic Prefix (CP) to preserve circular convolution in multipath

channels.

2.4.1.1 Orthogonality and spectral efficiency

An OFDM signal divides the available bandwidth into N orthogonal subcarriers, each

modulated by a low-rate data stream. Let the useful symbol duration be Tu and the

subcarrier spacing ∆f = 1/Tu. The subcarrier spacing is given by

∆f =
1

Tu
=

Bs

N
, (2.21)

29



where Bs is the sampling bandwidth associated with the N -point Fast Fourier Transform

(FFT) grid. In time-invariant channels, subcarriers remain orthogonal; however, time

selectivity due to Doppler shifts perturbs this orthogonality, introducing ICI [24].

The continuous-time baseband OFDM waveform (before CP insertion) can be expressed

as

s(t) =
∞∑

i=0

N−1∑

k=0

Xi[k] e
j2πk∆f (t−iTs) rect

(
t− iTs
Tu

)
, (2.22)

where s(t) is the transmitted baseband waveform, Xi[k] denotes the complex data symbol

on the k-th subcarrier of the i-th OFDM symbol, and Ts = Tu + TCP is the total symbol

duration including the CP. The rectangular pulse rect(·) defines each symbol over [0, Tu),

ensuring non-overlapping time intervals [24].

Figure 2.7: OFDM subcarrier orthogonality.

Figure 2.7 shows the principle of subcarrier orthogonality in OFDM systems. The fre-

quency response of each subcarrier follows a sinc2 power spectrum, with its main lobe peak

aligned to the zero-power crossings of adjacent subcarriers. However, in high-mobility ve-

hicular channels, Doppler spread distorts these spectra, shifting and broadening the lobes,

breaking orthogonality and introducing ICI that degrades system performance [4], [25].
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2.4.1.2 Discrete implementation via Inverse Fast Fourier Transform (IFFT)

In practical systems, OFDM modulation is implemented digitally via an Inverse Discrete

Fourier Transform (IDFT). Let the frequency domain vector X = [X[0], X[1], . . . , X[N −
1]]T contain the complex constellation symbols mapped onto the N subcarriers (data,

pilot, and null tones as shown in Fig. 2.8). The discrete-time OFDM signal is then

Figure 2.8: IEEE 802.11p OFDM frame in the frequency domain [6].

generated using an N -point IFFT [4, Ch. 19] as

x[n] =
1√
N

N−1∑

k=0

X[k] ej
2π
N

kn, n = 0, . . . , N − 1, (2.23)

which converts the frequency-domain symbols to the time-domain sequence transmitted

over the channel. At the receiver, an N -point FFT recovers the subcarrier-domain repre-

sentation X[k] from x[n].

The computational complexity of a direct N -point DFT is O(N2), whereas the Coo-

ley Tukey FFT algorithm [26] reduces this to O(N log2N) by recursively decomposing

the transform into smaller subtransforms [27]. This reduction is essential for real-time
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embedded implementations; the required IFFT size N is determined by the number of

subcarriers and thus directly impacts the computational load.

2.4.1.3 Cyclic prefix and multipath mitigation

The CP extends the OFDM symbol by copying the lastNCP samples to its front, effectively

transforming a linear convolution into a circular convolution, as shown in Figure 2.9. This

eliminates Inter-Symbol Interference (ISI) provided that

TCP > τmax, (2.24)

where τmax is the maximum channel delay spread. For IEEE 802.11p, TCP = 1.6µs

accommodates the delay spreads typically observed in vehicular environments [21].

Figure 2.9: IEEE 802.11p frame structure in time domain [17].

2.4.2 IEEE 802.11p physical layer specifications

IEEE 802.11p operates on a 10 MHz channel bandwidth, which is half that of IEEE 802.11a,

thereby doubling the time-domain parameters (symbol and CP durations) and halving

the subcarrier spacing to improve robustness against Doppler shift [21], [22]. The key

parameters of the PHY-layer are summarised in Table 2.4.

The supported coding rates (1/2, 2/3, and 3/4) define the ratio of information bits to

encoded bits produced by the convolutional encoder. Higher code rates provide higher

throughput but reduced error protection, directly influencing link reliability [21]. The
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Table 2.4: Key IEEE 802.11p PHY parameters

Parameter Value

Channel bandwidth 10 MHz

FFT size (NFFT) 64

Subcarrier spacing 156.25 kHz

Total / active subcarriers 64 / 52

Data / pilot / null subcarriers 48 / 4 / 12

Useful symbol duration (Tu) 6.4 µs

Cyclic prefix duration (TCP) 1.6 µs

Total symbol duration (Tsym=Tu+TCP) 8.0 µs

Pilot subcarriers {−21,−7, 7, 21}
Modulation BPSK, QPSK, 16-QAM, 64-QAM

Convolutional coding rate 1/2, 2/3, 3/4

achievable data rate is given by

Rb =
Kd ·m · r
Tsym

, (2.25)

where Kd is the number of data subcarriers, m is the number of bits per symbol (modu-

lation order), and r is the coding rate [28].

2.4.3 Transceiver architecture and signal processing chain

Figure 2.10 shows the complete IEEE 802.11p transceiver architecture, with each pro-

cessing block serving specific functions in the communication chain. The IEEE 802.11p

baseband chain (Fig. 2.10) follows the conventional OFDM transceiver pipeline with adap-

tations for vehicular environments.

Transmitter processing. The transmitter scrambles input bits to ensure uniform

power spectral density, applies convolutional coding (constraint length 7, rate 1/2 base

code with puncturing for rates 2/3 and 3/4), interleaves coded bits across subcarriers to
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Figure 2.10: IEEE 802.11p baseband transceiver chain (PHY) [21].

protect against burst errors, maps them to complex Quadrature Amplitude Modulation

(QAM) symbols using Gray coding, inserts four pilot tones at subcarrier indices

{−21,−7, 7, 21} for phase tracking and channel estimation, and applies a 64-point IFFT

with CP insertion to generate the transmitted time-domain waveform [21], [28].

Receiver processing. The receiver performs Automatic Gain Control (AGC), packet

detection, timing and frequency synchronisation, CP removal, 64-point FFT, channel es-

timation, equalisation, QAM demapping, deinterleaving and Viterbi decoding [21]. The

accuracy of channel estimation directly impacts equalisation performance and is the pri-

mary focus of this thesis.

2.4.4 Frame structure and preamble design

An IEEE 802.11p Physical Layer Protocol Data Unit (PPDU) comprises a preamble, a

SIGNAL symbol, and a DATA field [21], [28]. The preamble enables packet detection,

AGC, synchronisation, and initial channel estimation in the receiver front-end. Figure 2.9
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shows the complete frame structure.

Short Training Symbol (STS). The Short Training Symbol (STS) comprises ten rep-

etitions of a 16-sample waveform, totalling 16µs. It supports packet detection, diversity

selection, and coarse Carrier Frequency Offset (CFO) and timing estimation.

Long Training Symbol (LTS). The Long Training Symbol (LTS) comprises a 3.2µs

CP followed by two identical 6.4µs OFDM symbols (total 16µs), each carrying a known

Binary Phase Shift Keying (BPSK) pattern on the 52 active subcarriers. After CP removal

and FFT at the receiver, the two LTS observations YT1[k] and YT2[k] enable per-subcarrier

LS channel estimation by averaging, providing the initial Channel State Information (CSI)

for data symbol equalisation [21], [28].

Signal Field (SF). The SIGNAL Field (SF) is a single BPSK-modulated OFDM sym-

bol (rate 1/2 coding) that conveys the Modulation and Coding Scheme (MCS) and payload

length for the subsequent DATA symbols [28].

DATA field and pilot structure. Following the SF, the DATA field comprises NSYM

OFDM symbols carrying the encoded MAC Protocol Data Unit (MPDU). Four pilot

subcarriers at indices {−21,−7, 7, 21} are embedded in each DATA symbol to enable

phase tracking, residual CFO correction, and pilot-aided channel tracking across symbols.

The pilot symbols follow a pseudorandom polarity pattern (defined by the IEEE 802.11

scrambler with initial state) to avoid spectral lines and improve tracking robustness [28].

The pilot spacing of 14 subcarriers corresponds to 14 × 156.25 kHz ≈ 2.19MHz, which

is comparable to or may exceed the coherence bandwidth observed in vehicular channels

(Section 2.2.3). When the coherence bandwidth falls below this spacing, interpolation of

CSI across subcarriers becomes unreliable, motivating the use of learning-based channel

estimation approaches that exploit both spatial (frequency) and temporal structure [21].
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2.4.5 Signal model

This subsection presents the discrete-time baseband signal model that serves as the ana-

lytical framework for channel estimation throughout this thesis. We adopt the standard

IEEE 802.11 OFDM model [24], [27], [28] and assume perfect timing and carrier synchro-

nisation for analytical tractability. The SF is omitted as our focus is on the DATA symbol

channel estimation.

We consider a PPDU comprising two LTS followed byNSYM OFDM data symbols (Fig. 2.9).

The number of data symbols depends on the payload size, modulation order, and coding

rate. For example, an Ethernet payload of 1500 bytes may require tens to hundreds of

OFDM symbols depending on the selected MCS [21], [28].

2.4.5.1 Frequency-domain symbol structure

Let K = 64 denote the FFT size for IEEE 802.11p operation on a 10 MHz channel [28].

The subcarrier allocation comprises Kd = 48 data subcarriers, Kp = 4 pilot subcarriers,

and K0 = 12 null subcarriers (DC and guard tones). The frequency-domain OFDM

symbol at time index n is thus

Xn[k] =





Xd
n [k], k ∈ Kd,

Xp
n [k], k ∈ Kp,

0, k ∈ K0.

(2.26)

where Kd, Kp, and K0 denote the data set, pilot, and null subcarrier indices, respectively.

2.4.5.2 Time-domain transmission

The corresponding time-domain OFDM symbol is generated using a K-point IDFT, typ-

ically implemented by an IFFT:

xn[m] =
1√
K

K−1∑

k=0

Xn[k] e
j2πmk/K , m = 0, . . . , K − 1. (2.27)
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This unitary normalisation (1/
√
K) preserves the signal energy between time and fre-

quency domains (Parseval’s theorem)[27, Ch. 5]. A CP of NCP = 16 samples (1.6 µs) is

prepended to each symbol to mitigate ISI, as specified in the IEEE 802.11p PHY [28].

2.4.5.3 Channel model and received signal

After removal of the CP, the received time-domain OFDM symbol can be expressed as a

discrete LTV convolution:

yn[m] =
L−1∑

l=0

h[l, n]xn[m− l] + wn[m], m = 0, . . . , K − 1, (2.28)

where yn[m] is the m-th time-domain sample of the n-th received OFDM symbol, h[l, n]

is the l-th tap of the multipath channel impulse response at symbol index n, L is the

number of channel taps, and wn[m] represents complex AWGN with variance σ2
w. This

model is consistent with the WSSUS framework and TDL representation discussed in

Sections 2.2.5 and 2.3.3, where each tap varies over time according to its Doppler spectrum

as characterised by the scattering function in Equation (2.15) [4, Ch. 6]. The convolution

in (2.28) captures the joint effects of multipath delay spread (indexed by l) and Doppler

frequency shift (variation with n), both characteristic of vehicular propagation.

Frequency domain input and output relation. Applying a K-point FFT to (2.28)

yields the frequency-domain relationship

Yn[k] =
K−1∑

q=0

Ckq[n] Xn[q] + Vn[k], (2.29)

where Yn[k] is the received symbol at subcarrier k and OFDM symbol index n, Ckq[n]

denotes the subcarrier coupling coefficient induced by time selectivity, and Vn[k] is the

FFT of the noise sequence.

Under the quasi-static within-symbol assumption (Section 2.2.4), valid when the Doppler

spread fD is small compared to the subcarrier spacing ∆f = 156.25 kHz, inter-carrier

coupling becomes negligible (Ckq[n] ≈ 0 for q ̸= k), resulting in

Yn[k] ≈ H[k, n]Xn[k] + Vn[k], (2.30)
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where H[k, n] ≜ Ckk[n] represents the Channel Frequency Response (CFR) at subcarrier

k and OFDM symbol n. This per-subcarrier model forms the basis for most conventional

channel estimation and equalisation approaches.

In mobility scenarios, such as vehicular communications with large Doppler spreads, the

off-diagonal coefficients Ckq[n] become significant, introducing ICI:

Yn[k] = H[k, n]Xn[k] +
∑

q ̸=k

Ckq[n]Xn[q] + Vn[k]. (2.31)

This general model captures both flat and frequency-selective fading effects in time-

varying vehicular channels and serves as the reference for subsequent channel estimation

analyses presented.

2.5 Channel estimation fundamentals

This section establishes the background required for analysing and designing high perfor-

mance channel estimators. We begin by formulating the channel estimation objective in

the OFDM frequency domain, followed by a discussion structured by the type of infor-

mation used: we begin with classical methods that rely solely on the preamble, followed

by tracking techniques that use pilots and data within the frame. Finally, we discuss

advanced methods designed to mitigate error propagation in data-aided tracking.

2.5.1 Problem formulation

Channel estimation aims to reconstruct the channel response so that the receiver can

compensate for path loss, shadowing, multipath fading, and Doppler shifts. In an OFDM

system with perfect within-symbol synchronisation, a per-subcarrier diagonal model [4]

is given by Equation (2.30).

Given observations {Yn[k]}k∈Kact on the active subcarriers Kact, the channel estimate

Ĥ[k, n] is often obtained by minimising Mean Square Error (MSE) over the active sub-
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carriers:

Ĥn = argmin
H̃

∑

k∈Kact

E
[∣∣Yn[k]− H̃[k]Xn[k]

∣∣2
]
, (2.32)

with Hn := {H[k, n]}k∈Kact . Estimation quality limits post-equalisation SNR, which in

turn determines BER for the chosen modulation [27].

2.5.2 Preamble-based estimators

Preamble-based estimators rely exclusively on the known Long Training Symbol (LTS)

located at the start of the packet. They assume the channel remains static for the duration

of the frame and do not exploit pilots or data symbols embedded in the payload.

Least Squares (LS) Estimation. The LS estimation method is the most widely

adopted channel estimation technique in wireless communications due to its computa-

tional simplicity and implementation efficiency [29], [30]. It estimates the channel fre-

quency response by minimising the squared error between the received and expected pilot

symbols without requiring statistical knowledge of the channel or noise.

According to the IEEE 802.11 OFDM PHY specification [28], two identical LTS are

transmitted at the start of each frame. Each LTS is first constructed in the frequency

domain across the 52 active subcarriers (48 data and 4 pilot tones) and then converted

to the time domain using a K-point IFFT, as described in Section 2.4.4. At the receiver,

after coarse and fine frequency-offset correction, the CP is removed, and a K-point FFT

is applied to recover the frequency-domain LTS observations YT1[k] and YT2[k] on each

active subcarrier k ∈ Kact. The per-subcarrier LS channel estimate is then obtained by

averaging over the two LTS symbols:

ĤLS[k] =
YT1[k] + YT2[k]

2XT [k]
, k ∈ Kact. (2.33)

where XT [k] is the known frequency-domain training symbol defined by the standard.

Under AWGN with variance σ2
n per complex subcarrier, the mean-squared estimation
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error is

MSELS = σ2
n/
(
2 |XT [k]|2

)
(2.34)

which doubles if only one LTS is used. The LS method exhibits linear complexity

O(|Kact|), and is computed once per frame. The resulting channel estimate ĤLS[k] is then

applied to all subsequent OFDM data symbols within that frame for equalisation. Al-

though computationally efficient, the LS estimator does not exploit any statistical knowl-

edge of the channel or noise and assumes that it remains constant over the two training

symbols and the subsequent data duration. In high-mobility vehicular scenarios where

the coherence time is comparable to or shorter than the frame duration, this assumption

no longer holds, leading to rapid degradation in estimation accuracy [4, Ch. 19.4.2].

Minimum Mean Squared Error (MMSE) Estimation. The MMSE estimator re-

fines the LS estimate by incorporating second-order statistics of the channel and noise

to minimise the expected estimation error [29], [31]. Unlike LS, which assumes no prior

statistical information, the MMSE estimator exploits the spatial or frequency correlation

of the channel to achieve improved accuracy. In the per-subcarrier (diagonalised) OFDM

model, a linear MMSE refinement of the preamble-based LS estimate is expressed as

ĤMMSE = RHH

(
RHH +

σ2
n

|XT |2
I

)−1

ĤLS, (2.35)

where RHH = E[HHH ] denotes the channel covariance matrix across active subcarriers,

and σ2
n/|XT |2 represents the LS error variance per subcarrier. For unit-magnitude training

symbols, this term reduces to σ2
n. The corresponding mean-squared estimation error is

MSEMMSE = tr

(
RHH −RHH

(
RHH +

σ2
n

|XT |2
I

)−1

RHH

)
. (2.36)

While MMSE estimation achieves lower error variance than LS, it requires accurate knowl-

edge of the channel covariance matrix and noise variance, as well as a matrix inversion

whose computational complexity scales as O(|Kact|3). Consequently, its practical imple-

mentation in vehicular OFDM systems is limited, since the underlying covariance statis-

tics may vary rapidly and become outdated within a single frame [32]. In such cases,

LS or adaptive low-rank approximations of MMSE are often preferred trade-offs between

accuracy and complexity.
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Maximum Likelihood (ML). The ML approach selects the channel that maximises

the likelihood of the received signal given the known pilot/data symbols [33]. Under

the per-subcarrier (diagonal) OFDM model with AWGN, the Maximum Likelihood (ML)

solution is equivalent to the LS estimate and therefore offers no performance advantage.

In more general receiver models that account for ICI, residual carrier-frequency offset,

or coloured noise, the ML estimator can, in principle, outperform LS [34]. However, it

requires joint optimisation over both the channel and impairment parameters, which is

computationally intensive and highly sensitive to model mismatch.

Due to these complexity and robustness constraints, especially in fast-varying vehicular

channels, this thesis adopts the LS estimator as the practical baseline for subsequent

analysis.

2.5.3 Pilot-based and data-aided estimation

Most practical OFDM systems employ pilot-based estimation, where a subset of subcar-

riers carries known symbols for channel observation [29]. The channel frequency response

at data subcarriers is then reconstructed by interpolation between the pilot subcarriers.

The pilot pattern for IEEE 802.11p was defined and discussed in Section 2.4.4. Unlike

the preamble-based methods, the techniques in this subsection utilises the pilots and

data subcarriers distributed throughout the time-frequency grid. This allows the receiver

to update the channel estimate for every OFDM symbol, accommodating time-varying

channel conditions that preamble-only methods cannot capture.

2.5.3.1 Pilot interpolation

Using the four pilot subcarriers {−21,−7, 7, 21} shown in Fig. 2.8, the pilot-only base-

line estimates the channel on data subcarriers by interpolating Ĥ[k] between adjacent

pilot estimates. Common approaches include linear and higher-order (Lagrange) interpo-
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lation [35]:

Linear: Ĥ[k] = Ĥ[kp] +
k − kp
kp+1 − kp

(
Ĥ[kp+1]− Ĥ[kp]

)
, (2.37)

Lagrange: Ĥ[k] =

Np−1∑

i=0

Ĥ[kp,i]

Np−1∏

j=0
j ̸=i

k − kp,j
kp,i − kp,j

, (2.38)

where kp,i denotes the i-th pilot subcarrier index and Np = 4 for IEEE 802.11p. Linear

interpolation is computationally efficient but assumes a slowly varying frequency response

between pilots. Lagrange interpolation captures higher-order variations, but its sensitivity

to noise and estimation errors at pilot locations limits its robustness in high-mobility

environments [29].

2.5.3.2 Data-Pilot Aided (DPA) estimation

Data-aided methods exploit information from demapped data subcarriers in addition to

pilots. Data-Pilot Aided (DPA) assumes short-term temporal correlation across adjacent

OFDM symbols in vehicular channels [6]. For each OFDM symbol n the steps are:

1. Initial estimation (LS on the preamble):

ĤDPA
0 [k] = ĤLS[k], k ∈ Kact (:= Kd ∪Kp). (2.39)

2. Equalisation and demapping for OFDM symbol n:

dn[k] =





Xp
n [k], k ∈ Kp (known pilot),

D

(
Yn[k]

ĤDPA
n−1 [k]

)
, k ∈ Kd (nearest-constellation demap).

(2.40)

3. Channel update using pilots and demapped data:

ĤDPA
n [k] =

Yn[k]

dn[k]
, k ∈ Kact. (2.41)

Although DPA improves channel tracking between pilots, it remains sensitive to noise and

susceptible to error propagation across symbols. In this context, tracking refers to the
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ability of the estimator to follow the temporal evolution of the channel response across

consecutive OFDM symbols within a frame. Due to imperfect symbol decisions and time

selectivity, estimation errors accumulate over time [7]. The accumulated estimation error

can be expressed as:

ϵn = ϵn−1 +∆ϵn ≈ ϵ0 + n ∆̄ϵ, (2.42)

where ∆̄ϵ is the average incremental error per symbol.

2.5.4 Advanced classical methods

The basic DPA method discussed in Section 2.5.3 is susceptible to error propagation,

where a single decision error corrupts subsequent estimates. The methods presented here,

Spectral Temporal Averaging (STA) [36], Constructed Data Pilots (CDP) [37], and Time-

domain Reliable Frequency-domain Interpolation (TRFI) [38], address this limitation by

introducing reliability metrics and consistency checks to filter the channel update, thereby

reducing the propagation of errors across the frame.

2.5.4.1 Spectral Temporal Averaging (STA)

STA [36] leverages both time and frequency correlation across OFDM symbols to refine

channel estimates. It applies frequency-domain averaging to smooth variations between

adjacent subcarriers, followed by time-domain averaging to track gradual changes across

symbols. In practice, STA is applied to initial estimates (e.g., from DPA), excluding

edge subcarriers to avoid boundary effects, thereby improving the estimation accuracy in

fast-varying channels.

Frequency domain averaging is applied first as follows:

ĤFD
n [k] =

β∑

λ=−β

ωλ Ĥ
DPA
n [k + λ], ωλ =

1

2β + 1
. (2.43)

Next, time averaging is employed to calculate the final STA channel estimate:

ĤSTA
n [k] =

(
1− 1

α

)
ĤSTA

n−1 [k] +
1
α
ĤFD

n [k], ĤSTA
0 [k] = ĤDPA

0 [k]. (2.44)
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Here, β controls the frequency smoothing window and α≥1 sets the temporal smoothing

strength (larger α gives stronger smoothing but slower tracking). STA effectively reduces

noise at the cost of reduced tracking capability for rapid channel variations.

2.5.4.2 Constructed Data Pilots (CDP)

CDP reduces error propagation in data-aided estimation by exploiting the temporal cor-

relation between adjacent OFDM symbols [37]. It updates the current channel only when

a consistency check across time passes. Otherwise, it reuses the last reliable estimate.

CDP operates on data subcarriers while treating pilot subcarriers as always reliable.

Let Kd and Kp denote the data and pilot subcarrier sets, respectively. Initialise with the

preamble-based LS estimate

ĤCDP
0 [k] = ĤLS[k], k ∈ Kd ∪ Kp.

For n ≥ 1, form the DPA update ĤDPA
n [k] and perform a temporal consistency test using

the previous received symbol Yn−1[k]:

Y eq ′
n−1[k] =

Yn−1[k]

ĤDPA
n [k]

, (2.45)

Y eq ′′
n−1[k] =

Yn−1[k]

ĤCDP
n−1 [k]

, (2.46)

and demap to nearest constellation points with the slicer D(·):

d′n−1[k] = D
(
Y eq ′

n−1[k]
)
, (2.47)

d′′n−1[k] = D
(
Y eq ′′

n−1[k]
)
. (2.48)

On data subcarriers k ∈ Kd, update by

ĤCDP
n [k] =





ĤCDP
n−1 [k], d′n−1[k] ̸= d′′n−1[k] (inconsistent; keep past),

ĤDPA
n [k], d′n−1[k] = d′′n−1[k] (consistent; accept new).

(2.49)

On pilot subcarriers k ∈ Kp, set Ĥ
CDP
n [k] = ĤDPA

n [k].
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The consistency test uses ĤDPA
n to validate decisions on symbol n− 1, introducing a

one-symbol latency but preserving causality in streaming receivers. CDP is lightweight,

requiring only two equalisations and two hard decisions per data subcarrier (k ∈ Kd) and is

robust to isolated decision errors. However, at low SNR or with high-order constellations,

the consistency test is less reliable, limiting gains.

2.5.4.3 Time-domain Reliable Frequency-domain Interpolation (TRFI)

TRFI [38] improves DPA estimation by reconstructing data subcarriers considered un-

reliable by interpolating the frequency domain using a set of reliable subcarriers, rather

than freezing them (i.e., retaining the previous estimate without update). The method

operates in two stages: first, subcarriers are classified as reliable or unreliable based on

a temporal consistency test. Second, reliable subcarriers accept the DPA update while

unreliable ones are reconstructed via interpolation from the reliable set.

Classification. Let ĤDPA
n [k] be the DPA update on symbol n (Eqs. (2.40)-(2.41)) and

ĤTRFI
n−1 [k] the previous TRFI estimate. Equalise the previous received symbol Yn−1[k]

twice:

Y eq ′
n−1[k] =

Yn−1[k]

ĤDPA
n [k]

, (2.50)

Y eq ′′
n−1[k] =

Yn−1[k]

ĤTRFI
n−1 [k]

. (2.51)

The equalised symbols are then demapped to the nearest constellation points using the

hard decision operator D(·):

d′n−1[k] = D
(
Y eq ′

n−1[k]
)
, (2.52)

d′′n−1[k] = D
(
Y eq ′′

n−1[k]
)
. (2.53)

The reliable and unreliable data subcarrier sets are declared as:

Krel, n−1 = {k ∈ Kd : d
′
n−1[k] = d′′n−1[k]}, (2.54)

Kunrel, n−1 = Kd \ Krel, n−1. (2.55)
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The pilot subcarriers are included in the reliable pool:

K⋆
rel, n−1 = Krel, n−1 ∪ Kp. (2.56)

This classification scheme introduces only one symbol latency and preserves causality.

Update. For subcarriers deemed reliable (k ∈ K⋆
rel, n−1), TRFI directly adopts the current

DPA estimate:

ĤTRFI
n [k] = ĤDPA

n [k]. (2.57)

For unreliable subcarriers (k ∈ Kunrel, n−1), the channel response is reconstructed by in-

terpolating the neighbouring reliable subcarriers on the same OFDM symbol:

ĤTRFI
n [k] = Icubic

(
k; {(m, ĤTRFI

n [m]) : m ∈ K⋆
rel, n−1}

)
, (2.58)

where Icubic(·) denotes one-dimensional cubic spline interpolation along the subcarrier

index, using the reliable subcarriers K⋆
rel, n−1 (pilots included) as reference points [39].

The spline uses natural end conditions, i.e., zero second derivative at the first and last

reference points. If fewer than three reliable neighbours are available, the method reverts

to linear interpolation.

TRFI typically outperforms both STA and CDP because unreliable data subcarriers are

reconstructed rather than frozen [38]. Performance is high at moderate-to-high SNR and

for higher-order QAM. Performance degrades when the reliable set becomes sparse (low

SNR or pronounced frequency selectivity), since the cubic interpolant becomes undercon-

strained. Moreover, TRFI still inherits demapping errors from the DPA step. Complexity

is modest (one extra equalisation/slicing pass and a 1-D spline per symbol).

2.5.5 Integration approaches in channel estimation

In this subsection, we briefly discuss how the channel estimation methods can be inte-

grated into practical OFDM receivers. LetY∈CK×I represent the received time-frequency

grid over K subcarriers and I OFDM data symbols, where K is the FFT size and I is

the number of data symbols per frame. Let yn ∈ CK represent the received signal on the
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n-th OFDM symbol, and H ∈ CK×I the true channel grid. Each integration approach

provides different trade-offs between computational complexity, latency, and estimation

accuracy.

2.5.5.1 Symbol by symbol estimation

In Symbol-by-Symbol (SBS) approaches, the channel is estimated independently for each

received symbol using current and past observations:

ĥn = fSBS

(
yn,yn−1, . . . ,yn−W ; θ

)
, (2.59)

where W ≥0 is the observation window size and θ represents the learnable parameters of

the neural network estimator fSBS. SBS processing is attractive for vehicular applications

due to its causal operation (enabling low latency), memory efficiency (requiring only a

buffer of W+1 symbols), and ability to adapt to fast channel changes [6]. The limitation

is the lack of future context, which can reduce accuracy in rapidly time-varying channels.

2.5.5.2 Frame by frame estimation

Frame-by-Frame (FBF) methods process an entire frame of OFDM symbols jointly, ex-

ploiting both past and future context as follows:

Ĥ = fFBF

(
Y ; θ

)
. (2.60)

2.6 Deep learning for channel estimation

DL has become a powerful tool for channel estimation in wireless communication systems.

In practice, DL is realised through Neural Networks (NNs) with multiple hidden layers,

which serve as the computational mechanism for learning hierarchical representations

from data. A variety of NN architectures exist, each designed to capture different types

of data dependencies, and the choice of structure influences learning capability, generali-

sation performance, and computational efficiency. Unlike classical estimators that rely on
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statistical assumptions, NNs learn complex nonlinear mappings directly from data, en-

abling improved adaptability under dynamic and non-stationary conditions. This section

outlines the key concepts and architectures that underpin DL-based channel estimation,

with a focus on vehicular and high-mobility environments.

2.6.1 Motivation

As discussed in the previous sections, conventional channel estimation techniques rely on

pilot-based interpolation and explicit channel models. While effective under static and

low-mobility conditions, these estimators degrade in environments where channel statistics

vary rapidly. Their performance depends strongly on accurate prior knowledge of noise

variance and channel correlation, which is often not available or difficult to model.

DL provides an alternative by learning the mapping between received signals and channel

states directly from data. This approach removes the need for explicit channel modelling

and enables generalisation across diverse propagation conditions. NNs can approximate

nonlinear functions that capture complex relationships between pilots, noise, and channel

coefficients, outperforming classical estimators, especially when the underlying channel

distribution deviates from assumed models [17].

In addition, DL methods scale naturally with data volume and can exploit spatio-temporal

features in high-mobility scenarios. Once trained and optimally tuned, they can perform

inference rapidly [40]. Positioning this inference latency within the wider context of the

communication system, highly efficient DL estimators prevent physical-layer bottlenecks,

thereby supporting the strict end-to-end delay requirements of the full V2X stack. These

advantages motivate the investigation of DL architectures for channel estimation, par-

ticularly within the IEEE 802.11p framework, where high Doppler shifts and multipath

fading challenge traditional estimators.
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2.6.2 Neural network architectures

This subsection provides a brief overview of commonly used NN architectures and their

core modelling principles, focusing on those most relevant to channel estimation.

2.6.2.1 Feedforward neural networks

Deep Neural Networks (DNNs) form the foundation of learning-based channel estimation

by mapping received observations to channel estimates through a sequence of linear trans-

formations and nonlinear activations [41]. This layered structure allows the network to

learn the relationship between the received OFDM symbols and the underlying channel

response.

For a network with L layers, the forward propagation is given by

h(ℓ) = σ(ℓ)
(
W(ℓ)h(ℓ−1) + b(ℓ)

)
, ℓ = 1, . . . , L, (2.61)

where h(0) denotes the input vector, h(L) the output of the final layer (representing the

estimated channel ĥ), and σ(ℓ)(·) the activation function at layer ℓ.

Parameters and training. The trainable parameters are collected as

θ = {W(ℓ),b(ℓ)}Lℓ=1, where W(ℓ) ∈ Rnℓ×nℓ−1 and b(ℓ) ∈ Rnℓ represent the weights and

biases of layer ℓ, respectively. The total number of parameters scales as
∑L

ℓ=1(nℓnℓ−1+nℓ),

which increases with network depth and width. These parameters are optimised during

supervised training as discussed in Section 2.6.3.

Common activation functions. The choice of activation function σ(ℓ) significantly

impacts both the network’s expressivity and training dynamics [42]. Common choices
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include:

ReLU: σ(x) = max(0, x) (computationally efficient, induces sparsity) (2.62)

Sigmoid: σ(x) =
1

1 + e−x
(bounded output, smooth gradients) (2.63)

Tanh: σ(x) = tanh(x) (zero-centered, symmetric) (2.64)

Rectified Linear Unit (ReLU) is popular in deep architectures due to its ability to mitigate

vanishing gradient problems [43], although it may suffer from dead neuron problems where

some units become permanently inactive. Sigmoid and tanh functions provide smooth,

bounded outputs but can lead to gradient saturation in very deep networks [44].

2.6.2.2 Convolutional networks

Convolutional Neural Networks (CNNs) extends the concept of fully-connected networks

by introducing convolutional layers that exploit local spatial or frequency correlations in

the input data [45], [46, Ch. 9]. Unlike single-channel 2D convolution, a convolutional

layer in deep learning operates on 3D tensors. Let the input layer ℓ be a tensor F(ℓ−1) with

spatial dimensions H ×W and Cin input channels (feature maps). The layer produces an

output tensor F(ℓ) with Cout output channels. The value of the k-th output feature map

F
(ℓ)
k (where k = 1, . . . , Cout) is computed by summing the convolutions of the input maps

with their corresponding unique kernels:

F
(ℓ)
k = σ(ℓ)

(
Cin∑

c=1

W
(ℓ)
k,c ∗ F(ℓ−1)

c + b
(ℓ)
k

)
, (2.65)

where ∗ denotes the 2D convolution operator, W
(ℓ)
k,c is the 2D kernel connecting the c-th

input channel to the k-th output channel, b
(ℓ)
k is the scalar bias for the k-th output map,

and σ(ℓ)(·) is the nonlinear activation function.

This summation over Cin allows the network to combine information from different input

features, such as mixing the real and imaginary components of a received signal, to extract

complex spatial-spectral patterns useful for channel estimation.

CNNs reduce the number of trainable parameters compared to fully-connected networks
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because the same kernel weights are shared across spatial positions. This weight shar-

ing enhances generalisation and allows deeper architectures without excessive complexity.

Pooling layers are sometimes inserted between convolutions to reduce feature map dimen-

sions and improve robustness to small frequency or time shifts.

2.6.2.3 Recurrent architectures for temporal dynamics

Recurrent Neural Networks (RNNs) model temporal dependencies by maintaining a hid-

den state that evolves with each input in a sequence, enabling representation of past

information during sequential prediction [47]. LSTM networks [48] improve upon stan-

dard RNNs by introducing gating mechanisms that mitigate vanishing gradients during

long-term learning [44].

Consider an LSTM layer ℓ processing a sequence of inputs derived from the feature tensor

X′. Let x′
n denote the input feature vector at OFDM symbol index n. The layer maintains

a hidden state vector h
(ℓ)
n and a cell state vector c

(ℓ)
n . Their recursive updates are governed

by the following equations:

fn = σ
(
W

(ℓ)
f [h

(ℓ)
n−1;x

′
n] + b

(ℓ)
f

)
, (2.66)

in = σ
(
W

(ℓ)
i [h

(ℓ)
n−1;x

′
n] + b

(ℓ)
i

)
, (2.67)

c̃n = tanh
(
W(ℓ)

c [h
(ℓ)
n−1;x

′
n] + b(ℓ)

c

)
, (2.68)

c(ℓ)n = fn ⊙ c
(ℓ)
n−1 + in ⊙ c̃n, (2.69)

on = σ
(
W(ℓ)

o [h
(ℓ)
n−1;x

′
n] + b(ℓ)

o

)
, (2.70)

h(ℓ)
n = on ⊙ tanh(c(ℓ)n ). (2.71)

Here, σ(·) denotes the logistic sigmoid activation, ⊙ represents the elementwise (Hadamard)

product, and [·; ·] denotes vector concatenation. The learnable parameters for layer ℓ

consist of the weight matrices W
(ℓ)
f,i,c,o and bias vectors b

(ℓ)
f,i,c,o, which correspond to the

collective parameters W(ℓ) and b(ℓ) defined in the symbol list.
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The forget (fn), input (in), and output (on) gates regulate the flow of information, allowing

the network to capture temporal correlations across the OFDM frame index n.

2.6.2.4 Temporal convolutional networks (TCNs)

TCNs provide a feedforward alternative to recurrent architectures for modelling temporal

dependencies in sequential data. The formulation presented in this section primarily

follows the generic TCN architecture proposed by Bai et al. [49], which adapts the dilated

causal convolutions originally introduced in WaveNet [50].

TCNs replace recurrence with a hierarchy of convolutions that are both causal and dilated.

Causality ensures that predictions at time index n depend only on inputs up to and

including n, strictly preventing information leakage from the future [49]. Dilation refers

to inserting gaps between kernel elements, which enlarges the receptive field without

increasing the number of trainable parameters [51].

Causal dilated convolutions. For an input feature sequence X′ = [x′
1, . . . ,x

′
I ], a

temporal convolutional layer at depth ℓ computes the hidden activation h
(ℓ)
n at time index

n. To capture long-range dependencies efficiently, the network employs a dilation factor

δ(ℓ) that typically increases exponentially with depth (for example, δ(ℓ) = 2ℓ−1). The

operation is defined as:

h(ℓ)
n = σ(ℓ)

(
κ−1∑

i=0

W
(ℓ)
i h

(ℓ−1)

n−δ(ℓ)i
+ b(ℓ)

)
, (2.72)

where κ is the kernel size, σ(ℓ)(·) is the activation function, and h
(0)
n = x′

n corresponds

to the input feature vector. The term W
(ℓ)
i denotes the weight matrix corresponding to

the i-th kernel tap, and b(ℓ) is the bias vector. The indices n − δ(ℓ)i ensure that the

convolution looks backward in time. If n − δ(ℓ)i < 1, the term h(ℓ−1) is assumed to be

zero (left-padding), preserving the causal structure required for real-time processing [50].

Residual blocks. To support deep architectures, TCNs employ residual blocks, a con-

cept originally introduced for image recognition in ResNet [9]. A residual block contains
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a sequence of transformations typically dilated causal convolutions followed by weight

normalisation and activation functions denoted here as F(·). The block output is the

sum of the input and the transformed path:

on = σ(hn + F(hn)) . (2.73)

The residual connection allows the network to learn modifications to the identity mapping

rather than the full transformation, which stabilises gradients during backpropagation and

enables the training of very deep networks [9]. When the input and output dimensions

differ, a 1×1 convolution is applied to the input branch to match dimensions before

addition as shown in Figure 2.11 (b).

(a) Dilated causal convolutions with increasing di-

lation factors across layers expand the receptive

field exponentially.

(b) Residual block with optional 1×1 convolution

for dimension matching when input and output

sizes differ.

Figure 2.11: TCN architectural components for temporal sequence modelling [49].

TCN advantages. Compared to RNNs and LSTMs, the TCN architecture offers sev-

eral specific advantages for channel estimation: (1) Parallelism, as the entire frame can

be processed simultaneously during training (unlike the sequential processing of RNNs);

(2) Flexible receptive fields, which can be tuned via the dilation factor δ(ℓ) and kernel size

κ to cover the coherence time of the channel; and (3) Stable gradients, attributed to the

absence of recurrent loops and the use of residual connections [49].
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2.6.2.5 Transformer architectures

Transformer networks model sequential data through self-attention mechanisms that cap-

ture global dependencies without recurrence [52]. Each element in the input sequence

attends to all others, enabling the network to learn relationships across arbitrary tempo-

ral or spectral distances. To retain ordering information, positional encodings are added

to the input features before self-attention is applied.

Given an input feature sequence X′ = [x′
1, . . . ,x

′
N ], the transformer projects it into three

learned representations: queries Q ∈ RN×dk , keys K ∈ RN×dk , and values V ∈ RN×dv .

For one attention head, the attention output is computed as

A = softmax

(
QK⊤
√
dk

)
V, (2.74)

where the softmax function normalises the dot-product similarities between queries and

keys to yield attention weights that determine the contribution of each value vector.

Multi-head attention repeats this operation across multiple subspaces to capture diverse

dependency patterns.

The resulting attended features are then processed by a feedforward layer to generate the

output representation:

Ĥ = fθ(A) = ϕ
(
W2 σ(W1A+ b1) + b2

)
, (2.75)

where σ(·) and ϕ(·) denote nonlinear activation functions, and W1,W2,b1,b2 are learned

parameters of the feedforward block. Together, these components define the end-to-end

mapping X′ 7→ Ĥ.

2.6.3 Training strategies

Having established the neural architectures in the previous section, this subsection de-

scribes the strategies used to train and optimise their parameters. Training deep NN esti-

mators requires defining the learning objective, optimisation algorithm, and regularisation

techniques that ensure stable convergence and generalisation to unseen channel conditions.
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The discussion begins with the supervised learning formulation adopted throughout this

thesis, followed by practical optimisation and regularisation approaches.

2.6.3.1 Supervised learning

The neural estimator fθ maps the input feature grid X′ to the predicted channel Ĥ, where

X′ denotes the extracted features and H the ground-truth channel grid. Training follows

a supervised regression setup using N labelled samples {(X′(i),H(i))}Ni=1. The trainable

parameters θ are obtained by minimising the regularised empirical risk:

θ⋆ = argmin
θ

1

N

N∑

i=1

L
(
fθ(X

′(i)), H(i)
)
+ λR(θ), (2.76)

where λ ≥ 0 controls the regularisation strength and R(θ) penalises model complexity,

commonly through weight decay [46, Ch. 7], where λ ≥ 0 controls the regularisation

strength and R(θ) penalises model complexity [46, Ch. 7].

Loss functions. The loss function quantifies the discrepancy between the predicted

and true channel responses and guides the optimisation of network parameters. During

training, gradients of the loss with respect to the network weights determine how each

parameter is updated to reduce prediction error, as described by the gradient descent rule

in Section 2.6.3.2. The choice of L thus directly shapes the learning dynamics and the

invariances captured by the model [46, Ch. 5]. For channel estimation, commonly used

losses include MSE, NMSE, and Mean Absolute Error (MAE):

MSE: LMSE =
1

∥M∥0
∥∥(Ĥ−H)⊙M

∥∥2
F
, (2.77)

NMSE: LNMSE =

∥∥(Ĥ−H)⊙M
∥∥2
F∥∥H⊙M

∥∥2
F
+ ε

, (2.78)

MAE: LMAE =
1

∥M∥0
∥∥(Ĥ−H)⊙M

∥∥
1
, (2.79)

where ∥M∥0 counts the active subcarrier-symbol pairs and ε > 0 prevents division by

zero.
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MSE provides strong gradients and accelerates convergence but may overemphasise large

errors due to the quadratic penalty term [46, Ch. 6]. NMSE normalises the error by

the channel power, promoting scale invariance across varying SNR levels. MAE offers

robustness to statistical outliers, but often results in slower convergence near the solution

due to its constant gradient [53, Ch. 1]. During training, the loss is computed for each

sample, and the gradient (of the loss with respect to the parameters) averaged over a

mini-batch to approximate the true gradient. This stochastic approach ensures that each

weight update reflects a diverse set of channel realisations (e.g., varying Doppler shifts

and SNR levels), thereby promoting robust generalisation.

2.6.3.2 Optimisation and regularisation

Training deep networks involves iteratively adjusting parameters to minimise the loss

defined above. This process, known as optimisation, determines how the model learns

from data and how effectively it converges toward a solution that generalises beyond the

training set.

Parameter updates typically follow stochastic gradient descent (SGD) [54]:

θt+1 = θt − ηt∇θLt, (2.80)

where ηt is the learning rate at iteration t, and ∇θLt denotes the gradient of the loss

with respect to the parameters. Gradients are computed by backpropagation [55], which

propagates the loss derivatives backward through the network layers according to Equa-

tion (2.61).

Adaptive Optimisers. While SGD provides a basic update rule, its convergence speed

and stability depend strongly on the learning rate. Adaptive optimisers such as Adam [56]

improve performance by maintaining running averages of the first and second moments
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of the gradients:

mt = β1mt−1 + (1− β1)gt, vt = β2vt−1 + (1− β2)g⊙2
t , (2.81)

θt+1 = θt − η
m̂t√
v̂t + ϵ

, (2.82)

where gt = ∇θLt, and m̂t, v̂t are bias-corrected moment estimates. These adaptive

updates adjust learning rates per parameter, improving convergence in noisy or non-

stationary training conditions. Learning-rate schedules and gradient clipping further sta-

bilise training [57].

Regularisation. Regularisation mitigates overfitting and improves generalisation by

constraining model capacity and stabilising optimisation [46, Ch. 7]. The most widely used

techniques include weight decay, dropout, early stopping, and normalisation. Weight de-

cay adds an L2 penalty term λ∥θ∥22 to the loss in Equation (2.76), where θ = {W(ℓ),b(ℓ)}Lℓ=1

denotes all trainable weights and biases, and ∥ · ∥2 represents the Euclidean norm over

these parameters [58]. This penalty discourages large parameter magnitudes and pro-

motes simpler models. Dropout randomly deactivates units with probability p during

training, encouraging redundancy and robustness to noise [59]. Early stopping halts

training once the validation loss ceases to improve, preventing overfitting to the training

set [60]. Normalisation methods such as batch, layer, and group normalisation rescale

intermediate activations to maintain consistent statistics across layers [61]–[64]. Specifi-

cally, batch normalisation operates over each mini-batch, layer normalisation acts across

features within a sample, and group normalisation normalises within feature groups of

a sample. Layer and group variants are preferred for small batches or recurrent models

where batch statistics are unreliable [63].

2.6.4 Deep learning approaches to channel estimation

This subsection reviews the evolution of DL architectures for channel estimation. While

the primary focus of this thesis is on high-mobility vehicular scenarios, we first contextu-

alise these methods within the broader landscape of DL-based PHY layer communications.
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The discussion is organised into three categories: (i) image-based and CNN architectures,

(ii) hybrid model-driven approaches that refine classical estimators, and (iii) recurrent ar-

chitectures specifically designed for time-varying vehicular channels. Research in this area

has progressed rapidly, producing architectures that are different in design, computational

requirements, and suitability for real-time deployment. The following subsections sum-

marise the main studies from these categories and outline their main design characteristics

and performance trends.

2.6.4.1 Image-based estimators

The initial wave of DL channel estimation treated the time-frequency grid of the channel

response as a 2D image, leveraging the powerful feature extraction capabilities of CNNs

originally developed for computer vision.

Ye et al. [41] pioneered this approach with a coarse-to-fine scheme, using a deep CNN

to interpolate channel values from pilots. Their work demonstrated that CNNs could

implicitly learn the frequency-selective properties of the channel without requiring explicit

knowledge of the channel statistics. Building on this, researchers in [65] proposed a

straightforward image-restoration framework. They treated the pilot positions as a low-

resolution image and employed a super-resolution CNN (SRCNN) to reconstruct the full

high-resolution channel grid.

While these image-based methods outperform classical LS estimation in static or low-

mobility environments, they often struggle in high-mobility vehicular scenarios [40]. Stan-

dard 2D kernels assume local correlation in both time and frequency; however, in fast-

varying channels, the Doppler effect disrupts the local temporal correlation, rendering

static image-processing techniques less effective. This limitation motivated the shift to-

ward methods that explicitly account for temporal dynamics or leverage classical estima-

tors.
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2.6.4.2 Hybrid methods

To improve robustness in dynamic environments, hybrid approaches (often termed model-

driven DL) combine classical signal processing with NNs. Rather than learning the chan-

nel from scratch (black-box estimation), these methods use a classical estimator to provide

a coarse initial estimate, which is then refined by a lightweight NN.

Gizzini et al. [6], [66] combined classical estimators (STA and TRFI) with FNNs that

refined their outputs via learned nonlinear mappings. The classical estimators first pro-

duced coarse, noise-affected estimates, which were then refined by the NN to correct

interpolation errors and improve robustness. Their BER performance results confirmed

that neural post-processing can effectively enhance classical estimators, validating the

use of DL methods for vehicular channel estimation. We will refer to these FNN-based

estimators as STA-DNN and TRFI-DNN estimators going forward.

Autoencoder-based denoising networks [67] extended these ideas by learning representa-

tions of channel frequency responses in an unsupervised manner. The autoencoder was

used as a post-processing stage following the DPA estimator. In this cascaded archi-

tecture, the DPA estimator first generates a coarse, noisy channel grid, which is then

fed as input to the autoencoder. The network learns to project this noisy input onto a

compact, low-dimensional representation, effectively filtering out noise and interpolation

errors before reconstructing the final clean channel response.

With these hybrid estimators demonstrating the effectiveness of neural refinement for

channel estimation, recent studies have shifted toward architectures that model temporal

dependencies across OFDM symbols or frames. The next subsection discusses recurrent

estimators that exploit this temporal correlation to improve channel tracking in vehicular

environments.
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2.6.4.3 Recurrent estimators

Recurrent models address the temporal evolution of vehicular channels by capturing de-

pendencies across consecutive OFDM symbols within a frame, enabling the network to

track channel variations and exploit temporal correlation structure to improve estimation

accuracy.

Pan et al. [7] employed a two-gate LSTM network with 128 hidden units per layer and

a fully connected layer (LSTM-DNN-DPA) to transform the hidden state into channel

estimates. Their approach achieved improved performance over the STA-DNN [9] and

TRFI-DNN [66].

Gizzini et al. [8] further enhanced this design by combining a three-gate LSTM with DPA

and temporal averaging (TA) as post processing additional methods (LSTM-DPA-TA).

This configuration further improved estimation accuracy under high mobility conditions,

although with increased computational cost. Building on this concept, Gizzini et al. [68]

proposed the GRU-DPA-TA framework, to replace the three-gate LSTM unit with a

two-gate GRU structure. This reduces the number of trainable parameters by roughly

25% while maintaining comparable temporal modelling capability. The framework demon-

strated effectiveness with lower computational demands than the LSTM-based estimators,

making it attractive for real-time vehicular implementations.

Hou et al. [69] also explored a GRU-based channel estimator that refines DPA outputs

through a GRU followed by a fully connected layer that maps recurrent outputs to the

CFR. This design also achieved improved BER performance over STA-DNN [9], TRFI-

DNN [66], and LSTM-DNN [7], without a significant increase in computational cost.

Recurrent models such as LSTM-DPA-TA, and GRU-DPA-TA have therefore gained at-

tention as practical baselines for DL-based channel estimation. They balance modelling

power and computational efficiency, aligning with the objective of enabling deployable

neural estimators for vehicular communication systems.
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2.6.4.4 Attention-based architectures

Recent literature has increasingly explored transformer-based architectures, which rely on

self-attention mechanisms rather than recurrence to model temporal dependencies. Unlike

RNNs, which process symbols sequentially, transformers process the entire time-frequency

grid in parallel, using self-attention to weigh the importance of every pilot symbol against

every other symbol in the frame [70].

For example, researchers in [71] proposed Channelformer, an encoder-decoder architecture

that utilises multi-head attention to capture long-range dependencies across the OFDM

slot. Similarly, Liu et al. [72] introduced CE-ViT, a vision transformer approach that

treats the channel grid as a sequence of image patches to achieve robustness in high-

mobility scenarios. However, this global context comes at a high computational cost.

The self-attention mechanism scales quadratically with sequence length (O(N2)), creating

memory and compute bottlenecks on embedded hardware. Making such architectures

viable for online deployment requires aggressive structural pruning, removing up to 70%

of parameters [71].

Given that standard vehicular hardware operates under strict power and latency con-

straints, the quadratic overhead of full self-attention is often prohibitive. In contrast, re-

current architectures (and convolutional alternatives) scale linearly with sequence length

(O(N)) [40]. Therefore, this thesis adopts the recurrent estimators, specifically LSTM-

DPA-TA [8], and GRU-DPA-TA [68], as the primary DL benchmarks.

2.7 Interpretability and feature attribution

As discussed in previous sections, DL models can significantly enhance channel estimation

accuracy. However, DL estimators remain largely opaque and in safety-critical vehicular

systems, accuracy alone is insufficient. Estimators must also be transparent and pre-

dictable. Understanding when and why a model fails, whether its behaviour is stable

across varying SNR, Doppler shift, or delay spread conditions, and how its decisions align
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with physical channel properties is essential for reliable deployment.

2.7.1 Definitions

Interpretability entails providing human-understandable explanations for the internal pro-

cesses that govern the behaviour and specific decisions of a model [73]. While often used

interchangeably with explainability, the former typically focuses on understanding inter-

nal mechanisms, whereas the latter concerns post-hoc justification of individual predic-

tions [74]. In this thesis, interpretability is used to denote methods that identify which

input features influence the model’s output and also which model parameters are relevant.

Interpretability techniques are generally categorised as intrinsic or post-hoc [75, Ch. 2.2].

Intrinsic interpretability is achieved when the model structure itself is transparent (e.g.,

linear models, decision trees, or explicit attention mechanisms). Post-hoc approaches,

conversely, analyse a trained model without modifying its internal structure. In channel

estimation, post-hoc techniques are particularly valuable as they allow for the analysis of

high-performance, complex architectures without sacrificing estimation accuracy.

2.7.2 Feature attribution methods

Feature attribution quantifies the contribution of individual input features to a specific

prediction [76]. In OFDM-based estimators, input to the DL model can be represented

as

X′ ∈ RK×I×C , (2.83)

whereK is the number of subcarriers, I the number of OFDM symbols, and C the number

of feature channels. These channels may include the real and imaginary components,

pilot-data masks, and classical estimates such as DPA or STA.

Attribution methods produce a relevance tensor Rin ∈ RK×I×C of the same shape as X′.
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Aggregating over feature channels yields a two-dimensional heat map:

R[k, n] =
C∑

c=1

|Rin[k, n, c]|, (2.84)

highlighting influential time-frequency positions. To evaluate the relative importance of

each modality m (pilots, data, or classical estimates), the modality relevance ratio can be

defined as:

rm =

∑
c∈Cm

∑
k,n |Rin[k, n, c]|∑C

c=1

∑
k,n |Rin[k, n, c]|

. (2.85)

Gradient-based saliency maps. Gradient-based saliency computes the gradient of a

scalar output with respect to the input, visualising ∇X′f(X′) as a heat map to identify

which input regions influence the prediction most [77]. For channel estimation, the scalar

output is typically chosen as the mean squared error or a specific channel coefficient

Ĥ[k0, n0] at a target location. Saliency maps highlight which time-frequency positions

(k, n) exhibit the strongest local sensitivity. However, gradients reflect only the local

linear approximation at the current input and can become noisy or vanish in saturated

regions of activation functions, limiting their reliability in highly nonlinear networks and

dynamic vehicular channels [78].

DeepLIFT. Deep Learning Important FeaTures (DeepLIFT) addresses gradient satu-

ration by backpropagating activation differences relative to a baseline input [79]. This

approach provides stable relevance scores even when gradients vanish but depends strongly

on the baseline choice [80].

SHAP. SHapley Additive exPlanations (SHAP) computes feature contributions using

Shapley values from cooperative game theory [76]. It provides theoretically grounded ex-

planations but is computationally expensive. Also, its independence assumption among

features is often violated in OFDM grids where subcarriers and symbols are highly corre-

lated [81].
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Perturbation-based methods. Perturbation (occlusion) methods evaluate feature rel-

evance by masking inputs and observing prediction changes [82]. While model-agnostic,

they require multiple forward passes and are therefore computationally costly for high-

dimensional OFDM data [83].

Layer-wise Relevance Propagation (LRP). LRP decomposes the prediction of a

model by backpropagating relevance scores from the output to the input through a con-

servation principle [84]. For a scalar prediction s = f(X′), LRP computes input relevances

{Ri} that satisfy the conservation property:

s =
∑

i

Ri, (2.86)

where i indexes all input features (spanning grid locations and input channels). The

relevance at each layer is redistributed to the previous layer using propagation rules that

preserve the total relevance. A commonly used stabilised zβ-rule propagates relevance

through a linear layer with inputs ai and weights wij as:

Ri =
∑

j

aiwij∑
k akwkj + ε sign

(∑
k akwkj

) Rj, (2.87)

where ε > 0 is a small stabilisation constant that prevents division by zero, j indexes

neurons in the current layer, and Rj is the relevance of neuron j [85]. This rule is applied

recursively from the output layer to the input layer to obtain the input relevance tensor

Rin. For convolutional layers, the same propagation rule applies with wij interpreted

as convolutional kernel weights connecting input position i to output position j [84].

The conservation property in Equation (2.86) ensures that the total relevance distributed

across input features equals the scalar prediction, providing a physically interpretable

budget of contributions over the active subcarrier set Kact [85].

Overall, each attribution method exhibits different trade-offs for wireless channel estima-

tion applications. Gradient-based saliency is computationally efficient, but suffers from

noise. DeepLIFT addresses saturation but introduces dependence on and sensitivity to

the selection of the baseline. SHAP assumes feature independence, which is not typically
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true. LRP offers a practical middle ground, providing efficient computation through back-

propagation and conservation-based attributions between output and input contributions.

2.7.3 Applications in wireless communication

Interpretability has recently gained traction in wireless research, leading to frameworks

such as Explainable AI for Channel Estimation (XAI-CHEST) [10] and Gradient-based

XAI Channel Estimation (GRACE) [86].

The XAI-CHEST framework introduced by Gizzini et al. [10] employs the perturbation-

based approach described in Section 2.7.2 to identify relevant input features for channel

estimation. XAI-CHEST trains a separate interpretability network that learns to generate

noise masks for input subcarriers. The framework applies these learned noise masks

with varying intensity levels to perturb the channel estimator’s inputs during training.

Subcarriers that tolerate high noise levels without degrading the prediction accuracy of the

utility network are classified as irrelevant, while noise-sensitive subcarriers are identified as

relevant [10]. The interpretability network is optimised using a custom loss function that

balances two objectives: maximising the noise applied to input features while maintaining

the utility network’s estimation accuracy. This approach reveals which input subcarriers

the estimators rely upon for channel prediction in doubly selective fading environments.

Identifying that only a subset of subcarriers is necessary for an accurate estimate, XAI-

CHEST enables the input dimension to be reduced [10]. However, as with perturbation-

based methods generally, XAI-CHEST has a high computational overhead due to repeated

perturbation evaluations and auxiliary training.

To address these computational limitations, the GRACE framework [86] applies LRP to

provide efficient gradient-based explanations of deep channel estimators. GRACE lever-

ages the LRP conservation principle of Equation (2.86) to decompose channel predictions

into subcarrier-level contributions through a single backward pass, identifying which time-

frequency positions most influence the estimate. Using internal network weights and acti-

vations rather than external perturbations, GRACE is faster than XAI-CHEST. Empirical
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results show that restricting estimation to highly relevant features identified by GRACE

improves BER performance relative to perturbation-based selection [86].

Together, these frameworks illustrate complementary philosophies: perturbation-based

methods offer model-agnostic interpretability, while gradient-based approaches provide ef-

ficient internal insights. While frameworks such as XAI-CHEST have successfully demon-

strated that interpretability can guide input dimension reduction and architectural sim-

plification [10], they rely on training auxiliary interpretability networks, which intro-

duces training overhead. Consequently, a general framework that integrates efficient

gradient-based relevance insights directly into the model design process-to guide pruning

and lightweight architecture search without secondary models-remains an open challenge.

2.8 Performance metrics for channel estimation

Evaluating channel estimators requires metrics that reflect both estimation accuracy and

deployment feasibility. This section defines the key indicators used in this thesis: NMSE to

measure channel-centric accuracy, BER to measure system-level performance, and model

parameters, FLOPs and inference time to measure computational efficiency.

2.8.1 Normalised Mean Square Error (NMSE)

The NMSE quantifies the accuracy of channel estimation by measuring the mean square

error between estimated and true channel coefficients, normalised by the power of the

true channel [87, Sec. 2.4]:

NMSE =
E
[
∥Ĥ−H∥2F

]

E[ ∥H∥2F ]
, (2.88)

where H ∈ CK×I and Ĥ ∈ CK×I are the true and estimated channel grids and ∥ · ∥F
denotes the Frobenius norm. In practice, we compute a masked empirical estimate over

the active set Kact (active data and pilot subcarriers). NMSE is typically reported in

decibels as NMSEdB = 10 log10(NMSE).
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2.8.2 Bit Error Rate (BER)

BER measures end-to-end communication system performance by calculating the propor-

tion of incorrectly decoded information bits after demodulation and decoding [27, Ch.

5]:

BER =
number of bit errors

total number of transmitted bits
. (2.89)

Unlike NMSE, which measures only the estimation accuracy, BER reflects the practical

impact of channel estimation errors on the entire receiver chain, including equalisation,

demodulation, and forward error correction decoding [88, Ch. 8]. BER is a good perfor-

mance metric for wireless systems, as it directly quantifies the reliability of information

delivery.

The relationship between estimation quality and BER depends on the modulation scheme,

coding rate, and receiver architecture. For uncoded systems with perfect equalisation, an

approximate relationship can be expressed as [89]:

BER ≈ Q

(√
2Eb/N0

1 + NMSE

)
, (2.90)

where Q(·) represents the Gaussian Q-function defined as Q(x) = 1√
2π

∫∞
x
e−t2/2dt, and

Eb/N0 denotes the bit energy to noise spectral density ratio. For the coded OFDM systems

considered in this thesis, BER is measured empirically by counting bit errors after Viterbi

decoding [88, Ch. 8 and Ch. 13].

2.8.3 Computational complexity metrics

Beyond estimation accuracy and communication reliability, the practical feasibility of

a deep channel estimator depends on its computational efficiency. Real-time vehicu-

lar communication imposes tight latency budgets and hardware constraints in embed-

ded Central Processing Units (CPUs), Graphics Processing Units (GPUs), or Field-

Programmable Gate Arrays (FPGAs). Because physical-layer processing time directly

impacts the broader end-to-end system delays, DL inference must execute rapidly enough
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to avoid creating computational bottlenecks. To assess deployment suitability, we report

both analytic and empirical metrics.

2.8.3.1 Model parameters

The total number of trainable parameters quantifies the memory footprint required to

store the network [46, Ch. 6]:

Nparams =
L∑

ℓ=1

(
nℓnℓ−1 + nℓ

)
, (2.91)

where L is the number of layers, nℓ is the number of neurons in layer ℓ, and the two terms

represent the weight matrices W(ℓ) ∈ Rnℓ×nℓ−1 and bias vectors b(ℓ) ∈ Rnℓ , respectively.

For convolutional layers, the parameter count is Nparams = Cout × Cin × kh × kw + Cout,

where Cin and Cout are the input and output channel dimensions, and kh×kw is the kernel

size [90].

2.8.3.2 Floating Point Operations (FLOPs)

FLOPs measure the computational complexity required for a single forward pass through

the DL network [91]. For a fully connected layer with input dimension nin and output

dimension nout, the FLOPs count is:

FLOPsFC = 2ninnout, (2.92)

accounting for one multiplication and one addition per weight. For a convolutional layer

with output spatial dimensions Hout ×Wout, kernel size kh × kw, and Cin input channels

and Cout output channels, the FLOPs count is [92]:

FLOPsconv = 2HoutWoutCoutCinkhkw. (2.93)

FLOPs are hardware-agnostic and useful for comparisons, but do not predict latency,

which also depends on memory bandwidth, parallelism, cache locality, and kernel optimi-

sations [93]–[95].
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It is important to note that the FLOPs calculations reported in this thesis focus exclu-

sively on the NN inference, excluding the computational cost of classical preprocessing

or post-processing methods such as DPA or Time Averaging (TA). This distinction is

made because the computational overhead of these classical methods is almost negligible

compared to that of the DL model. For example, complexity analysis in [6] demonstrates

that initial channel estimation (DPA) requires approximately 87.8% fewer real-valued

operations than the hybrid STA-DNN architecture, justifying this simplification.

2.8.3.3 Inference time

Inference time quantifies the end-to-end latency for processing one OFDM frame on the

target hardware platform [96]. Unlike analytic measures such as FLOPs, it captures

framework overheads, memory access delays, and kernel execution efficiency, providing a

realistic indicator of deployability.

2.9 Chapter summary

This chapter introduced the theoretical background and related studies underpinning

this research. It outlined the signal model for vehicular OFDM systems and reviewed

classical and advanced channel estimation techniques. The fundamentals of DL related

to this work were discussed, including core network architectures and training strategies.

A review of recent DL approaches for channel estimation was presented. The chapter

concluded with an overview of interpretability techniques and performance metrics used

to evaluate learning-based estimators. The next chapter will discuss the development of

the dataset used in this work.
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Chapter 3

Simulation and dataset generation

This chapter presents the simulation framework and dataset generation procedures that

form the foundation for all DL-based channel estimation investigations in this thesis.

We detail the implementation of the IEEE 802.11p PHY layer, instantiation of vehicular

channel models, data preprocessing strategies, and reproducibility protocols used to ensure

reliable and verifiable results.

3.1 Overview

To evaluate DL architectures for channel estimation in vehicular scenarios, realistic propa-

gation data is required. This chapter describes our simulation methodology for generating

such datasets. Building on the theoretical foundations presented in Section 2.2 to Sec-

tion 2.4, we simulate the IEEE 802.11p physical layer under six vehicular channel models,

enabling systematic evaluation of DL architectures under controlled, yet realistic condi-

tions.

We first present the simulation setup (Section 3.2) and data preprocessing pipeline (Sec-
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tion 3.3), and then describe the final dataset in Section 3.5.

3.2 Simulation

This section describes the simulation of the IEEE 802.11p PHY layer and vehicular chan-

nel models introduced in Chapter 2. The simulation environment is implemented in

MATLAB1. The data generation process leverages and adapts the open-source framework

established by Gizzini et al.2.

The simulation uses baseband processing to generate channel observations for supervised

learning, isolating channel propagation effects from hardware impairments while main-

taining full compliance with standard specifications. Section 3.2.1 presents the PHY sim-

ulation, Section 3.2.2 describes the vehicular channel model simulation, and Section 3.2.3

details the frame generation process.

3.2.1 Physical layer configuration

The simulation implements all parameters specified in Table 2.4, including 10 MHz channel

bandwidth with 64-point FFT, 52 active subcarriers comprising 48 data and 4 pilot tones,

156.25 kHz subcarrier spacing, and 8µs OFDM symbol duration with 1.6µs CP.

3.2.1.1 Modulation and coding

The modulation scheme is fixed at 16QAM throughout all experiments (except in Chap-

ter 6 where 64QAM is employed), providing 4 bits per symbol and balancing spectral

efficiency with robustness under the high-Doppler shift conditions characteristic of ve-

hicular channels [21]. Although IEEE 802.11p supports BPSK, Quadrature Phase Shift

1MathWorks MATLAB R2022b.
2https://github.com/abdulkarimgizzini/Deep-Learning-Based-Channel-Estimation-Schem

es-for-IEEE-802.11p-Standard
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Keying (QPSK), 16QAM, and 64QAM, the selection of 16QAM achieves reasonable data

rates whilst maintaining acceptable error performance in doubly selective fading environ-

ments.

The transmitter processing follows the chain detailed in Section 2.4.3, employing rate-1/2

non-punctured convolutional coding to prioritise link reliability over throughput. At the

receiver, the convolutional code is decoded using the Viterbi algorithm with a traceback

length of 34 bits. Each transmitted frame contains two LTS preamble symbols followed by

50 data-carrying OFDM symbols (structure detailed in Section 2.4.4), providing sufficient

temporal duration (416 µs total) to observe channel evolution whilst ensuring computa-

tional tractability for large-scale dataset generation.

3.2.1.2 Scrambling and interleaving

Scrambling and interleaving follow the IEEE 802.11p specifications detailed in Section 2.4.3.

The scrambler employs the 7-bit Linear Feedback Shift Register (LFSR) polynomial

S(x) = x7 + x4 + 1 with initialisation vector [1011101] (decimal 93). The two-stage

interleaving process disperses burst errors across the frequency-selective channel: matrix

interleaving arranges coded bits into a 16 × Ncol structure where Ncol = (nbits × Kd ×
I)/16, and block interleaving applies a fixed pseudo-random permutation vector of length

nbits ×Kd × I = 9600 bits. This permutation vector is generated deterministically using

seed = 1 and applied uniformly across all frames, enabling the receiver to perform the

inverse permutation during deinterleaving. Table 3.1 summarises the simulation-specific

configuration parameters that extend beyond the standard IEEE 802.11p specifications,

documenting the choices made for dataset generation and experimental consistency.

3.2.2 Vehicular channel model simulation

The simulation instantiates the six vehicular channel models specified in Section 2.3.3 and

detailed in Table 2.3, implementing the TDL structure with time-varying tap coefficients

following Jakes’ Doppler spectrum. The six models comprise VTV-SDWW, VTV-EX,
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Table 3.1: Simulation configuration parameters.

Parameter Value

OFDM symbols per frame (I) 50

Preamble structure 2 × LTS

Modulation scheme 16QAM (fixed)

Coding rate (R) 1/2 (non-punctured)

Scrambler seed 93 (decimal)

Interleaver permutation seed 1 (deterministic)

Channel realisations per model 20,000

Training/test split 18,000 / 2,000

SNR range (Eb/N0) 0–40 dB (5 dB steps)

VTV-UC, RTV-SS, RTV-EX, and RTV-UC, covering diverse vehicular scenarios from

urban canyon environments to high-speed expressway communications with vehicle veloc-

ities ranging from 48 km/h to 104 km/h and maximum Doppler frequencies from 300 Hz

to 1 200 Hz.

Each channel model is characterised by its number of propagation paths (11–12 taps),

path gains, path delays, and Doppler characteristics as specified in Table 2.3. The maxi-

mum Doppler frequency for each model follows fD = vfc/c where v is the vehicle velocity,

fc = 5.9 GHz is the carrier frequency, and c = 3 × 108 m/s is the speed of light, as dis-

cussed in Section 2.2.2. The channel generation uses MATLAB’s comm.RayleighChannel

system object, which implements the WSSUS assumptions described in Section 2.2.5 and

produces Rayleigh fading statistics as specified in Section 2.2.6.

Channel realisation procedure

Each frame is transmitted through a unique channel realisation generated using deter-

ministic seed assignment. For a dataset of Nframes frames indexed by i = 1, 2, . . . , Nframes,

the seed of frame i is simply i. This one-to-one mapping ensures reproducible channel
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generation whilst providing statistical independence across frames, as each seed produces

a unique combination of tap gains, phases, and Doppler shifts drawn from the statistical

distributions defined by the channel model.

The channel generation procedure for each frame operates as follows. First, the TDL

channel model is initialised with seed i and sampling frequency fs = K ·∆f = 10 MHz.

Second, a time-domain channel impulse response h(t, τ) spanning the frame duration is

generated according to the LTV model described in Section 2.2.1:

h(t, τ) =
L−1∑

l=0

hl(t) δ(τ − τl), (3.1)

where hl(t) are the time-varying complex path gains driven by Jakes’ Doppler processes, τl

are the discrete path delays specified in Table 2.3, and L is the number of taps. Third, the

transmitted time-domain frame (including preamble and all CPs) is convolved with the

time-varying impulse response. Fourth, complex Gaussian noise with variance σ2 = N0 is

added, where N0 is determined by the target SNR following the relationship established in

Section 2.4.5. Finally, the received signal is processed by removing the CPs and applying

a 64-point FFT to obtain the frequency-domain signal.

This procedure produces the frequency-domain received signal Y ∈ CK×(I+2) and the

corresponding true frequency-domain channel matrix H ∈ CK×(I+2) for supervised learn-

ing, where I = 50 data symbols and 2 preamble symbols span a total frame duration

of (I + 2) × 8 µs = 416 µs. During this interval, the channel evolves according to the

time-varying TDL model, with temporal correlation governed by the Doppler spectrum

and coherence time characteristics discussed in Section 2.2.2.

Unlike conventional simulation approaches, which transmit multiple frames through a sin-

gle channel realisation, our framework generates a unique channel instance for each frame.

This design choice provides several advantages for evaluating DL models. First, statis-

tical independence between frames eliminates temporal correlation in training samples,

preventing the network from learning frame-to-frame dependencies, which is particularly

critical in the high-mobility scenarios considered in this work, where rapid channel evolu-

tion renders inter-frame correlations unreliable. Second, diverse coverage of the channel

74



model’s statistical distribution ensures that training and testing sets span the full range

of propagation conditions rather than being concentrated around particular realisations.

Third, testing on independently generated channels provides rigorous evaluation of the

estimator’s ability to generalise beyond training conditions, as each test frame represents

a unique channel instance.

3.2.3 Frame generation

This subsection describes the complete frame generation process from information bits to

transmitted OFDM symbols, followed by the channel estimation procedure at the receiver.

3.2.3.1 Transmitter processing chain

Each frame is generated following the IEEE 802.11p transmitter architecture described in

Section 2.4.3. The processing chain comprises: scrambling (Section 3.2.1.2), rate-1/2 con-

volutional encoding (Section 2.4.3), two-stage interleaving (Section 3.2.1.2), 16QAM map-

ping with Gray coding, and subcarrier allocation following the structure in Section 2.4.5.

The frequency-domain symbols undergo 64-point IFFT with CP insertion (Section 2.4.1.3)

to form time-domain OFDM symbols. The complete transmitted frame comprises a two-

symbol preamble (Section 2.4.4) followed by 50 data symbols:

sframe = [xpreamble, xCP,1, x1, . . . , xCP,I , xI ], (3.2)

where xi ∈ CK is the IFFT output for data symbol i and xCP,i ∈ CKCP is its cyclic prefix,

resulting in a frame duration of 416 µs.

3.2.3.2 Receiver processing chain

The receiver performs CP removal and 64-point FFT to obtain frequency-domain samples.

LS channel estimation is applied using the two LTS preamble symbols as described in

Section 2.4.4. Each LTS comprises a known BPSK sequence on the 52 active subcarriers.
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After CP removal and FFT, the two preamble observations are averaged to obtain the LS

estimate:

ĤLS[k] =
Ypreamble,1[k] + Ypreamble,2[k]

2 · P [k] , k ∈ Kact, (3.3)

where Ypreamble,j[k] denotes the received frequency-domain sample at subcarrier k for the

j-th preamble symbol, P [k] is the known transmitted preamble value, and Kact denotes

the set of 52 active subcarrier indices. Averaging across the two preambles reduces noise

variance by 3 dB compared to single-symbol estimation [29], improving the accuracy of

the initial CSI. This LS estimate serves as both the baseline estimator for performance

comparisons and the initial input to DL-based refinement architectures evaluated in sub-

sequent chapters.

3.3 Data preprocessing

This section describes how raw simulation data is prepared for NN training. Section 3.3.1

presents the data structure and Section 3.3.2 describes the complex-to-real conversion.

3.3.1 Data structure

The training data and the testing data are generated at certain SNR levels. For each

channel realisation at each SNR point specified, the simulation collects four quantities

at the receiver after FFT processing. The received symbols Y ∈ CK×(I+2) contain

frequency-domain observations spanning preamble and data symbols. The true channels

H ∈ CK×(I+2) provide the ground truth frequency response at each subcarrier and sym-

bol. The LS estimates ĤLS ∈ CKact×1 derived from preamble averaging serve as baseline

estimates, where Kact = 52 denotes the number of active subcarriers. The data symbols

X ∈ CK×I contain known data and pilot values for I = 50 OFDM symbols.

After extracting the preamble, we retain only the active subcarriers for the data symbols,
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resulting in Y ∈ CKact×I and H ∈ CKact×I where Kact = 52 active subcarriers and I = 50

data symbols per frame. This reduction focuses the learning task on subcarriers that

carry information while excluding null subcarriers.

3.3.2 Complex-to-real transformation

NNs typically operate on real-valued inputs. We transform complex-valued channel data

into real-valued representations by separating each complex quantity into real and imag-

inary components and stacking them as feature channels along the subcarrier dimension,

following the standard approach in the literature [6]–[8], [17], [66], [68]:

X′ =


ℜ(Y)

ℑ(Y)


 ∈ R2Kact×I . (3.4)

The target output for supervised learning excludes pilot subcarriers, focusing only on the

data subcarrier positions:

Htarget =


ℜ(H[Kd, :])

ℑ(H[Kd, :])


 ∈ R2Kd×I = R96×50, (3.5)

where H[Kd, :] selects the Kd = 48 data subcarrier rows from the true channel matrix.

This design choice trains the network to estimate channels at data positions, with pilot-

position estimates derived separately from the known pilot symbols or classical methods.

This method of stacking the real and imaginary parts of the complex data along the

subcarrier dimension is used for the FNNs, LSTM-based and the GRU models. For the

TCN models, we introduce an alternative method to convert complex data to real-valued

data. This method is outlined in the next chapter (Section 4.6.1.1).

3.4 Dataset validation and reproducibility

This section describes the procedures used to validate that the training and test subsets

are representative and free from duplicated samples, and to ensure that the datasets can
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be reproduced exactly. These procedures support the claim that the DL models evalu-

ated in this thesis learn generalisable channel estimation behaviour rather than relying

on memorisation. All datasets used throughout this thesis employ a random splitting

strategy.

The dataset generation procedures follow standardised protocols to ensure reproducibility.

Channel generation employs the deterministic seed assignment specified in Section 3.2.2,

creating a one-to-one mapping between frame index and random seed. This mapping

ensures that frame index i always produces identical channel realisations when using

the same channel model parameters from Table 2.3, carrier frequency fc = 5.9 GHz, and

sampling rate fs = 10 MHz. The interleaving permutation vector used in frame generation

(Section 3.2.3) employs a fixed seed which is stored in the dataset metadata, ensuring

identical permutations across all frames during both interleaving and deinterleaving.

Simulation scripts and dataset generation code are maintained in a public Git repository

with documentation.3 The repository includes instructions describing execution proce-

dures, dependency requirements, and configuration parameters required to reproduce the

datasets.

3.5 Dataset description

This section describes the final datasets used for model training and evaluation. A sepa-

rate dataset is generated for each of the six vehicular channel models from Section 3.2.2,

providing distinct propagation environments. Section 3.5.1 presents the dataset compo-

sition, and Section 3.5.2 describes the statistical properties of the generated data. To

validate the dataset’s quality, Sections 3.5.3 and 3.5.4 analyse feature-level consistency

using empirical distributions and the Kolmogorov-Smirnov test. Finally, Section 3.5.5

evaluates the independence of training and test samples to confirm dataset integrity.

3https://github.com/SimbaAl/PhD_XAI_Codebase
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3.5.1 Dataset composition

For each channel model, 20,000 independent OFDM frames are generated following the

procedure in Section 3.2.2. Each frame corresponds to a unique channel realisation with

its own random seed according to Section 3.2.2. Specifically, a realisation is defined

by a distinct combination of time-varying multipath fading coefficients, Doppler shift

trajectories, and a complex Gaussian noise instance determined by an SNR value set to

a specific SNR level for training data generation and drawn uniformly from the range

[0, 40] dB for the testing data.

To facilitate both supervised training and performance evaluation, each dataset is pack-

aged as a tuple {Y,H,X, ĤLS
pre} containing the following tensors:

1. Received Signal (Y): The frequency-domain received grid of size K × (I + 2),

which serves as the primary observation for the estimator.

2. True Channel (H): The ground-truth frequency response grid of size K× (I+2),

serving as the target label for supervised loss calculation.

3. Transmitted Symbols (X): The grid of transmitted QAM symbols of size K ×
(I + 2), required for computing the BER during the evaluation phase.

4. Coarse Channel Estimates (Ĥcoarse): This set includes the initial preamble-based

LS estimate (ĤLS
pre) and, for hybrid model configurations, the time-varying classical

estimates (e.g., DPA, STA, TRFI) derived fromY. These serve as the input features

for hybrid DL architectures that aim to refine coarse classical predictions.

The datasets are split into 18,000 training and 2,000 test frames using random allocation.

This split ensures that the training and testing sets sample the full range of channel

realisations while maintaining statistical independence between subsets.

From this point on, the same six datasets: VTV-SDWW, VTV-EX, VTV-UC, RTV-SS,

RTV-EX, and RTV-UC, and the same training and test partitions are used throughout

Chapters 4 and 5. In Chapter 6, the dataset is adapted to 64QAM modulation.
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3.5.2 Temporal and spectral correlation structure

The dataset exhibits specific statistical patterns arising from the channel generation pro-

cess. Consecutive frames have statistically independent channel realisations because each

frame uses a unique random seed. Frame ordering contains no information about channel

evolution and does not reflect physical propagation patterns.

Within each frame, channel coefficients are expected to display structured correlation

across both frequency and time, and these relationships are expected to be nonlinear

and complex. Frequency selectivity causes adjacent subcarriers to experience correlated

fading due to multipath delay spread characterised by the Power Delay Profile (PDP)

in Table 2.3. The degree of frequency correlation depends on the coherence bandwidth

relative to subcarrier spacing, as discussed in Section 2.2.3.

Time variation creates correlation between adjacent OFDM symbols within a frame,

governed by the Jakes’ Doppler spectrum and coherence time characteristics from Sec-

tion 2.2.2. The normalised Doppler products ranging from 0.125 to 0.499 indicate that

significant temporal evolution occurs across the 50 symbols within each frame. This tem-

poral correlation motivates the use of architectures that can exploit temporal structure,

such as RNNs and CNNs.

3.5.3 Feature distribution analysis

We first examined whether individual real-valued feature dimensions are statistically con-

sistent across the dataset partitions. A feature is defined as either the real or imagi-

nary component of a channel coefficient at a specific subcarrier-symbol index, yielding

2KactI = 5200 features per frame.

Figure 3.1 compares empirical cumulative distribution functions (CDFs) for eight random

features in the training and test sets. The near-perfect overlap indicates strong similarity

in feature statistics. Additionally, Figure 3.2 confirms that the magnitude distributions

follow Rayleigh characteristics expected from the vehicular fading models, with no abnor-
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mal outliers or skewness. These observations support the use of standard z-normalisation,

in which each feature is transformed to zero mean and unit variance by subtracting the

feature mean and dividing by the feature standard deviation. The mean and standard

deviation are computed over the training set only and then applied to the validation and

test sets, ensuring correct statistical isolation.

Figure 3.1: CDFs of 8 random features from the training and test sets. The overlap indicates

distributional consistency, where p represents the probability that the two samples are drawn

from the same underlying distribution.

3.5.4 Kolmogorov-Smirnov feature-level consistency

To statistically verify that the two subsets originate from the same population, we ap-

plied the Kolmogorov-Smirnov (KS) test to each feature dimension. The KS test fails to

reject the null hypothesis (identical distributions) for 85.3% of features (p > 0.05), indi-

cating strong alignment between the training and test subsets. Features with p < 0.05
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Figure 3.2: Distribution of channel magnitude for training and testing sets. The close match

reflects consistent sampling of channel attenuation statistics across dataset splits.

are sparsely distributed and do not correspond to any specific subcarrier or temporal

structure, meaning that no systematic distribution shift is introduced by the split.

3.5.5 Train/test sample independence

To ensure that DNNs cannot benefit from channel memorisation, we evaluated redundancy

across dataset partitions. For each test sample, we computed its Euclidean distance to the

closest training sample using the concatenated (Y,H) representation, where Y denotes

the received frequency-domain grid and H represents the true channel response grid. The

resulting nearest-neighbour distances in Figure 3.3 show a clear separation between all

sample pairs, with a minimum observed distance of 8.37. Given our similarity threshold

of 1.0, this confirms that no test sample is an exact or near-duplicate of any training

sample. This confirms that the train/test separation provides statistically independent

channel conditions, enabling reliable generalisation evaluation.
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Figure 3.3: Nearest-neighbour distances between test samples and the closest training samples.

The high separation values confirm that no duplicated channel realisations exist across the

dataset split.

3.6 Chapter summary

This chapter describes the data-generation process for evaluating DL channel estimators.

The simulation implements IEEE 802.11p with six vehicular channel models, producing

20,000 frames per model, of which 18,000 are used for training and 2,000 for testing.

Preprocessing converts complex observations into real-valued inputs for NNs, with deter-

ministic procedures that ensure reproducibility.

Statistical validation confirmed the integrity of this partitioning strategy: KS tests demon-

strated distributional consistency between training and test sets, while Euclidean distance

analysis verified that no test sample is a duplicate of a training sample.

All datasets used in this work are generated following this process, except for one of the

datasets used in Chapter 6, where the same process is used but some of the parameters

are changed. (The modulation scheme is changed to 64QAM and vehicle mobility is

changed to 200 km/h.) The datasets developed in this chapter enable the evaluation of

DL architectures for channel estimation in the chapters that follow.
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Chapter 4

Deep learning architectures for

channel estimation

This chapter presents DL architectures to improve channel estimation performance in ve-

hicular communication systems. We introduce a dual-cell LSTM and a TCN model.

4.1 Introduction

This chapter evaluates DL architectures for channel estimation using the datasets gener-

ated as described in Chapter 3. Building on the estimators and theoretical foundations

from Chapter 2, we investigate four architecture families that integrate NNs with classical

methods to improve estimation accuracy. The chapter is organised as follows. To estab-

lish a fair comparison, we first identify two primary baselines derived from the literature

review. We select FNN-based hybrid estimators (Section 4.3) to represent established low-

complexity methods that improve the estimation of classical estimators. Complementing

these, we select the recurrent LSTM-DPA-TA architecture (Section 4.4) as the baseline

for sequential channel estimation. Against these baselines, we introduce and evaluate
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two new estimators designed to address specific limitations in current vehicular channel

estimation. Section 4.5 introduces a new estimator (dual-cell LSTM architecture), while

Section 4.6 introduces an estimator based on TCNs. Finally, a comparative analysis of

the DL estimators across various channel models is presented in Section 4.7. Section 4.8

summarises the findings.

4.2 Experimental setup

To ensure a fair comparison between the proposed architectures and the baselines, we

established a unified experimental framework. This section details the experimental con-

figuration, datasets, and hyperparameter optimisation methodology used to evaluate all

the architectures discussed in this chapter.

4.2.1 Dataset configuration

All models developed and evaluated in this chapter use datasets generated according

to the procedure described in Chapter 3. The channel models used in this chapter are

VTV-SDWW and VTV-EX. The other channel models are analysed in the next chapter.

The properties of these channel models are described in Section 2.3.3. Unless otherwise

specified, the modulation scheme used in this chapter is 16QAM.

4.2.2 Hyperparameter optimisation protocol

To ensure fair comparison across architectures, we employ a consistent hyperparameter

optimisation methodology using Optuna [97], a Bayesian optimisation framework that im-

plements the Tree-structured Parzen Estimator (TPE) sampling algorithm. This approach

provides efficient exploration of the hyperparameter space based on trial performance [98].

To maximise computational efficiency, the framework applies adaptive pruning via me-

dian stopping rules, automatically terminating trials that fail to meet performance thresh-
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olds early in the training process. Beyond simple accuracy maximisation, the protocol

addresses the trade-off between performance and efficiency by integrating the NSGA-II

sampler [99]. This genetic algorithm enables simultaneous multi-objective optimisation,

identifying a set of solutions that balance minimal validation loss with reduced model

complexity.

Common hyperparameters. Across all NN architectures, we optimise the following

hyperparameters:

• Learning rate: Searched in log-space [10−5, 10−1] to span multiple orders of mag-

nitude.

• Learning rate scheduling: StepLR scheduler with optimised step size and gamma

decay.

• Regularisation: Dropout probability and weight decay (where applicable).

• Batch size: Is fixed at 128 for all the architectures.

• Optimiser: Adam with default PyTorch parameters (β1 = 0.9, β2 = 0.999).

Architecture-specific hyperparameters. Each architecture family requires additional

parameters:

• FNNs: Hidden layer sizes.

• RNNs: Hidden state size, number of recurrent layers.

• TCNs: Number of resource blocks, number of layers, kernel size, dilation pattern.

Training protocol. For baseline construction, we conduct hyperparameter optimisa-

tion with the following protocol:
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• Definition of search space: A wide range of values are defined for the hyper-

parameters being optimised, for example, learning rate, batch size, regularisation

(weight decay, dropout) and architectural dimensions. Post-trial, if a value was

found on the edge of the range, the range was extended.

• Optimisation trials: 50-180 trials depending on architecture complexity.

• Epochs per trial: Early stopping (patience = 20 epochs) was used to control the

number of epochs per trial.

• Validation metric: Minimum validation loss across training epochs.

• Random seeds: Unless specified, each hyperparameter configuration during op-

timisation is evaluated with three different random seeds to reduce sensitivity to

weight initialisation.

• Final training: Best configuration trained using early stopping with patience =20.

All the models evaluated in this chapter were trained at 40 dB SNR, following the protocol

established in previous work [8], [68], where models learn channel dynamics from high SNR

samples. The impact of this design choice on generalisation to lower SNRs is investigated

in Chapter 5.

Experiment tracking. All experiments are tracked using Weights & Biases1, record-

ing training curves, hyperparameter configurations, and performance metrics to ensure

reproducibility.

4.2.3 Performance evaluation

Model performance is evaluated using the metrics defined in Section 2.8:

• NMSE (Section 2.8.1): Quantifies channel estimation accuracy by measuring the

normalised mean squared error between estimated and true channel coefficients.

1https://wandb.ai
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• BER (Section 2.8.2): Measures end-to-end communication performance after chan-

nel equalisation, demodulation, and decoding.

Both metrics are computed over a 0-40 dB SNR range to assess performance under varying

noise conditions. All results are presented on logarithmic scales for BER and NMSE to

clearly show the performance of the evaluated estimators across the SNR range.

4.3 Feedforward networks

FNNs refine classical channel estimates by learning nonlinear correction patterns. This

section evaluates FNN-based estimators that post-process STA and TRFI outputs, fol-

lowing the hybrid architecture framework introduced in Section 2.6.4.2.

4.3.1 Architecture

As discussed in Section 2.6.4.2, Gizzini et al. [6], [66] proposed two FNN architectures:

STA-DNN and TRFI-DNN. These networks are designed to address the specific limita-

tions of classical estimators by learning to map the noise-corrupted, interpolated estimates

to a more accurate channel response.

STA limitations. The STA estimator applies temporal and frequency averaging with

fixed coefficients α and β (see Section 2.6.4.2). These fixed coefficients degrade perfor-

mance in high-mobility conditions because they cannot adapt to varying Doppler pro-

files [68]. An FNN can learn data-driven corrections to compensate for this mismatch.

TRFI limitations. The TRFI estimator uses frequency-domain interpolation between

pilot subcarriers, but suffers from interpolation errors at low SNR when pilot estimates

are unreliable [66]. An FNN can learn to suppress these interpolation artefacts through

supervised training on ground-truth channels.
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Network architecture. Both STA-DNN and TRFI-DNN follow the same architectural

template, consisting of three hidden layers with 15 units each and ReLU activation:

• Input: Real-valued stacking of classical estimate x′
n = fR(Ĥ

STA
n ) or fR(Ĥ

TRFI
n ) ∈

R2Kact .

• Hidden layers: Three fully connected layers with 15 units each, ReLU activation,

and dropout.

• Output layer: Linear projection to refined channel estimate ĤNN
n ∈ R2Kact .

• Target: Ground-truth channel Htarget
n = fR(Hn) ∈ R2Kact .

• Weight initialisation: Truncated normal distribution with mean 0 and standard

deviation 0.05 for all layers.

The network minimises the MSE loss between the network output ĤNN
n and the ground-

truth target Htarget
n :

L =
1

N

N∑

n=1

∥∥∥Htarget
n − ĤNN

n

∥∥∥
2

2
, (4.1)

where N denotes the total number of training samples in the dataset, with each sample

corresponding to one OFDM symbol. It is important to note that the FNN models

discussed in this section use a single OFDM symbol as input, following the approach

outlined in [6]. In contrast, other architectures evaluated in this study, such as Dual-cell

LSTM, LSTM-DPA-TA, GRU-DPA-TA, and DPA-TCN, process the input as a whole

frame, which consists of 50 OFDM symbols and 52 subcarriers.

4.3.2 Hyperparameter optimisation

Following the framework in Section 4.2.2, we optimise FNN hyperparameters using Op-

tuna. The network architecture follows the original design from Gizzini et al. [6], [66],

with three hidden layers of 15 units each, which has been demonstrated to be sufficient for

a similar task. We fix the batch size to 128 and optimise the remaining hyperparameters
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over 100 trials of 100 epochs each. The search space and optimal values are detailed in

Table 4.1.

Table 4.1: FNN hyperparameter search space and optimal values (100 trials, 100 epochs each;

final model trained for 250 epochs).

Hyperparameter Search space Best value

Learning rate [10−5, 10−2] 5× 10−4

Dropout probability [0.0, 0.5] 0.1

Weight decay [10−6, 10−3] 10−5

StepLR step size [5, 20] 10

StepLR gamma [0.5, 0.9] 0.7

The best configuration uses a learning rate of 5 × 10−4 with StepLR scheduling (step

size = 10, gamma = 0.7), moderate dropout (0.1), and minimal weight decay (10−5) for

regularisation. The fixed three-layer architecture with 15 hidden units per layer reflects

the limited complexity of the correction task: the FNN only needs to learn local nonlinear

mappings to compensate for systematic errors in STA and TRFI estimates, not long-range

temporal dependencies.

4.3.3 Results and discussion

Figure 4.1(a) and Figure 4.1(b) compare the FNN estimators with the classical channel

estimators. Perfect Channel is the theoretical lower bound assuming perfect CSI, serving

as the reference to assess estimation losses. Therefore, the closer the BER of an esti-

mator to the perfect channel, the better the performance. LS estimation, which uses

only the preamble symbols to estimate the channel once per frame, demonstrates per-

formance degradation with a BER plateau above 10−1. This occurs because the initial

estimate becomes outdated as the channel varies throughout the frame in high-mobility

scenarios. The STA estimator aims to improve the initial channel estimation through

frequency-domain averaging and time-domain averaging using the coefficient α, which
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shows a performance degradation around 10−1. This is due to its fixed averaging param-

eters, which cannot adapt to time-varying channels. CDP, which implements a reliability

test by comparing demapping results from the current and previous channel estimates and

updates only when estimates are reliable, achieves a BER performance of approximately

10−2 at 40 dB. However, the binary reliability decision still allows some error propagation.

TRFI extends CDP by using cubic interpolation to estimate unreliable subcarriers based

on reliable ones. Despite this, TRFI shows better performance than CDP from 20 dB.

The DPA estimator, which updates the channel estimate per symbol using demapped

symbols, shows better performance than LS, CDP, and STA. Because it suffers from error

propagation, where demapping errors compound across symbols, its performance is lim-

ited. DPA-TA, which aims to improve the DPA estimates by averaging in the temporal

domain, shows a performance improvement to the DPA estimate in low SNRs, but at 30

dB, DPA performs better than it.

(a) BER performance. (b) NMSE performance.

Figure 4.1: Performance of FNN-based estimators compared with classical channel estimation

methods under the VTV-SDWW channel model.

STA-DNN and TRFI-DNN, which apply FNNs as post-processors to the classical estima-

tors (STA and TRFI), show noticeable improvements over classical estimators across all

SNRs. However, from 30 dB, TRFI-DNN starts to perform better than STA-DNN. The

NMSE results showed that STA-DNN and TRFI-DNN outperform their classical coun-

terparts (STA and TRFI), confirming that adding the NN effectively reduces estimation
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error. In low dB (0 to 5 dB), the TRFI-DNN shows performance worse than that of

the LS estimator. This is because its classical counterpart (TRFI) also has a very high

NMSE in this SNR range, which then makes it very difficult for the NN to correct this

high NMSE.

4.4 Recurrent baselines

FNNs process each OFDM symbol independently, ignoring the temporal correlation which

exists across OFDM symbols in a single frame. RNNs address this limitation by modelling

the channel as a time series, using memory states to capture temporal evolution in fast-

fading vehicular environments.

4.4.1 Architecture

We implemented two RNN architectures from prior work: LSTM-DPA-TA [8] and GRU-

DPA-TA [68] as our baselines. Both architectures extend the DPA estimator from Sec-

tion 2.5.3.2 with recurrent processing, but differ in their gating mechanisms. LSTMs

maintain separate memory and hidden states with three gates (input, forget, output),

while GRUs combine these into a single state with two gates (reset, update). RNNs treat

the wireless channel as a time series by estimating the current channel response from past

OFDM symbols to exploit temporal correlation in fast-fading vehicular environments.

Unlike the FNN estimators, these sequential architectures model time evolution through

memory states, improving robustness against rapid Doppler variations.

Input construction. Let n index OFDM symbols and k index active subcarriers. The

input at symbol n is constructed from previous estimates:

H̄n[k] =





Ĥn−1[k], k ∈ Kd,

ĤLS
n−1[k], k ∈ Kp,

(4.2)
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where Kd and Kp denote the data and pilot subcarrier sets, respectively, with Ĥ0[k] =

ĤLS[k] for initialisation. Each complex input vector H̄n ∈ CKact is converted into a

real-valued representation

x′
n = [ℜ{H̄n}, ℑ{H̄n}] ∈ R2Kact , (4.3)

following the complex-to-real transformation in Section 3.3.2.

Recurrent processing. The recurrent unit, denoted ψ(·), models temporal dependen-

cies as

sn = ψ(sn−1, x
′
n; Θ), ĤRNN

n = Ω(sn), (4.4)

where ψ(·) represents either an LSTM or GRU cell with parameters Θ, sn is the hidden

state at symbol n, and Ω(·) is the output layer that maps the hidden state to the channel

estimate.

DPA refinement. DPA is used as a refinement step to refine the RNN output, exploit-

ing the temporal correlation across adjacent OFDM symbols. For each data subcarrier

k ∈ Kd, the received signal is first equalised using the previous RNN estimate:

Ĥeq
n [k] =

Yn[k]

ĤRNN
n−1 [k]

, (4.5)

where Yn[k] denotes the received symbol on subcarrier k of the n-th OFDM symbol. The

equalised signal is then demapped to the nearest constellation point:

d̂n[k] = D
(
Ĥeq

n [k]
)
, (4.6)

where D(·) represents the constellation demapping operator. The demapped symbol is

then used as a known reference to compute the DPA estimate:

ĤDPA
n [k] =

Yn[k]

d̂n[k]
. (4.7)

For pilot subcarriers k ∈ Kp, the known pilot symbols Xp
n [k] are used directly without

demapping.
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Temporal averaging. To reduce the impact of AWGN, TA is applied to ĤDPA
n [k] as

follows:

ĤTA
n [k] =

(
1− 1

α

)
ĤTA

n−1[k] +
1

α
ĤDPA

n [k], (4.8)

where α controls the smoothing strength (typically α = 2 [8]).

RNN ψ(·) DPA TA
ĤRNN

n ĤDPA
n ĤTA

n
x′
n

Yn

ĤTA
n−1

Figure 4.2: RNN-based channel estimation pipeline using DPA refinement and temporal av-

eraging.

Figure 4.2 shows the complete RNN-based channel estimation pipeline. The RNN pro-

cesses input x′
n to predict the channel ĤRNN

n , which is then used to equalise and demap

the received symbol Yn. The DPA stage refines the estimate by treating the demapped

symbols as pseudo-pilots to re-estimate the channel, producing ĤDPA
n . Finally, temporal

averaging smooths the estimate to obtain ĤTA
n , which feeds back to construct the input

for the next symbol. LSTM-DPA-TA uses 128 hidden units, while GRU-DPA-TA uses 48

hidden units, following the original configurations [8], [68].

4.4.2 Hyperparameter optimisation

Following the framework in Section 4.2.2, we optimise RNN hyperparameters using Op-

tuna. The baseline architectures follow the original configurations from [8], [68]. The

LSTM-DPA-TA uses 128 hidden units with a single LSTMCell layer, while GRU-DPA-

TA uses 48 hidden units with a single GRUCell layer. Both architectures map from

104-dimensional inputs (real and imaginary components of 52 active subcarriers) to 96-
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dimensional outputs (real and imaginary components of 48 data subcarriers). We fix the

batch size to 128 and conduct 80 trials of 200 epochs each with early stopping, optimising

the hyperparameters detailed in Table 4.2. The optimal configuration for both architec-

Table 4.2: RNN hyperparameter search space and optimal values (80 trials, 200 epochs each).

Hyperparameter Search space LSTM-DPA-TA GRU-DPA-TA

Learning rate [10−5, 10−2] 10−3 10−3

StepLR step size [5, 20] 10 20

StepLR gamma [0.5, 0.9] 0.8 0.9

Gradient clipping [10−5, 10−2] 10−4 —

tures uses the Adam optimiser, a learning rate of 10−3 and no weight decay. The LSTM

implementation includes gradient clipping at 10−4 to prevent exploding gradients dur-

ing backpropagation through time, while the GRU architecture achieves stable training

without gradient clipping. The temporal averaging coefficient is fixed at α = 2 for both

architectures, following [8].

4.4.3 Results and discussion

Figure 4.3 compares the RNN baselines with FNN and classical estimators under the VTV-

EX channel model. Figure 4.3 shows that under the VTV-EX channel model and mobility

conditions, the recurrent channel estimators (GRU-DPA-TA and LSTM-DPA-TA) achieve

up to two orders of magnitude BER improvement over classical estimators (DPA-TA,

TRFI, CDP) for SNR ≥ 25 dB. This confirms that sequential learning architectures

effectively capture temporal channel evolution that traditional estimators ignore. The

NMSE result also shows the better performance of the LSTM-DPA-TA and the GRU-

DPA-TA than the FNNs and the classical estimators.
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(a) BER performance. (b) NMSE performance.

Figure 4.3: RNN-based estimators compared with FNN and classical methods under VTV-EX.

4.5 Dual-cell LSTM

Single-cell RNNs process all temporal dynamics through one gating pathway, which can

limit channel representation diversity and generalisation [100]. We propose a dual-cell

LSTM architecture that extends LSTM-DPA-TA by using two independent LSTM cells

operating in parallel on the same input. The outputs are averaged before DPA refine-

ment, introducing recurrent diversity that improves robustness in high-Doppler shift con-

ditions. This approach remains practical for real-time vehicular communication because

both LSTM cells operate only within each frame of 50 OFDM symbols and are reini-

tialised from the preamble at each new frame, keeping memory requirements bounded

and computational overhead manageable.

4.5.1 Architecture

The proposed dual-cell design introduces recurrent diversity by allowing two LSTM

branches to learn complementary temporal features within each frame of 50 OFDM sym-

bols. Averaging their outputs yields a more stable and generalised estimate, improving

robustness in rapidly varying vehicular channels, while both cells maintain independent

hidden states that are reinitialised at the start of each new frame.
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Input construction. Let n and k denote the OFDM symbol and subcarrier indices,

respectively. The received frequency-domain signal on subcarrier k of symbol n is

Yn[k] =





Hn[k]Xn[k] +Nn[k], k ∈ Kd,

Hn[k]Xn[k] +Nn[k], k ∈ Kp,

(4.9)

where Xn[k] and Nn[k] are the transmitted OFDM symbol (or pilot) and complex AWGN,

respectively.

Inputs to the NN are constructed from the previous channel estimates on active subcarri-

ers. For data subcarriers, the input uses the most recent network estimate, while for pilot

subcarriers, it reuses the LS estimate:

H̄n[k] =





Ĥn−1[k], k ∈ Kd,

ĤLS
n−1[k], k ∈ Kp.

(4.10)

Since the network operates on real-valued tensors, each complex vector H̄n ∈ CKact is

transformed into a real-valued representation using the complex-to-real stacking procedure

described in Section 3.3.2:

x′
n =

[
ℜ{H̄n}, ℑ{H̄n}

]
∈ R2Kact . (4.11)

Targets are defined analogously by stacking the real and imaginary parts of the true

channel response on data subcarriers:

tn =
[
ℜ{Hn[Kd]}, ℑ{Hn[Kd]}

]
∈ R2Kd . (4.12)

Dual-cell recurrence. The recurrent update consists of two parallel LSTM cells, each

with 128 hidden units and independent parameters:

s(1)n = ψ1(s
(1)
n−1,x

′
n; Θ1), s(2)n = ψ2(s

(2)
n−1,x

′
n; Θ2), (4.13)

where ψ1(·) and ψ2(·) denote the two independent LSTM mappings, and Θ1, Θ2 are their

respective parameter sets. Both cells process the same input sequence x′
n in the forward
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direction but maintain separate hidden states. Each branch produces an intermediate

channel estimate through a linear readout Ω1(·) and Ω2(·):

Ĥ(1)
n = Ω1(s

(1)
n ), Ĥ(2)

n = Ω2(s
(2)
n ). (4.14)

The final recurrent output is the elementwise average:

ĤRNN
n = 1

2

(
Ĥ(1)

n + Ĥ(2)
n

)
, (4.15)

which is subsequently used for DPA refinement.

DPA refinement. DPA refinement follows the same procedure as the baselines:

Ĥeq
n [k] =

Yn[k]

ĤRNN
n−1 [k]

, d̂n[k] = D
(
Ĥeq

n [k]
)
, ĤDPA

n [k] =
Yn[k]

d̂n[k]
, (4.16)

where D(·) denotes the constellation demapper. For pilot subcarriers k ∈ Kp, the known

pilot symbols Xp
n [k] are used directly without demapping.

4.5.2 Hyperparameter optimisation

We optimise the dual-cell LSTM hyperparameters following the framework established

in Section 4.2.2, with modifications to account for the increased model capacity. The

dual-cell architecture uses two independent LSTM cells, each with 128 hidden units,

processing 104-dimensional inputs and producing 96-dimensional outputs. The search

space and best values are detailed in Table 4.3. The final configuration uses a learning

rate of 0.01, StepLR (step size = 9, gamma = 0.6), dropout = 2× 10−3, weight decay =

8× 10−3, and batch size 128.

4.5.3 Results

We benchmark the proposed dual-cell LSTM (Dual-Cell-LSTM-DPA) against TRFI-

DNN, STA-DNN, the baseline LSTM-DPA-TA, and the classical DPA-TA on the VTV-

SDWW channel model. Evaluations on the other channel models will be presented later

in this chapter.
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Table 4.3: Hyperparameter search space and selected values for the dual-cell LSTM (150 trials,

100 epochs each; final model trained for 250 epochs).

Hyperparameter Search space Best value

Learning rate [10−5, 10−1] 10−2

Step size (StepLR) [1, 10] 9

Gamma (StepLR) [0.1, 1.0] 0.6

Dropout probability [0.0, 0.8] 2× 10−3

Weight decay [10−6, 10−2] 8× 10−3

(a) BER comparison. (b) NMSE comparison.

Figure 4.4: BER and NMSE performance under VTV-SDWW.

Figure 4.4 shows the BER and NMSE for the VTV-SDWW channel model. At low

SNR (0-10 dB), the dual-cell LSTM performs similarly to the baseline (LSTM-DPA-TA).

Above 10 dB, the dual-cell LSTM performs better, with the performance gap increasing

at higher SNR. For NMSE, the dual-cell LSTM outperforms the baseline across all SNR

levels. These gains show that averaging two independent LSTM predictions captures tem-

poral correlations more effectively and reduces error propagation across OFDM symbols.

However, this improvement comes at the cost of doubled computational complexity due

to the second LSTM cell.

On the other hand, STA-DNN and TRFI-DNN perform worse than the two recurrent
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methods (dual-cell-LSTM-DPA and the LSTM-DPA-TA). STA-DNN shows better per-

formance at low SNRs (0 to 15 dB), but its performance decreases as the SNR increases.

From 25 dB, we can observe the flattening of its BER graph. This is because STA uses

fixed averaging coefficients for spectral and temporal averaging. When the channel is

dynamic, these coefficients cause a mismatch with the true channel response, thereby

decreasing performance. TRFI-DNN performs poorly at low SNR because interpolation

between pilots becomes unreliable when noise dominates the pilot estimates. Figure 4.4(b)

shows better NMSE performance for the Dual-cell-LSTM-DPA compared to all evaluated

estimators, followed by LSTM-DPA-TA.

4.6 Temporal convolutional networks

While RNN-based estimators demonstrate strong performance by leveraging temporal

correlations, they are constrained by their sequential nature, which increases their pro-

cessing time. This is a constraint in vehicular communication, where channel estimation

should be completed within the coherence time [68]. We propose a DPA-TCN architecture

that addresses these limitations by using TCNs as a post-processing refinement stage af-

ter DPA estimation. Unlike the causal TCN introduced in Section 2.6.2.4, our refinement

module employs a non-causal TCN variant that exploits frequency-domain correla-

tions across subcarriers rather than temporal correlations across OFDM symbols. This

architectural choice enables parallel computation across all subcarriers within a frame,

potentially reducing inference latency.

4.6.1 Non-causal refinement TCN

The proposed TCN operates as a residual refinement module applied after DPA esti-

mation. Unlike recurrent baselines where the NN precedes DPA, this reversed ordering

allows DPA to provide initial channel tracking that exploits temporal correlation between

OFDM symbols [6], while the TCN subsequently corrects residual errors by modelling
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frequency-domain structure.

Our non-causal TCN employs dilated one-dimensional convolutions with symmetric

padding that operate along the subcarrier axis, allowing the receptive field at a given

subcarrier to exploit information from both lower and higher frequency neighbouring

subcarriers within the same frame. This contrasts with causal TCNs, which restricts each

output to depend only on ”past” inputs in the sequence.

The TCN refines the DPA estimate by learning and adding correction values:

ĤDPA−TCN
n = ĤDPA

n + fθ

(
ĤDPA

n

)
, (4.17)

where ĤDPA
n is the initial DPA estimate, fθ(·) is the TCN that computes the correction,

and ĤDPA−TCN
n is the improved estimate.

The network consists of residual blocks with dilated convolutions, weight normalisation,

a global skip connection, and a final 1×1 projection layer. Training minimises the MSE

between the refined estimate and the true channel:

L =
1

I|Kact|
I∑

n=1

∑

k∈Kact

∣∣∣Hn[k]− ĤDPA−TCN
n [k]

∣∣∣
2

, (4.18)

where I is the number of OFDM data symbols in the frame.

4.6.1.1 Data structuring for frequency-domain processing

To enable the TCN to operate along the frequency (subcarrier) dimension, we introduce a

specialised data structuring method. Each complex-valued DPA estimate is decomposed

into real and imaginary parts, then interleaved along the OFDM symbol dimension. For

each subcarrier k, we define a feature vector zk:

zk = [ℜ(Y1[k]), ℑ(Y1[k]), ℜ(Y2[k]), ℑ(Y2[k]), . . . , ℜ(YI [k]), ℑ(YI [k])], (4.19)

producing a sequence of length 2I for each subcarrier, where I = 50 is the number

of OFDM symbols in the frame. This interleaving embeds both magnitude and phase

evolution across OFDM symbols into the feature representation.
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The complete input tensor for the TCN is:

X′
TCN ∈ RN×C×L, C = 2I = 100, L = Kact = 52, (4.20)

where N is the batch size, C is the feature dimension (100 channels from interleaving

real/imaginary parts across 50 symbols), and L is the sequence length (52 active subcar-

riers). Figure 4.5 illustrates this data structuring approach with a kernel size of 2. Our

kernel size will be larger to accommodate more adjacent subcarrier information.

Figure 4.5: TCN data structure: 52 subcarriers treated as sequence dimension, 100 feature

channels from interleaved real and imaginary components across 50 OFDM symbols.

4.6.1.2 Processing pipeline

The DPA-TCN processing pipeline consists of:

1. LS initialization: ĤLS[k] from the preamble provides the initial channel estimate.

2. DPA channel tracking: DPA refines the estimate symbol-by-symbol using decision-

directed feedback (Section 2.5.3.2), producing ĤDPA
n .

3. TCN refinement: The non-causal TCN processes the structured DPA estimates

to produce the final estimate ĤDPA−TCN
n .
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4.6.2 Hyperparameter optimisation

We optimise TCN hyperparameters following the protocol in Section 4.2.2. The optimi-

sation differs from previous architectures in two key aspects: (1) we include kernel size

as an architecture-specific parameter for convolutional layers, and (2) we exclude weight

decay, which we found to be less critical for TCN regularisation. We conduct 80 trials of

200 epochs each. The search space and best values are detailed in Table 4.4. The best

Table 4.4: TCN-DPA hyperparameter search space and best values.

Hyperparameter Search space Best value

Learning rate [10−5, 10−2] 10−3

Number of blocks [1, 5] 4

Hidden channels [64, 100, 128, 256, 300, 512] 100

Kernel size [2, 5] 2

Dilation depth [2, 3, 4, 5, 6, 7, 8] 4

Dropout probability [10−5, 0.5] 0.05

StepLR step size [10, 50] N/A

StepLR gamma [0.5, 1.0] N/A

CosineAnnealingWarmRestarts T0 [10, 200] 50

CosineAnnealingWarmRestarts Tmult {1, 2, 3, 4} 2

CosineAnnealingWarmRestarts ηmin [10−8, 10−4] 10−6

configuration uses a dilation depth of 4 layers with small kernels (size 2), indicating that

local subcarrier correlations are most informative for channel estimation.

4.6.3 Results

We evaluate the DPA-TCN estimator against classical baselines on the VTV-SDWW

channel model at high mobility (v = 100 km/h). We also include a variant with temporal

103



averaging (DPA-TCN-TA) to assess whether additional smoothing provides benefits. Fig-

ure 4.6 shows the BER and NMSE results. DPA-TCN performs better than the classical

(a) BER performance. (b) NMSE performance.

Figure 4.6: BER and NMSE performance of DPA-TCN against classical baselines under VTV-

SDWW channel model.

estimators, with its performance continuing to improve in high SNR regions (above 15

dB). The NMSE results show a similar trend with the BER performance as the DPA-TCN

outperforms all the other evaluated estimators. Comparison with RNN-based estimators

(LSTM-DPA-TA, GRU-DPA-TA, dual-cell LSTM) is presented in Section 4.7, where we

evaluate all DL estimators using the same channel model to assess their relative perfor-

mance.

4.7 Comparative analysis

In this section, we evaluate the recurrent estimators (LSTM-DPA-TA, GRU-DPA-TA)

and the proposed architectures (Dual-cell LSTM-DPA, and DPA-TCN) on the VTV-

EX channel model. All models are trained on a training dataset generated using this

channel model and tested using an independent testing dataset also generated with the

same channel model. The main aim of this experiment is to evaluate the proposed DL

architectures on the same channel model. All models were trained on a dataset generated

at 40 dB SNR.
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(a) BER performance. (b) NMSE performance.

Figure 4.7: BER and NMSE performance comparison of the proposed DPA-TCN estimator

against classical baselines under the VTV-EX channel model.

As shown in Figure 4.7(a), for many tested SNRs, the proposed Dual-cell-LSTM-DPA

and the LSTM-DPA-TA achieve similar BER performance. Divergence of the two models

is observed only above 30 dB. TCN-DPA and GRU-DPA-TA show similar performance

from 0 to 20 dB, but DPA-TCN performs marginally better from 25 dB. The NMSE

results in Figure 4.7(b) show a better performance by Dual-cell-LSTM-DPA, with Dual-

cell-LSTM-DPA achieving the best performance of the evaluated estimators.

The observed better NMSE performance of DPA-TCN than the other recurrent models,

specifically at high SNRs, but worse than the recurrent evaluated models (Dual-Cell-

LSTM-DPA, LSTM-DPA-TA, GRU-DPA-TA) at low SNRs (0 to 25), highlights that the

training at high SNR may not have modelled the channel behaviour at low SNR well. This

observation motivates investigating how introducing noise during training might improve

model generalisation, rather than training exclusively on high-SNR data as commonly

done in prior work [6]–[8], [17], [66], [101]. This forms the basis of the next chapter.
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4.8 Chapter summary

This chapter evaluated DL architectures for channel estimation in vehicular OFDM sys-

tems. Building upon the FNN and RNN introduced earlier, we proposed two new architec-

tures: dual-cell LSTM-DPA and DPA-TCN. The dual-cell LSTM enhances performance

by utilising recurrent diversity, making it more effective in dynamic channels, although

this improvement comes with increased complexity.

The proposed DPA-TCN architecture leverages the parallelism of temporal convolutions

to achieve competitive estimation accuracy while significantly reducing estimation latency.

This feature makes the TCN-based approach particularly suitable for low-latency receiver

implementations, where the sequential processing of recurrent models, such as LSTM or

GRU, may not meet the required inference-time constraints.

Performance analysis revealed a consistent degradation in accuracy at low SNRs, high-

lighting the sensitivity of DL estimators to training conditions. This finding motivates

the next chapter, which will develop a noise-aware training strategy aimed at improv-

ing model generalisation under varying noise levels. Thus, the next chapter (Chapter 5)

transitions from architectural design to enhancing the generalisation of DL-based channel

estimators.

Additionally, all models trained and tested in this chapter used a single-channel model.

The exploration of single DL models that can generalise well across different propagation

conditions has yet to be conducted, and this will be a focus in the upcoming chapter.
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Chapter 5

Robustness through noise-aware

training

This chapter investigates the impact of training data composition on model performance

and generalisation.

5.1 Introduction

Chapter 4 demonstrated performance improvements through DL architectures. However,

a critical question remains: how robust are these models when tested under conditions

that differ from training? Traditional approaches train DL channel estimators exclusively

on high SNR data (typically 30 or 40 dB), based on the assumption that low noise sig-

nals enable better learning of channel characteristics [6]–[8], [66]. The rationale is that,

at high SNR, the channel response dominates over noise in the received signal, allowing

the network to learn channel transformations without being corrupted by noise. This as-

sumption has not been systematically validated across different architectures and channel

conditions.

107



This chapter investigates how the composition of the training data affects the model’s

robustness across various vehicular scenarios. We challenge the conventional high SNR

training approach by evaluating mixed SNR training, where datasets include samples

from multiple SNR levels rather than a single high SNR condition. We further extend

this investigation to multi-channel training, where a single model is trained on diverse

propagation environments simultaneously. The investigation addresses four key questions:

(1) Do models trained exclusively on high SNR data generalise effectively to low SNR

conditions? (2) Can mixed SNR training improve robustness without sacrificing high

SNR performance? (3) What are the best training strategies for different architectural

families and do these strategies generalise across channel conditions? (4) Can a single

model trained on multiple channel types generalise to completely unseen propagation

scenarios?

We evaluate performance across six vehicular channel models with distinct propagation

characteristics: VTV-SDWW, VTV-EX, VTV-UC, RTV-SS, RTV-EX, and RTV-UC.

We first present the high-SNR and mixed-SNR training strategies (Section 5.2) and the

experimental setup (Section 5.3). Results and discussion for single-channel training and

testing are presented in Sections 5.4 and 5.4.4, respectively. The investigation is then

extended to multi-channel training in Section 5.5, followed by a computational and latency

analysis in Section 5.6. Section 5.7 summarises the findings. Note that parts of this

chapter have been published previously [102], [103].

5.2 Training strategies

Constructing training data for DL channel estimators involves fundamental trade-offs

between signal clarity and noise robustness. We investigate two contrasting approaches

and their theoretical motivations.
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5.2.1 High SNR training

This approach, adopted in previous work such as [6]–[8], [17] to mention a few, assumes

that DL models learn optimal channel representations when trained on clean signals where

SNR ≥ 30 dB. The theoretical justification is that at high SNR, the channel response

H[k, n] dominates the received signal Y [k, n], and under these conditions, the network

can focus on learning channel transformations without being affected by noise [8]. The

assumption is that models trained on clean data can generalise to noisy conditions through

inherent robustness.

5.2.2 Mixed SNR training

We propose an alternative approach in which the training data span over a diverse range

of SNR. This strategy exposes networks to noise-dominated (SNR < 10 dB) and signal-

dominated (SNR > 30 dB) conditions, potentially enabling more robust feature learning.

The theoretical motivation comes from data augmentation principles, which hold that

introducing variability during training improves model robustness and generalisation [104].

By exposing networks to diverse noise conditions, mixed SNR training acts as a form of

augmentation that prevents overfitting to clean signal patterns.

5.2.3 Dataset construction

We construct training and testing datasets for three vehicular channel models (VTV-

SDWW, RTV-SS and VTV-EX) outlined in Table 2.3. For each channel model, we

construct two training datasets following the simulation procedures and the same frame

structure described in Section 3.2. Both datasets use 75% of the frames for training and

25% for validation. Testing uses independent sets to ensure an unbiased evaluation. The

same testing sets are used to test all the architectures.

The two dataset types differ in their SNR characteristics and preprocessing approaches:
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• The high SNR dataset contains 18,000 frames generated at SNR = 40 dB. Data

preprocessing follows Section 3.3, stacking real and imaginary parts along the sub-

carrier dimension as described in Section 3.3.2.

• The mixed SNR dataset contains 18,000 frames distributed uniformly across

SNR ∈ {0, 5, 10, 15, 20, 25, 30, 35, 40} dB (2,000 frames per SNR level). Data pre-

processing follows Section 4.6.1.1, converting complex observations Y ∈ C52×50 to

real-valued representations X ∈ R52×100 by interleaving the real and imaginary com-

ponents along the OFDM symbol dimension.

5.3 Experimental setup

This section describes the evaluated architectures and the hyperparameter optimisation

procedure used for both training strategies.

5.3.1 Evaluated architectures

LSTM-based architectures have established themselves as the State-of-the-Art (SOTA)

for vehicular channel estimation [8], whilst GRU architectures offer a lightweight recurrent

alternative [68]. We evaluate whether our proposed Dual-Cell-LSTM-DPA architecture,

which extends recurrent processing with two parallel LSTM cells to increase temporal

feature diversity, improves upon these established recurrent baselines. To contextualise

performance gains and identify which architectural mechanisms contribute to estimation

accuracy, we include DPA-TCN as a non-recurrent temporal baseline and two feedforward

estimators (STA-DNN, TRFI-DNN). These five architectures provide a representative

comparison across convolutional, feedforward, and recurrent DL estimators for vehicular

OFDM channel estimation.

The evaluated architectures are:

• LSTM-DPA-TA [8] (Section 4.4): SOTA recurrent baseline with DPA post pro-
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cessing and TA for noise reduction.

• GRU-DPA-TA [68] (Section 4.4): Lightweight recurrent baseline with simplified

gating structure.

• Dual-Cell-LSTM-DPA: Proposed architecture in Section 4.5 extending recurrent

processing with two parallel LSTM cells before DPA refinement.

• DPA-TCN estimator introduced in Section 4.6, which refines the DPA output

using a non-causal TCN.

5.3.2 Hyperparameter optimisation

Each architecture undergoes systematic hyperparameter optimisation following the proce-

dure in Section 4.2.2. The only difference is the number of trials used in this optimisation.

We conduct 50 trials per model with three random seeds, using validation loss as the opti-

misation criterion. This optimisation is performed independently for each channel model

and training strategy combination. The architectural parameters for LSTM-DPA-TA [8]

and GRU-DPA-TA [68] were taken directly from their original papers, as this was shown

to be large enough for a similar task. The search spaces and the best configurations for

each architecture under both training strategies are outlined in Table A.1.

5.4 Results

This section presents comparative performance results across training strategies and chan-

nel models, followed by architecture-specific analysis and statistical validation. We use

BER of all the estimators considered as the primary metric to analyse the performance

of the evaluated DL models. It is important to note that all the results are reported on

the testing set, while performance on the validation set is tracked during hyperparameter

optimisation. The results reported in this chapter are always for the final hyperparameter-

tuned model and reported on the test set.
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5.4.1 Performance comparison across channel models

(a) VTV-SDWW: High SNR training. (b) VTV-SDWW: Mixed SNR training.

(c) RTV-SS: High SNR training. (d) RTV-SS: Mixed SNR training.

(e) VTV-EX: High SNR training. (f) VTV-EX: Mixed SNR training.

Figure 5.1: BER performance comparison across three channel models.
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Figure 5.1 shows the BER performance across the evaluated architectures, training strate-

gies, and channel models. The results show striking differences in how architectures re-

spond to the composition of training data, with patterns that remain consistent under

different propagation conditions. The ideal curve (black line) shows the optimal perfor-

mance assuming a perfect channel estimation, serving as the theoretical upper bound. LS

estimation provides the classical baseline from Section 2.5.2.

Across all three channel models, several consistent patterns are observed. When models

are trained on a mixed-SNR dataset, performance improvement in low-SNR regions across

different channel models is observed, with DPA-TCN showing benefits when trained on

mixed SNR across all the tested SNR regions. Secondly, recurrent architectures (LSTM-

DPA-TA and Dual-Cell-LSTM-DPA) show better performance when trained on a high

SNR dataset, although in low SNR regions, their performance improves with a mixed

SNR dataset. Third, the degree of performance improvements varies with channel char-

acteristics. RTV-SS shows the most difference between training strategies, indicating that

channels with high delay spread benefit the most from noise-aware training. These differ-

ences are explored in more detail, architecturally, in Section 5.4.2, and, per SNR analysis,

in Section 5.4.3.

5.4.2 Architecture-specific analysis

We analyse the performance characteristics of each architecture under both training strate-

gies across all three channel models, identifying consistent patterns and channel-dependent

variations.

5.4.2.1 DPA-TCN

DPA-TCN emerges as the most consistent beneficiary of mixed SNR training across all

three channel models. In VTV-SDWW, the architecture achieves substantial BER im-

provements at low to mid SNR (0–25 dB) while maintaining high SNR performance. This

pattern intensifies in RTV-SS, where mixed training produces surprising gains exceeding
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10 dB in high-SNR regions. At 40 dB, the BER improves from approximately 10−5 with

high SNR training to 10−6 with mixed training. In VTV-EX, DPA-TCN shows consistent

improvements across the SNR range, with greater gains at lower SNR levels. The con-

sistent performance across various channel conditions demonstrates that TCN’s dilated

causal convolutions effectively learn robust temporal patterns that generalise across both

time-varying and frequency-selective fading.

5.4.2.2 GRU-DPA-TA

GRU-DPA-TA shows consistent trends across channel models. At low SNR (0–15 dB),

mixed training shows consistent improvements across all three channels, with gains rang-

ing from 0.5 to 1 dB. However, at high SNR (25–40 dB), the architecture shows perfor-

mance degradation with mixed training, particularly pronounced in RTV-SS and VTV-

EX.

This dual behaviour suggests that the GRU architecture benefits from exposure to noisy

conditions to a certain extent; however, the gating mechanisms appear to learn suboptimal

strategies when trained on mixed data, resulting in reduced performance in high-SNR

conditions. The consistency of this pattern indicates that this trade-off is fundamental to

the GRU architecture rather than specific to particular propagation conditions.

5.4.2.3 LSTM-DPA-TA and Dual-Cell-LSTM-DPA

Both LSTM-based architectures demonstrate a strong and consistent preference for high-

SNR training, especially in high-SNR conditions, across all channel models. At the same

time, both architectures show performance improvement in low SNRs when trained on

mixed SNRs. This behaviour reflects how LSTM-based models respond to different train-

ing strategies. High-SNR training enables the models to learn clear temporal relationships,

which aligns with the way LSTM memory cells process sequential information. In con-

trast, mixed-SNR training introduces noise that interferes with the formation of stable

temporal patterns, especially when the model is required to learn temporal and spectral
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structure at the same time. As a result, mixed-SNR training offers only limited benefit for

LSTM-based architectures, whereas high-SNR training produces more stable and reliable

performance.

5.4.2.4 Feedfoward neural networks

The FNN architectures show architecture-dependent responses that vary somewhat with

channel characteristics. TRFI-DNN benefits from mixed-SNR training across all three

channel models, with improvements most pronounced in RTV-SS, where the reliability-

based mechanism of TRFI synergises with learned noise handling. At low to mid SNR

(5–20 dB), TRFI-DNN achieves average BER performance improvements compared to

high SNR training across all channels.

The reliability metric inherent in TRFI, which identifies trustworthy subcarriers for inter-

polation, appears to be naturally compatible with noise-aware learning. The NN learns

to leverage these reliability indicators more effectively when exposed to diverse noise con-

ditions during training, resulting in robust performance across channel models.

STA-DNN shows more variable behaviour across channels. In VTV-SDWW, it shows a

marginal preference for high SNR training. However, in RTV-SS and VTV-EX, mixed

training provides slight improvements at very low SNR (0–10 dB) but degradation at

high SNR. The spectral-temporal averaging inherent in STA, which assumes relatively

stable channel conditions, appears to conflict with noise-aware learning. When trained on

mixed-SNR data, the DNN component struggles to reconcile averaged inputs with varying

noise characteristics, particularly in frequency-selective environments such as RTV-SS.

5.4.3 Training strategy comparison per SNR

Figures 5.2, 5.3, and 5.4 show the performance differences between the two training strate-

gies for all channel models, highlighting distinct patterns in the advantages specific to each

architecture and their consistency across different propagation conditions.
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Figure 5.2: Difference in BER between high SNR and mixed-SNR training of the VTV-SDWW

channel model, evaluated at different test SNRs. Positive values indicate improvement from

mixed training.
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Figure 5.3: Difference in BER between high SNR and mixed-SNR training of the RTV-SS

channel model. Positive values indicate improvement from mixed training.
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Figure 5.4: Difference in BER between high SNR and mixed-SNR training of the VTV-EX

channel model. Positive values indicate improvement from mixed training.

The delta BER analysis also reveals consistent patterns across all three channel mod-

els. DPA-TCN shows the most consistent positive delta values across all channels. This

pattern is even more pronounced in RTV-SS, where improvements exceed 10 dB at high

SNR, demonstrating that frequency-selective channels benefit most dramatically from

mixed training.

GRU-DPA-TA shows a consistent biphasic pattern across all channels: positive delta

values at low SNR (0–15 dB) with gains of 0.5 to 1 dB, transitioning to negative val-

ues at high SNR (25–40 dB) with losses of 2 to 3 dB. The crossover point consistently

stays around 20 dB under various propagation conditions, indicating that it is more of

an intrinsic architectural characteristic rather than a feature specific to any particular

channel.

The LSTM architectures (LSTM-DPA-TA and Dual-Cell-LSTM-DPA) show strongly neg-

ative delta values at high SNR across all three channels. This consistent behaviour sug-

gests that these architectures fundamentally require low noise training signals for optimal

high-SNR performance.
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TRFI-DNN shows positive delta values across all channels at low to mid SNR, where the

reliability-based mechanism proves most valuable. STA-DNN shows the most variable

pattern, with channel-dependent behaviour ranging from a slight negative preference in

VTV-SDWW to mixed performance in RTV-SS and VTV-EX.

The magnitude of delta BER values correlates with channel severity, with RTV-SS show-

ing the largest absolute differences between training strategies. This suggests that chan-

nels with high delay spread and frequency-selective fading benefit most from noise-aware

training for convolutional architectures, while simultaneously being most detrimental to

recurrent architectures when noise is introduced during training.

5.4.4 Discussion

The results across three channel models reveal insights into the relationships among train-

ing strategies, architectural characteristics, and propagation conditions. The consistency

of patterns across the three channel models VTV-SDWW, RTV-SS, and VTV-EX demon-

strates that the findings are not artefacts of a single channel model, but reflect architec-

tural properties that generalise across vehicular communication scenarios.

The better performance observed of mixed SNR training in low SNR regions for all archi-

tectures suggests that by exposing the model to training data of a larger domain of SNR

values, the networks are better able to interpolate and generalise performance across the

varying dynamic range of vehicular channel conditions. The performance improvement

achieved by this training strategy differs across architectures. This indicates that while

access to a wider SNR domain is the underlying benefit, the specific network structure

determines the final result. For instance, the greater robustness of the convolutional DPA-

TCN suggests that its inherent structure is better suited to leveraging this broader SNR

domain compared to the recurrent architectures.

For vehicular communication systems, where channel conditions vary, maintaining con-

sistent performance across all conditions is essential. Mixed-SNR training provides this

consistency with the DPA-TCN, making it preferable for V2V applications. On the other
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hand, infrastructure-assisted V2I scenarios with more controlled conditions (less noisy)

may benefit from the performance of recurrent architectures trained with a high-SNR

strategy.

5.5 Multi-channel training and generalisation

The previous sections showed that the proposed DPA-TCN and the baseline LSTM-DPA-

TA exhibit varying performance across channel models, reflecting the unique propagation

characteristics of each environment. As summarised in Table 2.3, these channel models

differ in delay profiles, Doppler behaviour, and scattering conditions, and vehicles are

expected to encounter such variations in real-world scenarios. This raises an important

question for better channel estimation: Can one model be trained to perform reliably

across multiple propagation scenarios, rather than developing different models for each

channel condition?

To explore this, we extend the noise-aware training strategy to multi-channel training. By

training on a diverse set of channel conditions, we aim to assess whether channel diversity

improves model generalisation to both seen and unseen propagation environments. We

investigate this idea by training the DPA-TCN and LSTM-DPA-TA models on a unified

dataset combining multiple channel models. We then evaluate the performance of these

models on both In-Distribution (ID) channel models, which were present during training,

and Out-of-distribution (OOD) channel models, which the models have never encountered.

This evaluation assesses both interpolation capability (performance on seen channels) and

the extrapolation capability (generalisation to unseen channels).

5.5.1 Multi-channel dataset construction

We construct two unified datasets: one generated at high SNR and one at mixed SNR,

aligning with the most effective training strategies identified for LSTM-DPA-TA and

DPA-TCN. Each dataset contains 54,000 frames generated from three vehicular channel
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models (VTV-SDWW, RTV-SS, and VTV-EX), 18,000 frames per channel. In the mixed-

SNR dataset, the 18,000 frames per channel are generated evenly across SNR levels in

0, 5, 10, 15, 20, 25, 30, 35, 40 dB, resulting in 2,000 frames per SNR per channel, consistent

with the mixed-SNR strategy in Section 5.2. Preprocessing follows the interleaving pro-

cedure introduced in Section 4.6.1.1. Conversely, in the high SNR dataset, the 18,000

frames per channel are generated at 40 dB, and preprocessing follows the stacking along

subcarrier procedure described in Section 5.2.3.

For evaluation, we define two test scenarios:

In-Distribution (ID) channels: frames drawn from the same three channel models

used during training (VTV-SDWW, RTV-SS, and VTV-EX), but held out from the

training set. These evaluate performance on channel conditions the model has seen

during training.

Out-of-distribution (OOD) channels: frames drawn from three channel models that

were not used during training (VTV-UC, RTV-UC, and RTV-EX). These evaluate the

model’s ability to generalise to previously unseen propagation environments.

5.5.2 Experimental configuration

The TCN and the LSTM architectures were optimised for the multi-channel training sce-

nario following the Optuna hyperparameter tuning procedure described in Section 4.2.2.

The same procedure is repeated, except that the number of trials used to search for the

best parameters is increased. Each trial trained a complete model instance with early

stopping based on the validation loss. The search space encompassed architectural, reg-

ularisation, and optimisation parameters. A total of 169 trials were executed during the

optimisation process. The full search space and the optimal hyperparameters of the TCN

are reported in Table 5.1 and for the LSTM are reported in Table 5.2.
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Table 5.1: Hyperparameter search space and optimal configuration of the TCN on the multi-

channel mixed-SNR dataset.

Hyperparameter Search Space Optimal Value

Learning rate log-uniform: [10−5, 10−2] 4.77× 10−4

Number of TCN blocks integer: [1, 8] 5

Kernel size integer: [2, 5] 4

Dropout rate uniform: [0, 0.5] 0.228

Step size (scheduler) integer: [5, 50] 11

Gamma (scheduler decay) uniform: [0.5, 0.99] 0.948

Dilation depth integer: [2, 8] 5

Hidden channels categorical: {64, 100, 128, 256, 512} 256

Batch size fixed 128

Table 5.2: Hyperparameter search space and optimal parameters for the LSTM model on the

multi-channel dataset.

Hyperparameter Search Space Optimal Value

Learning rate log-uniform: [10−5, 10−1] 4.4012× 10−4

Dropout log-uniform: [10−4, 0.5] 0.00404

Weight decay log-uniform: [10−6, 10−3] 1.238× 10−6

Step size integer: [5, 30] 27

Gamma uniform: [0.5, 0.95] 0.8511

Gradient clipping norm log-uniform: [10−5, 10−2] 1.784× 10−3

Batch size fixed 128
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(a) VTV-SDWW (b) RTV-SS

(c) VTV-EX

Figure 5.5: BER performance on in-distribution channels.

5.5.3 Results on in-distribution channels

Figure 5.5 presents the BER performance of the DPA-TCN and LSTM-DPA-TA trained

on either a single channel model dataset or a multiple channel models dataset (the three

ID channel models). As mentioned before, the mixed SNR training is used for the TCN-

DPA estimator as it has been demonstrated to perform well with this training strategy.

The high SNR training is used for the LSTM-DPA-TA estimator, as it has also been

shown to perform well with this strategy. The DPA-TCN trained on a multi-channel

dataset is represented by a blue solid line, and the DPA-TCN trained on a single channel

is represented by the dotted blue line. The multi-channel LSTM-DPA-TA is represented
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(a) VTV-SDWW (b) RTV-SS

(c) VTV-EX

Figure 5.6: NMSE performance on in-distribution channels.

by the solid olive line and the single channel LSTM-DPA-TA is represented by the dotted

olive line.

The DPA-TCN trained on a multi-channel dataset achieves the best performance across

all the ID channel models. This performance indicates that the TCN benefits from multi-

channel training, with greater advantage observed in the RTV-SS channel model. These

performance gains show the model’s ability to learn features that work effectively across

diverse channels. The NMSE curves (Figure 5.6) confirm that the multi-channel model

achieves accurate channel estimates across all three environments.

LSTM-DPA-TA exhibits performance degradation under multi-channel training relative

to single-channel training. Across all three ID channels, the multi-channel trained LSTM
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shows performance losses, particularly at high SNR, where the recurrent architecture pre-

viously excelled with single high SNR training. This degradation extends the findings of

Section 5.4.2.3: LSTM architectures not only struggle with SNR diversity during training

but also suffer when exposed to channel diversity.

5.5.4 Results on out-of-distribution channels

We now evaluate how well the multi-channel trained estimators generalise to unseen chan-

nel models by testing them on the OOD channels (VTV-UC, RTV-UC, and RTV-EX),

which were not encountered during training. Figure 5.7 presents the BER performance

across these three channels, and Figure 5.8 presents the corresponding NMSE perfor-

mance.

The multi-channel trained DPA-TCN demonstrates superior generalisation to OOD chan-

nels across all conditions. Despite never encountering these propagation scenarios during

training, the model effectively interpolates between the Doppler shifts and delay-spread

characteristics learned from the training channels to handle the new conditions. Both

BER and NMSE curves confirm this, with DPA-TCN achieving the lowest NMSE across

the entire SNR range.

In contrast, the multi-channel LSTM-DPA-TA shows generally weak OOD generalisation,

with one notable exception: it performs well across all SNRs on the VTV-UC channel.

This can be explained by the characteristics of VTV-UC itself, which is a low-mobility,

congested urban environment with vehicle speeds around 48 km/h, corresponding to a

Doppler shift of approximately 250 Hz. The resulting temporal dynamics are mild, and

LSTM-DPA-TA appears to handle this lower-dynamics regime well, whereas the more

aggressive Doppler conditions in RTV-UC and RTV-EX exceed what it has learnt to

generalise over.
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(a) VTV-UC (b) RTV-UC

(c) RTV-EX

Figure 5.7: BER performance on out-of-distribution channels.

5.6 Computational and latency analysis

This section evaluates the computational cost and inference latency of the proposed DL

estimators compared to the recurrent baselines (LSTM and GRU). In line with the met-

rics introduced in Section 2.8.3, we combine analytical complexity measures (parameter

count and floating-point operations) with empirical GPU latency measurements from the

implemented PyTorch models.
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(a) VTV-UC (b) RTV-UC

(c) RTV-EX

Figure 5.8: NMSE performance on out-of-distribution channels.

5.6.1 Measurement methodology

Evaluation environment: All latency measurements were performed on a single NVIDIA

A40 GPU (48GB GDDR6, driver 580.126.09) running Ubuntu 22.04.5 LTS. Models were

implemented in PyTorch 2.5.1 (CUDA 11.8 build) with Python 3.11, using FP32 pre-

cision and a batch size of 1 (single-frame inference) to reflect realistic real-time deploy-

ment conditions. Prior to measurement, a warm-up phase of 50 forward passes was

performed to stabilise CUDA kernel caches and clock frequencies. All measurements

use torch.cuda.synchronize() before and after each inference call to ensure accurate

GPU wall-clock timing. Each model was evaluated over 2,000 independent single-frame

inference runs, from which the median (p50) and 90th-percentile (p90) latencies were
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computed.

For each estimator, we compute the following:

• Number of trainable parameters, which determines the model memory foot-

print. This was computed by summing the number of elements across all tensors

that require gradient computation (weights and biases) using PyTorch’s internal

accounting functionality.

• FLOPs/frame. We define this metric as the total floating-point operations re-

quired to process one OFDM frame. The value is computed as twice the total num-

ber of Multiply-Accumulate Operations (MACCs) executed by the network’s layers

during a forward pass, since each multiply-accumulate comprises one multiplication

and one addition. The MACC count is determined from the layer definitions.

• Inference latency, measured using synchronised CUDA wall-clock timing. For

each model, we process individual OFDM frames sequentially with batch size 1

and record the distribution of inference durations. We report the median (p50)

latency and 90th-percentile (p90) latency, where the p90 latency is defined as

the latency value below which 90% of all inference measurements fall.

5.6.2 Computational complexity

Table 5.3 summarises the measured computational complexity of the evaluated estimators.

Recurrent models (GRU and LSTM variants) are lightweight in terms of parameters and

FLOPs, while the convolutional TCN architecture has a larger footprint due to its wider

layers and dilated convolutions.

5.6.3 Inference latency

Table 5.4 presents the measured single-frame latency distributions. The recurrent esti-

mators (GRU-DPA-TA, LSTM-DNN-DPA, LSTM-DPA-TA, and Dual-cell LSTM-DPA)
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Table 5.3: Computational complexity of DL channel estimators.

Model Number of Parameters FLOPs/Frame

GRU-DPA-TA 26,880 2.74M

LSTM-DPA-TA 132,192 13.41M

Dual-cell LSTM-DPA 264,384 26.83M

DPA-TCN 6.48M 673M

require single-frame inference times between 68 and 135 ms, since their gate updates

must execute sequentially across the 50 OFDM symbols of each frame. This sequential

latency exceeds the receiver processing budget required for continuous frame reception in

IEEE 802.11p.

Table 5.4: Single-frame inference latency. p90 = 90th percentile latency.

Model Median Latency (ms) p90 Latency (ms)

GRU-DPA-TA 68.4 69.0

LSTM-DNN-DPA 76.3 76.4

LSTM-DPA-TA 135 137

Dual-cell LSTM-DPA 111 123

DPA-TCN 4.16 4.42

The proposed DPA-TCN, by contrast, processes all 50 symbols in parallel through dilated

convolutions, achieving a median single-frame latency of 4.16 ms and a p90 of 4.42 ms,

a 16- to 32-fold reduction relative to the recurrent baselines. This per-frame latency fits

within the receiver processing budget for IEEE 802.11p continuous frame reception.

5.7 Chapter summary

This chapter examined how training-data composition, spanning SNR diversity and chan-

nel diversity, affects the robustness and generalisation of DL channel estimators. We

summarise the main findings below.
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1. Mixed-SNR training improves the performance of DL estimators in low SNR con-

ditions, with DPA-TCN benefiting more from this strategy across all the evaluated

SNR regions. This trend was consistent, see Figure 5.1 and also the BER difference

analysis presented in Figure 5.2 - Figure 5.4.

2. Recurrent architectures (LSTM-DPA-TA, GRU-DPA-TA, Dual-Cell-LSTM-DPA)

benefit from mixed-SNR training in low SNRs but overall perform best when trained

on high-SNR data. This low SNR (0 to 20) performance improvement behaviour

was observed consistently across all evaluated channel models, see the delta BER

analysis presented in Figure 5.2 to Figure 5.4.

3. FNN architectures show architecture-dependent behaviour: TRFI-DNN improves

with mixed-SNR training, whereas STA-DNN performs best with high-SNR train-

ing.

4. Mixed-channel and mixed-SNR training (Section 5.5) resulted in a single DPA-TCN

model that generalises effectively to both ID and OOD channel models, removing

the need for multiple channel-specific estimators. See Figure 5.5 to Figure 5.8.

5. LSTM-DPA-TA trained on the multi-channel dataset shows poor generalisation to

unseen channels.

6. Training-data composition (SNR span and channel diversity) is therefore a key archi-

tectural design variable. Models trained without sufficient diversity show degraded

performance under mismatched conditions.

7. The computational analysis demonstrated that the DPA-TCN architecture meets

the receiver processing budget for IEEE 802.11p continuous frame reception due to

its parallel convolutional structure, whereas recurrent architectures have inference

latencies one to two orders of magnitude higher (Section 5.6).

In conclusion, the DPA-TCN estimator, when trained on a mixed-channel and mixed-SNR

dataset, delivers strong generalisation to both known and unseen vehicular environments,

while meeting the receiver processing requirements of IEEE 802.11p V2X operation.
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Chapter 6

Interpretability and

complexity-aware design

This chapter introduces the REACH framework, an extension of LRP for interpretability-

driven optimisation of channel estimation networks. Two case studies apply REACH to

feedforward and TCN estimators, identifying redundant parameters and channel-invariant

features that explain the strong generalisation reported in Chapter 5.

6.1 Introduction

Previous chapters established that DL achieves better channel estimation performance

when compared to classical channel estimators through careful architectural design, mixed-

SNR training strategies, and multi-channel exposure during training. The multi-channel

trained TCN-DPA model demonstrated strong generalisation across both ID and OOD

channel models. What remains unclear is why these models perform well and which input

features drive their predictions.
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Section 2.7 introduced LRP as an approach to feature attribution through conservative

backward propagation of relevance Equations (2.86) and (2.87). Whilst existing frame-

works such as GRACE [86] apply LRP to analyse channel estimators post-hoc, they

remain diagnostic tools that explain which features influence predictions without extend-

ing to architectural optimisation. This chapter bridges that gap by demonstrating that

interpretability can serve dual purposes: understanding model behaviour and prescribing

efficient architectures.

We apply LRP to two distinct case studies that address complementary aspects of in-

terpretability based optimisation. The case studies use different network architectures,

not to compare performance, but to develop and validate an interpretability methodology

under varying levels of complexity.

Case Study I develops the interpretability methodology using a simple architecture.

We apply LRP to a three-layer FNN estimator (TRFI-DNN) trained on a single-channel

model (VTV-SDWW). The reduced architectural complexity of FNN with its direct

input-to-output mappings and the absence of temporal dependencies provides an ideal

testbed to establish good relevance analysis procedures. This case study develops the

REACH framework, which extends LRP through temporal aggregation, batch processing,

and percentile-based feature categorisation. Using this controlled setting, we investi-

gate whether relevance analysis can identify redundant features and network parameters,

thereby transforming interpretability from a diagnostic tool into a practical architectural

optimisation strategy.

Case Study II applies the developed methodology with the best-performing architec-

ture from previous chapters. We analyse the multi-channel trained TCN-DPA model

from Chapter 5 across all six vehicular channels: VTV-SDWW, RTV-SS, and VTV-EX

(ID), and VTV-UC, RTV-UC, and RTV-EX (OOD). This case study addresses a fun-

damentally different question: which input features enable robust generalisation across

diverse propagation environments? The TCN architecture with its dilated convolutions

and long-range dependencies presents greater interpretability challenges than the feedfor-

ward baseline. By applying REACH to this complex architecture, we investigate whether
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the interpretability insights from Case Study I generalise to SOTA models and whether

cross-channel relevance analysis can reveal features that remain important regardless of

propagation characteristics.

Section 6.2 introduces the REACH framework, our proposed extension of LRP that pro-

vides systematic aggregation and thresholding procedures specifically designed for channel

estimation networks. This framework transforms the LRP foundations from Section 2.7

into a practical methodology for feature selection and architectural optimisation. Sec-

tion 6.3 presents Case Study I, which applies REACH through application to FNNs for

single-channel optimisation, demonstrating feature selection and node pruning capabili-

ties. Section 6.4 presents Case Study II, applying the REACH framework to investigate

cross-channel interpretability in the multi-channel trained TCN, identifying cross-channel

important features and validating their functional significance through ablation experi-

ments. Section 6.5 summarises the key contributions and their implications for practical

deployment.

6.2 REACH methodology

REACH adapts the LRP principles discussed in Section 2.7 to optimise channel estima-

tion networks. The methodology applies the conservation principle of Equation (2.86) and

the stabilised propagation rule of Equation (2.87) to decompose network predictions into

subcarrier-level contributions. Unlike GRACE [86], which analyses individual frames,

REACH aggregates relevance across temporal and batch dimensions to capture chan-

nel dynamics in high-mobility scenarios. This spatio-temporal aggregation improves the

robustness of the feature relevance maps: by averaging out high-variance relevance contri-

butions from transient noise and instantaneous channel fades, the methodology provides

stable and generalisable feature importance estimates that accurately reflect the network’s

processing strategy across diverse vehicular propagation conditions.

REACH aims to improve confidence in neural predictions by identifying which time-

frequency features drive estimation accuracy. It also aims to systematically reduce com-
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putational complexity by pruning inputs and architectural components with minimal rel-

evance, thus maintaining performance whilst reducing resource requirements for vehicular

deployment.

6.2.1 REACH process flow

The REACH framework operates as a five-stage pipeline that takes a trained channel

estimation network as input and produces both feature relevance scores and a compressed

model variant as output. Figure 6.1 summarises the process.

1. Forward pass
(capture

activations)

2. Relevance
backprop.
(LRP-ϵ)

3. Temporal +
batch

aggregation

4. Percentile
feature

categorisation

5. Pruning
and

retraining

Figure 6.1: The REACH framework as a five-stage process: from a trained network to a

relevance-guided compact model.

1. Forward pass with intermediate state capture. A batch of OFDM frames is

passed through the trained network, with intermediate activations and pre-activation

values retained at each layer for use in the backward relevance pass.

2. Architecture-specific relevance backpropagation. Output relevance is prop-

agated backward through the network using the LRP-ϵ rule, with adaptations for

the layer types present: stabilised propagation for fully connected layers, dilated-

convolution-aware propagation for TCN blocks, magnitude-weighted splits at resid-

ual connections, and effective-weight handling for weight-normalised layers.

3. Temporal and batch aggregation. Per-frame relevance maps are averaged across

the temporal dimension (T = 1 for symbol-level FNNs, T = 50 for frame-level

TCNs) and across a batch of B frames (B = 128 for FNN, B = 2,000 for TCN)

to produce stable feature importance estimates that are robust to instantaneous

channel variations.
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4. Percentile-based feature categorisation. The aggregated relevance distribution

is thresholded using percentile cut-offs (P25, P50, P90) to assign each input feature

to one of four categories: Critical, Significant, Moderate, or Marginal.

5. Architectural pruning. Features and hidden neurons with relevance below a

configurable threshold are removed from the network. The resulting compact archi-

tecture is retrained from scratch, and its performance is benchmarked against the

original baseline.

The remainder of this section details each stage. Sections 6.2.2 and 6.2.3 cover the

architecture-specific relevance backpropagation rules required in stage 2, addressing nu-

merical stability through the ϵ-rule and conservation through normalisation for FNNs,

and the handling of dilations, residual connections, and weight normalisation for TCNs.

Section 6.2.4 formalises the aggregation in stage 3, Section 6.2.5 details the percentile

categorisation in stage 4, and Section 6.2.6 describes the pruning operation in stage 5.

6.2.2 Feedforward network implementation

For feedforward architectures, the forward pass computes activations whilst preserving

intermediate outputs needed for relevance distribution. This process, defined by the

standard layer-wise transformation (Equation ((2.61)) in Section 2.6.2.1), requires that

the pre-activation values are stored. The relevance is then propagated backward through

the network using the rule of Equation ((2.87)), distributing the final channel estimate

back to the input features.

Deep fading in vehicular channels can produce extremely small activation values, causing

numerical instability in the relevance computation. To address this, we implement the

ϵ stabilisation term (as introduced in Equation ((2.87)) in Section 2.6.2.1). This sta-

bilisation ensures that the denominators, which correspond to the pre-activation terms

(denoted as z in standard LRP notation), remain bounded away from zero even when

activations approach zero. The stabilised relevance computation utilises the ϵ-stabilised

pre-activation term zstable to compute the relevance factor qmn.
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Whilst LRP theory guarantees conservation, floating-point numerical errors can introduce

small deviations. We apply a normalisation correction whenever the conservation property

is violated beyond a defined error tolerance to strictly maintain the relevance budget:

R(l)
m ← R(l)

m ·
∑

nR
(l+1)
n∑

mR
(l)
m + ϵ

(6.1)

This scaling maintains the conservation property, ensuring that all relevance from the

final estimate is traced back to input features without loss or artificial inflation.

6.2.3 Temporal convolutional network implementation

The TCN architecture introduces additional implementation challenges: temporal convo-

lutions with varying dilation rates, residual skip connections that create multiple paths

for relevance flow, and weight normalisation that decouples magnitude from direction.

For 1D convolutional layers with kernel size k, dilation d, and stride s, we adapt Equation

(2.87) to account for the receptive field structure:

R
(l−1)
i =

∑

j

k−1∑

m=0

a
(l−1)
i+mdwjm∑

i′
∑

m′ a
(l−1)
i′+m′dwjm′ + ϵ

R
(l)
j (6.2)

where m indexes kernel positions. This formulation distributes relevance from output po-

sition j back to all input positions within its receptive field, weighted by their contribution

to the preactivation.

Residual skip connections create multiple parallel paths from input to output. At each

residual block, activations combine through element-wise addition. We employ magnitude-

based redistribution to distribute relevance across both paths:

Rresidual =
|aresidual|

|aresidual|+ |amain|+ ϵ
Rout, Rmain =

|amain|
|aresidual|+ |amain|+ ϵ

Rout (6.3)

where aresidual and amain are the activations from the skip connection and main path,

respectively. This rule attributes relevance in proportion to the magnitude of each path’s

contribution to the combined output.
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For weight normalisation, which reparameterises layer weights as w = g
∥v∥v, we use the

effective weights in the LRP propagation:

weff =
g

∥v∥v (6.4)

6.2.4 Temporal and batch aggregation

REACH’s key departure from single-frame analysis appears in its aggregation strategy.

We accumulate relevance scores across T consecutive OFDM frames to capture temporal

channel dynamics:

Rtemporal(k) =
1

T

T∑

t=1

|Rt(k)| (6.5)

where Rt(k) represents the relevance score for subcarrier k at time step t. The temporal

window T varies by architecture:

• For single-symbol estimators (FNN), T = 1, as the model processes inputs instan-

taneously symbol-by-symbol.

• For sequence-based estimators (TCN), T = 50, corresponding to the number of

OFDM symbols in a standard IEEE 802.11p frame.

This temporal averaging reduces sensitivity to instantaneous channel variations that might

spuriously elevate or suppress individual feature scores.

These temporal scores are further averaged across batch size:

Rfinal(k) =
1

B

B∑

b=1

Rtemporal,b(k) (6.6)

where B = 128 in our feedforward network implementation and 2,000 in our TCN imple-

mentation. This batch-wise aggregation ensures statistical stability across the range of

channel conditions in the training distribution, producing feature importance measures

that reflect consistent patterns rather than outliers.
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6.2.5 Percentile-based feature categorisation

This step is essential for converting continuous relevance scores into small, high-impact

feature sets for subsequent analysis and model optimisation. By identifying features with

low or marginal contributions, we can isolate the most impactful input subcarriers to build

compact, efficient models that disregard noisy or confusing inputs. Feature categorisation

employs distribution statistics rather than fixed thresholds. For a relevance distribution

with values {R1, R2, . . . , RN}, we compute percentiles P25, P50, and P90 corresponding to

the 25th, 50th, and 90th percentiles. Features are grouped into four categories based on

these thresholds:

Critical: Ri ≥ P90 (6.7)

Significant: P50 ≤ Ri < P90 (6.8)

Moderate: P25 ≤ Ri < P50 (6.9)

Marginal: Ri < P25 (6.10)

This percentile-based approach adapts to the natural distribution of relevances, ensuring

that thresholds are dynamically set to capture the small number of highly important

features and the long tail of low-importance features. Combined categories group features

for specific analyses: the Essential category merges Critical and Significant features (top

50%), whilst the Core category includes all except Marginal features (top 75%).

6.2.6 Architectural pruning

The final relevance scores enable threshold-based feature selection and node pruning. For

input features, we identify low-contribution subcarriers through:

Pfeatures = {k : Rfinal(k) < τ} (6.11)

where τ represents a predetermined threshold. Subcarriers in Pfeatures can be excluded

from the model input, reducing both preprocessing overhead and the dimensionality of

the first network layer.
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For hidden neurons, layer-wise pruning identifies nodes contributing minimally to network

computation:

P(l)
layer =

{
j :

1

N

N∑

n=1

|R(l,n)
j | < τ

(l)
layer

}
(6.12)

where R
(l,n)
j denotes relevance of neuron j in layer l for sample n, and τ

(l)
layer sets the

layer-specific threshold. This capability transforms interpretability from a diagnostic tool

into an optimisation strategy, creating architectures tailored to the relevant feature space

rather than processing all available measurements.

6.3 Case Study I: Feedforward neural networks ar-

chitectural optimisation

This case study applies REACH to FNNs for single-channel deployment scenarios. The

objective is twofold: identify which input features contribute most to accurate channel

estimation, and determine whether relevance-driven pruning can create compact architec-

tures suitable for resource-constrained vehicular modems. We focus on the TRFI-DNN

model, a three-layer fully connected network that refines classical TRFI estimates through

learned nonlinear transformations.

6.3.1 Experimental configuration

The evaluation employs the VTV-SDWW channel model under very high mobility (v =

200 km/h) with 64QAM modulation. These parameters exceed the baseline configura-

tion (140 km/h, 16QAM) used in previous chapters, creating a demanding scenario where

channel estimation accuracy critically affects BER performance. This choice validates

that REACH-guided optimisation maintains effectiveness under severe propagation con-

ditions. The received symbols undergo TRFI preprocessing (Section 2.5.4.3), with real

and imaginary parts stacked along the subcarrier dimension (Section 3.3.2), resulting in

104 input features from the 52 active subcarriers as discussed in Section 3.3.2.

138



Following the hyperparameter optimisation procedure from Section 4.2.2, we use Optuna

with Bayesian optimisation to identify the smallest architecture that achieves acceptable

performance under the challenging 200 km/h 64QAM conditions. The optimisation tunes

hidden layer sizes, learning rates, and training epochs to minimise validation loss whilst

preventing overfitting. Starting from this compact baseline, rather than an oversized

network, ensures that REACH-guided pruning identifies genuinely redundant parame-

ters. Table 6.1 presents the best configuration of the TRFI-DNN baseline model. Sizes

[28, 19, 30] represent the sizes of the nodes in the 3 layers of the TRFI-DNN model. The

model employs a truncated normal initialisation with a standard deviation of 0.05 and

Adam optimisation with learning rate 2.79× 10−4 and weight decay 10−5.

Table 6.1: Configuration of the TRFI-DNN model for VTV-SDWW 64QAM under very high

mobility.

Parameter VTV-SDWW 64QAM

Input/Output size 104 / 104

Number of hidden layers 3 (Fully-connected)

Neurons per layer [28, 19, 30]

Activation ReLU

Optimiser Adam (lr = 2.79× 10−4)

Weight decay 10−5

Batch size 128

LR scheduler ReduceLROnPlateau

Initialisation Truncated normal (σ = 0.05)

Following the REACH methodology described in Section 6.2, we calculate relevance scores

for each input feature (subcarrier) across all input samples using the LRP epsilon rule.

The TRFI-DNN operates on individual OFDM symbols rather than complete frames:

each training sample consists of one OFDM symbol with 52 active subcarriers converted

to 104 real-valued features by stacking real and imaginary components. This symbol-level

processing is necessary for the feedforward architecture, which requires fixed-size 1D input

vectors. Each frame contributes 50 training samples (one per OFDM symbol). In total,
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we process 450,000 training samples (which is equivalent to 9000 samples) from the train-

ing dataset in batches of 128, accumulating relevance contributions through backward

propagation. For each sample, we compute the forward pass with LRP tracing enabled,

sum the output to create a scalar signal, and backpropagate to collect feature-wise rele-

vances. Temporal aggregation captures in-frame correlations, whilst batch-wise averaging

produces stable relevance scores that represent the absolute average contribution of each

subcarrier to channel estimation performance.

Rather than employing fixed percentile thresholds, we implement an adaptive threshold-

based categorisation strategy that identifies features based on their proportional contri-

bution to the maximum observed relevance. Let Ri denote the average relevance score for

feature i, and define the maximum absolute relevance as Rmax = maxi |Ri|. We establish

threshold levels as fractions of this maximum to define feature categories.

For compact model deployment, we define five feature sets spanning different compression

levels (Table 6.2). The percentages indicate the cumulative proportion of total relevance

captured by each set, measuring how much of the model’s explanatory power is retained

after feature selection. TheCritical set (10 features, 9.6%) targets aggressive compression

by selecting only the highest-relevance subcarriers. The Primary set (17 features, 16.3%)

corresponds to features with relevance exceeding 10% of maximum, representing the most

impactful contributors to channel estimation. The Significant set (20 features, 19.2%)

extends beyond the primary threshold to include moderately relevant features. The Core

set (41 features, 39.4%) contains all features above 1% of maximum relevance, excluding

only those with minimal relevance.

Figure 6.2 shows the relevance distribution across all 104 input features, with features

colour-coded according to their assigned categories. The visualisation indicates that high-

importance features cluster in specific frequency regions rather than distribute uniformly

across the spectrum. The Critical features (red) represent the peaks of the importance

distribution, whilst the Primary set (orange) captures additional high-relevance regions.

The polynomial trend line (dashed red line) demonstrates a gradual decay in average

importance across the feature space, with notable peaks corresponding to frequency bands
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Table 6.2: Feature sets for compact model deployment under VTV-SDWW 64QAM.

Category Count Percentage Description

Critical 10 9.6% Highest-relevance features only

Primary 17 16.3% Above primary threshold (R ≥ 0.1Rmax)

Significant 20 19.2% Extended primary set

Core 41 39.4% All non-negligible (R ≥ 0.01Rmax)

Baseline 104 100% Complete feature set
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Figure 6.2: Feature importance distribution with category assignments for VTV-SDWW

64QAM, v = 200 km/h.

that strongly influence channel estimation accuracy.

6.3.2 Feature selection and retraining

We constructed models for each category by selecting only those features that belong to

that category. This results in reduced input dimensions and different architectures for each

category model through hyperparameter optimisation. The new architectures for each

category ensure that the compact models learn best representations for their respective

feature subsets. Table 6.3 presents the best configurations discovered by optimisation of

hyperparameters using the same protocol in Section 4.5.2. Three random seeds with 50
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trials each, exploring hidden layer sizes from 5 to 120 neurons per layer and learning rates

from 10−5 to 10−2 were employed. Fixed hyperparameters include batch size (128), weight

decay (10−5), activation function (ReLU), optimiser (Adam), learning rate scheduling

(ReduceLROnPlateau with factor 0.1, patience 20), and early stopping (patience 20).

Table 6.3: Best hyperparameters and validation performance for feature-selective TRFI-DNN

models (VTV-SDWW 64QAM).

Category Features Architecture Learning Rate Val. Loss

Critical 10 [26, 11, 29] 1.08× 10−3 0.0337

Primary 17 [46, 19, 23] 4.37× 10−4 0.0320

Significant 20 [46, 29, 28] 6.87× 10−4 0.0310

Core 41 [25, 37, 29] 6.09× 10−3 0.0288

Baseline 104 [28, 19, 30] 2.79× 10−4 0.0312

The optimisation reveals significant architectural diversity across categories, with config-

urations adapting to the information content of each feature subset. The Core model

demonstrates efficiency, achieving a validation performance of 0.0288. In contrast, the

Critical model achieves a higher validation loss (0.0337). The following section will dis-

cuss another approach to achieving compact models: node pruning.

6.3.3 Node pruning

The previous sections demonstrate REACH’s effectiveness for input feature selection.

This section extends the analysis to architectural optimisation through node pruning,

evaluating whether LRP can identify redundant neurons in hidden layers. We employ

the VTV-SDWW channel under very high mobility conditions with 64QAM modulation

to assess whether architectural pruning maintains estimation accuracy whilst reducing

computational cost.
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6.3.3.1 Pruning methodology

We implement LRP-based analysis on the trained baseline model (104 inputs, three hidden

layers with 28, 19, and 30 node sizes, 104 outputs) to assess the importance of both

input features and hidden layer nodes. The methodology comprises two distinct but

complementary approaches: feature selection and node pruning.

For feature selection, relevance scores rank inputs with predefined thresholds, returning

or keeping features whose removal would degrade BER by less than 1%. This process

produces five compact feature sets with varying compression levels: Critical (10 features,

9.6%), Significant (20 features, 19.2%), Primary (17 features, 16.3%), and Core (41 fea-

tures, 39.4%). These feature sets maintain channel estimation capability whilst reducing

input dimensionality.

For node pruning, we apply REACH to calculate relevance scores for neurons across the

hidden layers.

The relevance computation procedure processes a subset of training samples through the

network. For each sample, we perform a forward pass with explanation enabled, sum

the output to create a scalar, and backpropagate to collect layer-wise relevances. We

then average relevances across all samples to obtain stable importance estimates for each

neuron, quantifying their contribution to the model’s predictions.

Rather than applying uniform pruning percentages across all layers, we implement an

adaptive relevance-based pruning strategy. We sort neurons within each layer by their

average absolute relevance scores in descending order.

6.3.3.2 Systematic pruning evaluation

To complement the adaptive relevance-based approach and establish safe pruning bound-

aries, we conduct a systematic evaluation across uniform pruning percentages. This anal-

ysis characterises the relationship between architectural compression and performance
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retention.

For neuron significance assessment, we calculate average absolute relevance scores to ac-

count for both positive and negative contributions, as both influence network decisions

through complementary mechanisms. The average relevance R̄j for neuron j within a

hidden layer is:

R̄j =
1

N

N∑

n=1

|R(n)
j | (6.13)

where R
(n)
j represents the relevance of neuron j for sample n in a dataset of size N .

We evaluate pruning percentages from 0% to 90% in 9% increments to systematically

discover performance degradation patterns. For each pruning level P% applied uniformly

across all hidden layers containing S nodes, the retention count becomes ⌈S×(1−P/100)⌉,
ensuring at least one node per layer remains even at extreme pruning levels. Neurons

are ranked by average absolute relevance in descending order, with top-ranked neurons

preserved and lower-ranked ones eliminated uniformly across all layers.

The evaluation protocol follows four steps. First, we initialise pruned architectures based

on relevance rankings at each pruning percentage. Second, we train each pruned model

from scratch using the hyperparameter optimisation protocol from Section 4.2.2, ensuring

fair comparison by providing identical training conditions. Third, we evaluate models on

validation data, recording validation loss, MSE and accuracy metrics with 0.05 tolerance.

Finally, we assess computational cost through trainable parameter counts and FLOPs

estimation for forward passes. Table 6.4 presents evaluation results using validation loss

and validation accuracy across pruning levels, showing the trade-off between compression

and performance.

Validation performance reveals three distinct pruning regions, as illustrated in Figure 6.3.

The moderate region (0–45%) shows a gradual performance decline, maintaining accept-

able functionality with validation loss increasing modestly from 0.030 to 0.032 and accu-

racy remaining above 32%. This region appears to balance efficiency and performance for

practical deployment, suggesting that nearly half the neurons can be removed with low

impact. The aggressive region (45–63%) exhibits accelerated degradation, indicating the
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Table 6.4: Systematic pruning evaluation results for the baseline model under uniform pruning

percentages.

Pruning

(%)
Parameters FLOPs

Validation Loss

(MSE)
Validation Accuracy

0 7,315 14,526 0.030 36.20

9 6,764 13,424 0.030 35.81

18 5,928 11,752 0.031 34.49

27 5,235 10,366 0.031 34.14

36 4,601 9,098 0.032 32.92

45 3,943 7,782 0.032 32.47

54 3,191 6,278 0.034 29.16

63 2,711 5,318 0.037 25.38

72 1,997 3,890 0.036 26.50

81 1,416 2,728 0.039 23.93

90 748 1,392 1.0007 4.03

removal of increasingly critical components. Accuracy drops more sharply from 32.47%

to 25.38%, and loss values grow substantially, suggesting these neurons contribute more

significantly to model capability. Pruning beyond 63% triggers catastrophic collapse, with

90% pruning producing near-random accuracy (4.03%), confirming inadequate architec-

tural capacity for the estimation task.

The systematic evaluation establishes that approximately 45% represents a good pruning

threshold. This finding provides validation for the adaptive relevance-based approach,

which achieved layer-specific compression rates (28.6%, 31.6%, 53.3%) that fall within

or slightly exceed this threshold whilst maintaining performance through neuron selec-

tion. The combination of systematic exploration and relevance-based optimisation demon-

strates that LRP-guided node pruning can improve architecture without significant per-

formance loss, offering substantial resource savings suitable for vehicular environments.
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Figure 6.3: Validation accuracy versus pruning percentage for the baseline model under uni-

form pruning.

6.3.3.3 Relevance-based pruning visualisation

To provide insight into how LRP identifies important neurons across the network architec-

ture, we present detailed visualisations demonstrating the distribution of computational

relevance and the layer-specific node relevance. Figure 6.4 presents a comprehensive

analysis of relevance patterns across all three hidden layers, showing the distribution of

relevance scores, sorted neuron importance, and cumulative relevance curves that justify

the pruning decisions.

The analysis reveals distinct relevance patterns across layers. As shown in the histograms

(left column), most neurons concentrate near zero relevance with few high-relevance out-

liers, a pattern consistent across all layers. The sorted relevance plots (middle column)

demonstrate rapid relevance decay after top-ranked neurons, justifying aggressive prun-

ing. The cumulative relevance curves (right column) show that retained nodes capture

99.13%, 96.06%, and 84.75% of layer relevance for Layers 0, 2, and 4, respectively.

Layer 0 shows a strong concentration of relevance, with a steep decay curve indicating
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Figure 6.4: Relevance analysis and pruning decisions for hidden layers. Each row represents

one layer (Layers 0, 2, and 4 from top to bottom). Left: Histogram of relevance scores. Middle:

Sorted absolute relevance with pruning threshold (red line) and pruned neurons (pink region).

Right: Cumulative relevance proportion retained.

clear separation between important and redundant nodes. Layer 2 demonstrates more

uniform relevance distribution, yet still exhibits significant redundancy with the top 13

nodes capturing over 96% of relevance. Layer 4 shows the most aggressive pruning poten-

tial, with 14 nodes retaining nearly 85% of relevance whilst enabling 46.7% compression.

Figure 6.5, to Figure 6.7 provide visualisations of node-level importance through relevance

heatmaps. Each figure presents two complementary views: a complete heatmap display-

ing all neurons with black borders indicating retained nodes, and a focused visualisation

showing only nodes preserved after pruning, arranged by descending relevance.
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Figure 6.5: Complete node relevance heatmap for Layer 0. The heatmap displays all nodes

with colour intensity indicating relevance (blue = higher values). Black borders highlight the

20 nodes out of 28 that were retained in the pruned architecture, representing 71.4% retention.

These visualisations demonstrate REACH’s capability to identify less relevant and more

relevant features, enabling informed architectural decisions beyond traditional magnitude-

based pruning approaches. The varying retention rates across layers (46.7% to 68.4%)

indicate layer-specific importance patterns that uniform pruning strategies would over-

look. By adapting compression to the actual relevance distribution in each layer, the

approach maintains the neurons that matter most whilst eliminating those with minimal

contribution.

Figure 6.8 shows an overview of the adaptive pruning approach across all three hidden lay-

ers. The resulting NodePruned architecture indicates that different layers exhibit varying

levels of redundancy, with Layer 0 retaining 71.4% of nodes (20 of 28), Layer 2 retaining

68.4% (13 of 19), and Layer 4 retaining only 46.7% (14 of 30). The relevance profiles

show that retained nodes consistently exhibit much higher average relevance than those

pruned, confirming that low-contribution nodes are effectively removed. Moreover, the
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Figure 6.6: Complete node relevance heatmap for Layer 2 (Second Hidden Layer). The

heatmap displays all 19 nodes with colour intensity indicating relevance (blue = higher val-

ues). Black borders denote the 13 nodes out of 19 nodes retained after pruning, representing

68.4% retention.

pruning threshold increases across layers, indicating that deeper layers demand higher

minimum relevance for retention.

6.3.3.4 BER performance analysis

To validate the practical effectiveness of both feature selection and node pruning, we eval-

uate BER performance across SNR ranges for all model variants. Figure 6.9 presents BER

curves for the feature-selected retrained compact models (Critical, Significant, Primary,

Core, Essential) alongside the baseline model under very high mobility VTV-SDWW

channel conditions with 64QAM modulation.

From 0 to 20 dB SNR, NodePruned and compact models perform similarly to the baseline

model. This shows that a careful design of DL estimators with reduced parameters and

149



0 1 2 3 4 5
Column Index

0
1

2
3

4
R

ow
 I

nd
ex

0 1 2 3 4 5

6 7 8 9 10 11

12 13 14 15 16 17

18 19 20 21 22 23

24 25 26 27

0

2

4

6

8

10

12

R
el

ev
an

ce
 S

co
re

Figure 6.7: Complete node relevance heatmap for Layer 4 (Third Hidden Layer, 30 nodes).

The heatmap displays all nodes with colour intensity indicating relevance (blue = higher values).

Black borders highlight the 14 highly relevant nodes out of 30 nodes selected for retention,

representing 46.7% retention.

reduced input dimensionality can lead to similar or even better channel estimation in

noisy channel conditions. The selected features capture essential information for robust

estimation, while some model parameters add complexity but are not useful.

Performance divergence begins noticeably from 25 dB onwards. While the NodePruned,

Core, Significant, and Critical categories show a marginal decline in performance com-

pared to the baseline, the Primary category demonstrates better performance than the

baseline from this SNR level forward.

6.3.3.5 Model complexity comparison

We quantify the computational complexity of the NodePruned and the derived compact

feature set models through the number of parameters. Figure 6.10 shows the compar-
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Figure 6.8: Adaptive node pruning across network layers. The top panel shows the original

and pruned architectures, showing layer-specific compression rates. The bottom panel shows

relevance distributions for retained and removed nodes.

ison of parameter counts across all categories relative to the full baseline model (7,315

parameters). The parameter count clearly shows that compression is achieved through

two complementary methods:

1. Node Pruning: The NodePruned model, resulting from LRP-based node prun-

ing, is the most compact architecture, requiring only 4,129 trainable parameters.

This represents a substantial complexity reduction of 43.55% compared to the full

baseline.

2. Input Dimensionality Reduction: REACH-based feature selection generates com-

pact models by reducing the input dimensionality and architectural modifications

via hyperparameter optimisation. These models achieve a significant parameter re-
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Figure 6.9: BER versus SNR for NodePruned, compact and baseline DNN models under a

very high mobility VTV-SDWW channel with 64QAM modulation.

Figure 6.10: Model parameters across model categories.

duction ranging from 24.11% (Core category, 5,551 parameters) to 35.98% (Critical

category, 4,683 parameters).

The Critical category is the model with the smallest selection of features (35.98% reduc-

tion), and the Primary category achieves a 33.30% reduction (4,879 parameters).

152



These initial results, while derived from a single-channel setup, provide promising evidence

for the feasibility of the REACH framework. In the next section, we evaluate the approach

to incorporate a more realistic setting and an SOTA DL architecture.

6.4 Case Study II: TCN cross-channel interpretabil-

ity

Case Study I demonstrated that relevance-driven pruning creates efficient architectures

for single-channel scenarios. We now shift focus to a fundamentally different question: in

multi-channel training, which features enable robust generalisation across diverse propaga-

tion environments? This case study applies LRP to the multi-channel trained TCN-DPA

model from Chapter 5, investigating whether interpretability can explain the strong OOD

performance observed previously.

The model achieved strong performance on unseen propagation environments (Figure 5.7),

suggesting that exposure to diverse channel conditions during training produces represen-

tations that transfer beyond the specific scenarios encountered. What remained unclear

was why this generalisation occurs and which learned features enable robust performance

across varying Doppler spreads and delay characteristics.

Our analysis addresses three questions. First, do different channel models rely on similar

input features, or do each environment develop channel-specific relevance patterns? High

similarity would suggest that the model learned channel-invariant representations, whilst

divergent patterns would indicate adaptive, channel-dependent feature selection. Second,

can we identify a subset of features that exhibit high relevance across all channels? Such

cross-channel important features would represent the core information required for reli-

able estimation regardless of propagation characteristics. Third, do relevance patterns

correlate with physical channel properties such as Doppler frequency and delay spread?
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6.4.1 Experimental configuration

This section describes the model used, its training, and the relevance calculation.

6.4.1.1 Multi-channel trained model

As mentioned, our analysis employs the TCN-DPA model developed and trained on the

multi-channel, mixed-SNR dataset described in Section 5.5. This model was trained on

54,000 frames drawn equally from VTV-SDWW, RTV-SS, and VTV-EX channel models

and 16QAM modulation is used. The model accepts inputs of dimension (100, 52), where

100 represents the interleaved real and imaginary components along the OFDM symbol

dimension, and 52 corresponds to the active subcarriers. This results in a total input

dimensionality of 5200 features (100 × 52) per frame.

6.4.1.2 Relevance computation methodology

We adapt the REACH-based LRP implementation for temporal convolutions, residual

connections, and weight normalisation. For an input x ∈ R100×52, relevance propagates

backwards through the network following the conservation principle of Equation ((2.86)).

The output relevance initialises to the squared L2 norm of the model output y, providing

a scalar target for relevance decomposition.

For each channel model and SNR level, we computed relevance across 2000 test frames

(N = 2000). The resulting frame-wise scores were then processed using the batch

aggregation strategy detailed in Section 6.2.4 to obtain stable estimates. This pro-

duces an average relevance map R̄ ∈ R100×52 for each channel-SNR combination, indicat-

ing which time-frequency positions contribute the most to the channel estimate.

We analyse three SNR levels (0, 20, 40 dB) to capture relevance patterns under noise-

dominated (0 to 15 dB), intermediate (20 to 25 dB), and clean conditions (30 to 40 dB).

The analysis includes all six channel models investigated in this work, enabling comparison
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between ID channels seen during training (VTV-SDWW, RTV-SS, VTV-EX) and OOD

channels encountered only during testing (VTV-UC, RTV-UC, RTV-EX).

6.4.2 Cross-channel relevance patterns

To understand cross-channel generalisation, we first assess whether various channel models

show similar or different relevance patterns. This subsection explores relevance distribu-

tions across six vehicular channels, starting with visualisations of each channel and then

measuring cross-channel similarity via correlation analysis.

6.4.2.1 Individual channel analysis

Figure 6.11 shows the relevance map for VTV-SDWW at 0 dB, selected as a representative

example. Similar patterns emerge across the 20 and 40 dB SNR levels and also across

all six channel models with variations primarily in magnitude rather than structure. The

visualisation shows a uniform distribution of relevance across time channels (vertical axis),

with distinct vertical bands corresponding to the pilot subcarrier positions marked by cyan

dashed lines. The consistent pattern across temporal positions indicates that the TCN

aggregates information across the entire OFDM frame rather than relying on specific

symbol locations.

The relevance magnitudes vary with the SNR. At 0 dB, the average relevance ranges from

0.62 to 21.45 across channels (OFDM symbol dimension), reflecting the model’s intensive

feature processing under severe noise conditions. At 20 dB, this range narrows to 0.74 to

6.11, and at 40 dB, it is equal to 0.80 to 6.17.

6.4.2.2 Cross-channel correlation analysis

To quantify similarity in learned feature importance across channels, we compute Pear-

son correlation coefficients between flattened relevance vectors for all channel pairs. Fig-
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Figure 6.11: Relevance map for VTV-SDWW at 0 dB showing uniform temporal distribution

with elevated relevance at pilot positions and at the initial OFDM symbols positions, and some

at the last OFDM symbols.

ure 6.12 presents the correlation matrix at 20 dB.

All pairwise correlations lie in the range 0.81 to 0.99 at 20 dB, with even higher similarity

at 0 dB (0.95 to 1.00) and 40 dB (0.84 to 0.99). The strongest correlations (0.99) occur

between RTV-SS and VTV-UC, two channels with substantially different Doppler char-

acteristics (600 Hz versus 500 Hz) and communication scenarios as expressed by the TDL

parameters of each (roadside-to-vehicle versus vehicle-to-vehicle).

High correlations appear not only among ID channels (VTV-SDWW, RTV-SS, VTV-EX)

but also between ID and OOD pairs. For instance, VTV-SDWW ID and VTV-UC OOD

exhibit a correlation of 0.90, whilst VTV-EX (ID) and RTV-UC (OOD) achieve 0.95.

These cross-distribution similarities explain the strong OOD generalisation observed in

Chapter 5: the model applies similar feature selection strategies to previously unseen

channels, relying on learned patterns that transfer across propagation environments.
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Figure 6.12: Cross-channel relevance correlation matrix at 20 dB showing high similarity (0.81

to 0.99) across all channel models.

The uniformly high correlations at 0 dB (minimum 0.95) show that under severe noise,

all channels converge to nearly identical relevance patterns. The model depends on the

same robust features when noise dominates. At higher SNR, slight differentiation emerges

(minimum 0.81 at 20 dB), indicating that channel-specific refinement becomes possible

once noise decreases, while still maintaining substantial overlap in feature prioritisation.

6.4.3 Cross-channel important feature identification

Cross-channel correlation analysis showed consistent relevance patterns (0.81 to 0.99),

suggesting that the model prioritises similar features across diverse propagation envi-

ronments. This subsection identifies which specific features remain essential across all

channels and analyses their distribution across temporal and spectral regions.
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6.4.3.1 Defining universal features

Cross-channel important features are those that exhibit high relevance across all tested

channel models and represent the core input information required for reliable estimation,

regardless of propagation characteristics. To identify these features, we apply a percentile-

based threshold: for each channel, we mark the features in the top 25% of relevance. A

feature qualifies as cross-channel important if it exceeds this threshold in all six channels

at least once across all SNR levels.

Figure 6.13 visualises the cross-channel important feature mask. Green pixels indicate

positions where relevance consistently ranks high across all channels, whilst red pixels

denote channel-specific or low-importance positions.
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Figure 6.13: Cross-channel important features (green) exhibiting high relevance across all six

channel models. Four vertical bands correspond to pilot positions; horizontal patterns indicate

temporally critical positions.

The analysis identifies 1020 cross-channel important features out of 5200 total (19.6%).

This proportion strikes a balance: the model shares a substantial core of features across
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channels, explaining generalisation capability, whilst retaining flexibility for channel-

specific adaptation through the remaining 80.4% of features.

Visual inspection reveals two distinct patterns. Four prominent vertical green bands align

precisely with pilot subcarrier positions (indices 6, 20, 31, 45), confirming that transmit-

ted pilot symbols constitute primary channel-invariant features. These known reference

symbols provide unambiguous channel information across all propagation scenarios, which

naturally emerges as universally important.

Beyond pilots, horizontal green bands appear at specific time channel (OFDM symbols)

positions, indicating that certain OFDM symbols contribute consistently across channels.

We can also observe the concentration of cross-channel important features in early symbols

and late positions of the frame. In the middle part of the frame, we can also see a bit of

concentration of the cross-channel important features.

6.4.3.2 Temporal and spectral analysis

Table 6.5 provides a detailed breakdown of cross-channel important features by temporal

and spectral region. The distribution exhibits clear patterns that reveal how the TCN

prioritises information across the OFDM frame.

Temporal distribution shows concentration in early symbols (42.8% of symbols 0–5 are

cross-channel). Mid-early symbols (6–15) show the lowest cross-channel density (8.1%),

suggesting channel-specific adaptation roles, whilst mid and late symbols exhibit moderate

density (18.1% and 19.5%).

Spectral distribution reveals surprising uniformity: edge (20.5%), mid (19.0%), and cen-

tral (20.5%) subcarriers exhibit similar cross-channel important feature densities.

Subcarrier type breakdown reveals the most striking pattern: all 400 pilot features (100.0%)

qualify as cross-channel important, whilst only 620 of 4800 data features (12.9%) achieve

cross-channel status. Despite pilots being a small fraction of total features (7.7%), their

complete cross-channel classification confirms their fundamental role as known reference
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Table 6.5: Temporal and spectral analysis of cross-channel important features at 20 dB SNR.

Feature Category Total Features
Cross-Channel Important

Features (%)

Temporal Regions

Symbols 0–5 (Early) 624 267 (42.8%)

Symbols 6–15 (Mid-early) 1040 84 (8.1%)

Symbols 16–30 (Mid) 1560 283 (18.1%)

Symbols 31–49 (Late) 1976 386 (19.5%)

Spectral Regions

Edge Subcarriers (0–5, 47–51) 1100 226 (20.5%)

Mid Subcarriers (6–20, 32–46) 3000 569 (19.0%)

Central SC (21–31) 1100 225 (20.5%)

Subcarrier Type

Pilot subcarriers 400 400 (100.0%)

Data subcarriers 4800 620 (12.9%)

Total 5200 1020 (19.6%)

points. However, the 620 cross-channel data features still outnumber pilots.

6.4.3.3 Pilot versus data subcarrier contribution

The model processes two types of subcarriers: four pilots carrying known symbols and 48

data positions with DPA-estimated symbols. Figure 6.14 compares their relative contri-

butions across channels and SNR levels.

Data subcarriers contribute 65–92% of total relevance across all configurations, exceeding

pilot contributions (8–35%). This ratio increases with SNR: at 0 dB, pilots account for

27–35% of relevance, declining to 11–14% at 20 dB and 8–10% at 40 dB. As SNR improves

and DPA estimates become more reliable, the model places greater trust in the spatial-
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Figure 6.14: Pilot versus data subcarrier relevance contribution across SNR levels. Data

subcarriers dominate (65–92%) despite pilots being known references.

frequency information from data positions.

6.4.4 Cross-channel feature validation

To validate that the identified cross-channel relevant features are functionally important

rather than simply statistically correlated, we conducted controlled experiments com-

paring feature-reduced models against the original baseline. This validation addresses a

critical question: do cross-channel important features capture essential channel informa-

tion sufficient for accurate channel estimation?

6.4.4.1 Experimental design

We train two models and compare them against the original multi-channel baseline from

Chapter 5:

• Baseline: Original multi-channel TCN with full feature set (5,200 features, 100

channels × 52 subcarriers) (from Chapter 5).

• cross-channel: Newly trained model using only the 1020 identified universal fea-

tures (19.6% of the full set).
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The feature selection is implemented through binary masking: features not in the selected

set are zeroed in the input, whilst selected features retain their original normalised val-

ues. This masking approach enables a direct comparison of information content without

architectural changes. All three reduced models use the same optimised hyperparameters

as the baseline.

The random feature mask is generated with a fixed seed (42) for reproducibility and rep-

resents an unbiased control: if cross-channel important features truly capture important

channel properties, the cross-channel model should significantly outperform the random

model despite identical feature counts.

6.4.4.2 Training results

The cross-channel model converged after 84 epochs with a validation of 0.0008, compared

to the baseline validation MSE of 0.0002. The low loss close to the baseline confirms the

model successfully learns from the reduced feature set.

6.4.4.3 Performance evaluation

Figure 6.15 presents NMSE performance across all six channels, and Figure 6.16 shows the

averaged comparison between ID and OOD scenarios. The cross-channel model maintains

competitive NMSE performance despite using only 19.6% of input features. Across all

channels and SNR levels, the NMSE gap between Baseline and the cross-channel model

remains within approximately 2–5 dB, demonstrating that the LRP-identified features

capture the essential information required for channel estimation. The consistent gap

across both ID and OOD channels confirms that the identified cross-channel features gen-

eralise beyond the training distribution, corroborating the high cross-channel correlations

(0.81–0.99) observed in Section 6.4.2.2.

Figure 6.17 shows the BER performance. The cross-channel model achieves near-identical

error rates up to an SNR of 25 dB to the baseline across all channels and then starts to
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Figure 6.15: NMSE performance comparison between baseline (full features) and cross-channel

(19.6% features) models on ID channels (top row) and OOD channels (bottom row).
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Figure 6.16: Average NMSE performance of the baseline and cross-channel on ID channels

(left) vs OOD channels (right).

degrade. Despite the 80% reduction in input features, the performance of the cross-

channel model is very commendable. In some cases, such as VTV-EX and RTV-SS, the

cross-channel model achieves a BER slightly better than that of the baseline. These

results validate the effectiveness of the REACH framework as an effective interpretability

tool to identify features that are important in DL multi-channel. In some cases, training
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(c) VTV EX (ID) (d) VTV UC (OOD)
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Figure 6.17: BER performance comparison between baseline and cross-channel model across

all channel models.
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with only cross-channel important features actually leads to better results than Baseline,

as shown in Figures 6.17(b) and 6.17(c).

6.5 Chapter summary

This chapter applied LRP to analyse and optimise DL-based channel estimators for IEEE

802.11p vehicular communications. We developed the REACH framework, which extends

LRP through temporal aggregation, batch processing, and percentile-based feature cate-

gorisation.

Here is a summary of our main findings:

1. For single-channel FNN estimators (Case Study I), REACH-based feature categori-

sation identified substantial input redundancy. Models retrained on different feature

subsets achieved BER performance comparable to the full baseline. This indicates

that effective channel estimation does not require the entire input space. See Fig-

ure 6.9.

2. Node-level relevance analysis revealed substantial hidden layer redundancy in FNNs.

The NodePruned model achieved 43.6% parameter reduction (from 7,315 to 4,129)

with no significant degradation in BER below an SNR of 25 dB. See Section 6.3.3.

3. For multi-channel TCN estimators (Case Study II), cross-channel relevance corre-

lation exceeded 0.81 across all channel pairs at 20 dB, indicating that the model

learns channel-invariant feature representations. This explains the strong OOD gen-

eralisation observed in Chapter 5. See Section 6.4.2.2.

4. Cross-channel important feature identification found that only 1,020 features (19.6%

of the input space) exhibit high relevance across all six channel models. Models

evaluated using only these features achieved the BER performance comparable to

that of a full baseline (multi-channel DPA-TCN) on all six channels. See Figure 6.17.
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In conclusion, this chapter demonstrates that LRP-based interpretability serves not only

as a diagnostic tool but as a practical methodology for model architecture improvement.

The REACH framework enables systematic identification of essential features and redun-

dant parameters, as demonstrated by the 43.6% parameter reduction achieved through

node pruning in Case Study I.
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Chapter 7

Conclusion

This chapter concludes the thesis by evaluating the extent to which the research objectives

were achieved. A summary of the research methodology and the main contributions is

provided, followed by directions for future work and concluding remarks on the practical

viability of DL-based channel estimation for IEEE 802.11p vehicular communications.

7.1 Overview

This work investigated DL-based channel estimation for IEEE 802.11p vehicular commu-

nications, with the aim of improving the accuracy of the estimation under IEEE 802.11p

channel conditions with high mobility, where conventional estimators could have limited

performance. Four objectives were addressed:

1. To develop a reproducible simulation framework for IEEE 802.11p and establish the

performance limitations of classical estimators in high-mobility channels.

2. To develop and evaluate DL architectures and training strategies that improve es-

timation accuracy and generalisation across diverse vehicular environments.
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3. To analyse the trade-offs between estimation performance and computational com-

plexity, with particular attention to single-frame inference latency, to assess feasi-

bility for real-time deployment.

4. To develop an interpretability framework that enables systematic model compression

through relevance analysis.

This chapter evaluates the extent to which these objectives were achieved. We summarise

the contributions of this research and discuss directions for future work.

7.2 Summary of research methodology

The research adopted an experimental, benchmarking-driven methodology. We first im-

plemented an IEEE 802.11p PHY layer simulator in MATLAB, generating synthetic

datasets compliant with the standard vehicular channel models specified in [12]. 16QAM

was used as the primary modulation scheme, with 64QAM included for a specific high-

mobility use case.

Classical estimators (LS, MMSE, DPA, STA, and TRFI) were implemented first to estab-

lish performance baselines and identify their failure modes in high-mobility conditions.

DPA was retained as a building block for the DL pipeline following [6]–[8]. DL architec-

tures were then developed and evaluated in a stepwise manner, starting from recurrent

baselines (LSTM and GRU variants) and progressing to the proposed convolutional ar-

chitecture. Training strategies were investigated independently of architecture choice,

comparing high-SNR training against mixed-SNR training (0–40 dB) and single-channel

against multi-channel training. Finally, the REACH interpretability framework was ap-

plied to identify relevant features and guide model compression. All architectures were

compared on BER, NMSE, and single-frame inference latency measured under a consistent

protocol.
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7.3 Summary of contributions

This thesis showed that DL-based channel estimation for IEEE 802.11p vehicular commu-

nications can achieve robust cross-channel generalisation and efficient single-frame infer-

ence. When carefully designed and trained, DL-based estimators offer superior link-level

performance compared to classical methods in dynamic vehicular environments. The

specific contributions made in the course of this research are the following:

• We reimplemented existing DL architectures from literature (FNNs, LSTMs and

GRUs baselines) and then developed two novel architectures (Dual-Cell LSTM-

DPA and DPA-TCN) for IEEE 802.11p vehicular communications, presented in

Chapter 4. This comparative analysis established the superiority of LSTMs and

GRUs over FNN based estimators (STA-DNN, TRFI-DNN).

• The development of a novel non-causal DPA-TCN architecture, presented in Chap-

ter 4. This contribution encompasses two innovations: (1) Non-causal TCN de-

sign: Unlike the causal TCNs typically used for temporal sequence modelling (Sec-

tion 2.6.2.4), our TCN employs symmetric padding to enable bidirectional receptive

fields across subcarriers, learning early and later frequency-domain correlations. (2)

DPA → TCN architecture: We use DPA estimates as input to the TCN rather than

the conventional approach of applying neural networks before DPA. This ordering

exploits complementary strengths: whilst DPA provides temporal tracking through

decision-directed feedback, it suffers from error propagation where incorrect symbol

decisions degrade subsequent estimates. The TCN, with its dilated convolutions

and bidirectional receptive field, learns to identify and correct these DPA inconsis-

tencies. This reversed pipeline reduces cumulative error propagation close to the

perfect channel (see Figure 5.6 and Figure 5.8) and enables the TCN to process all

subcarriers in parallel in a single forward pass, which translates directly into a much

lower per-frame inference latency than the sequential recurrent baselines.

• The evaluation of models trained withmixed-SNR andmulti-channel training strate-

gies presented in Chapter 5 showed behaviour that depends strongly on architecture.
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LSTM estimators trained on mixed-SNR and multi-channel datasets underperform

relative to their high-SNR single-channel variants at high SNR, whereas DPA-TCN

was found to benefit from diverse noise levels (0–40 dB) across all SNR regions (see

Figure 5.2 to Figure 5.4 in Section 5.4.3). Multi-channel training extended this idea:

the DPA-TCN model trained on combined datasets from multiple channel models

(VTV-SDWW, RTV-SS, VTV-EX) generalised effectively to both ID and OOD

propagation environments. This eliminated the need for multiple channel-specific

estimators and addressed the generalisation limitations observed when training ex-

clusively at high SNR (40 dB), as was common in prior work.

• Inference latency analysis established that the proposed DPA-TCN architecture

achieves a median single-frame inference latency of 4.16 ms and a 90th-percentile

latency of 4.42 ms on a single NVIDIA A40 GPU. This is a 16- to 32-fold reduction

relative to the recurrent baselines (68–135 ms), whose sequential gate updates across

the 50 OFDM symbols of each frame accumulate into per-frame latencies that exceed

the receiver processing budget for continuous IEEE 802.11p frame reception. The

per-frame latency achieved by DPA-TCN fits within the receiver processing budget,

and the parallel structure of the network makes it well suited to hardware-accelerated

implementation on platforms such as FPGAs or automotive AI accelerators, where

convolutional kernels can typically achieve substantially lower inference times than

on general-purpose GPUs.

• The development of REACH, an interpretability framework based on LRP, pre-

sented in Chapter 6 extends LRP through temporal aggregation, batch processing,

and percentile-based feature categorisation, quantifying which temporal and spec-

tral input features contribute most to channel predictions. For single-channel FNN

estimators, REACH revealed substantial input redundancy, enabling 43.6% param-

eter reduction (7,315 to 4,129 parameters) with no significant BER degradation.

For the multi-channel DPA-TCN estimator, cross-channel relevance correlation ex-

ceeded 0.81, explaining the strong OOD generalisation observed in Chapter 5. Cross-

channel important feature identification revealed that only 19.6% of input features

are important across six channel models.
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These contributions collectively establish the non-causal DPA-TCN architecture, trained

with mixed-channel and mixed-SNR strategies and optimised through REACH-guided

feature selection, as a strong link-level estimator for IEEE 802.11p vehicular communica-

tions. The combination of accurate link-level performance, efficient single-frame inference,

robust generalisation, and interpretability addresses the principal challenges identified at

the start of this thesis. We note, however, that link-level metrics such as BER and NMSE

constitute a necessary but not sufficient condition for the safety-critical requirements of

V2X applications. End-to-end validation against burst-error and packet-delivery met-

rics, under realistic traffic and interference conditions, is needed to establish fitness for

safety-critical deployment, and is identified as future work below.

7.4 Further application and future work

This thesis forms the basis for several directions of future research: (1) architectural opti-

misation of the TCN, (2) hardware implementation and field validation, (3) extension to

next-generation vehicular standards, (4) extension to MIMO systems, and (5) application-

layer and burst-error evaluation. Specific issues that we would like to address in the future

include:

• Architectural pruning for TCN models: Chapter 6 demonstrated cross-channel

important feature identification through input-level relevance analysis. Extending

REACH-based relevance analysis to identify redundant convolutional filters or resid-

ual blocks within the TCN architecture itself could enable architectural compression

beyond input feature selection, potentially achieving further parameter reduction

whilst maintaining the parallel processing advantages.

• Hardware implementation and field validation: Whilst this study evaluated

computational complexity through FLOPs analysis and measured inference latency

in simulation, implementation of the optimised DPA-TCN model on embedded pro-

cessors (such as vehicular onboard units) is necessary to validate real-time processing
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capabilities under physical hardware constraints. Field testing with actual vehicular

measurement would validate whether the generalisation benefits observed with chan-

nel models transfer to real-world propagation conditions, particularly for scenarios

which may not be well-represented in standardised models.

• Extension to next-generation vehicular standards: This research focused on

IEEE 802.11p OFDM systems with specific frame structures (50 OFDM symbols

per frame, 52 active subcarriers). A logical next step is to investigate whether the

architectural insights (TCN superiority over RNNs, benefits of non-causal frequency-

domain processing), training strategies (mixed-SNR and multi-channel robustness),

and interpretability findings (cross-channel important features) generalise to the

emerging IEEE 802.11bd amendment and to cellular V2X standards such as LTE-

V2X and 5G NR-V2X, which use different physical layer characteristics, pilot pat-

terns, and numerologies.

• Extension to MIMO systems: The current work focused on SISO configurations.

Future research should investigate the scalability of the proposed non-causal TCN

architectures and REACH framework to MIMO systems, where spatial correlation

across antenna elements adds another dimension of complexity to the channel esti-

mation task. The frequency-domain processing approach may extend naturally to

joint spatial-frequency correlation learning.

• Application-layer and burst-error evaluation: This thesis evaluated estimator

performance using frame- and SNR-averaged BER and NMSE, which are standard

link-level metrics. These averaged metrics do not capture the burstiness of residual

errors caused by decision-directed feedback, deep fades, or hidden-terminal colli-

sions, nor do they directly reflect packet-level delivery outcomes. Burst-sensitive

and application-layer metrics such as consecutive cooperative awareness message

loss periods, inter-reception time distributions as a function of inter-vehicle dis-

tance, and packet-level delivery ratios would provide a more direct assessment of

whether the proposed estimator benefits safety-critical V2X applications. Coupling

the estimator with system-level simulators that generate realistic traffic and inter-

ference would be a natural follow-up study.
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7.5 Concluding remarks

Reliable channel estimation is an important enabler for vehicular communications. This

thesis demonstrates that DL is a practical and effective alternative to classical estima-

tion at the link level, provided that architectural choice, training data composition, and

model interpretability are addressed in an integrated manner. The proposed DPA-TCN

architecture, trained with mixed-channel and mixed-SNR data and optimised through the

REACH interpretability framework, provides a solid link-level foundation for robust ve-

hicular channel estimation. Establishing its fitness for safety-critical deployment requires

additional validation at the packet and application layer, as well as on representative

hardware, which we identify as priority directions for future work. We hope that the

methodologies developed here will be useful beyond IEEE 802.11p and more broadly

applicable in environments where accuracy and efficiency are required.

Note on nomenclature: The non-causal Data Pilot-Aided Temporal Convolutional

Network (DPA-TCN) architecture introduced in this thesis is also referred to as the DPA-

RDCNN in the follow-up publications arising from this work. Both designations describe

exactly the same neural network design and processing pipeline.
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Supplemental content

A.1 Appendix: Chapter 4

Dual-cell LSTM: Inference Algorithms

Algorithm 1 Test-time Estimation with Dual-Cell LSTM + DPA + (Optional) TA

Require: Trained Θf ,Θb; received grid {Yn[k]} for n=1:T ; TA weight α (default α=2)

Ensure: {ĤTA
n [k]}Tn=1 on k ∈ Kd; metrics (e.g., NMSE, BER)

1: Initialise from preambles: ĤLS[k] for k ∈ Kact

2: Set ĤRNN
0 [k]← ĤLS[k], ĤTA

0 [k]← ĤLS[k]

3: for n = 1 to T do

4: Input construction (active subcarriers):

H̄n[k]←




ĤTA

n−1[k], k ∈ Kd

ĤLS[k], k ∈ Kp

, xn ← fR
(
{H̄n[k]}k∈Kact

)

5: Dual-LSTM mapping and fusion:

Ĥ
(f)
n ← Ωf

(
ψf (s

f
n−1,xn; Θf )

)
; Ĥ

(b)
n ← Ωb

(
ψb(s

b
n−1,xn; Θb)

)

ĤRNN
n ← 1

2

(
Ĥ

(f)
n + Ĥ

(b)
n

)

6: DPA refinement (data subcarriers, causal):

Ĥeq
n [k] =

Yn[k]

ĤRNN
n−1 [k]

; D̂n[k] = Q
(
Ĥeq

n [k]
)
; ĤDPA

n [k] =
Yn[k]

D̂n[k]
, k ∈ Kd

7: TA smoothing (optional, data subcarriers):

ĤTA
n [k] =

(
1− 1

α

)
ĤTA

n−1[k] +
1
α
ĤDPA

n [k], k ∈ Kd

8: Feedback to next step: set ĤRNN
n [k] ← ĤTA

n [k] (if TA used) or ĤRNN
n [k] ←

ĤDPA
n [k]

9: end for

10: Compute NMSE and BER from {ĤTA
n }Tn=1 (or {ĤDPA

n } if TA disabled)
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A.2 Appendix: Chapter 5

Hyperparameter Optimisation Results

Table A.1 presents the complete hyperparameter search spaces and optimal values for all

architectures evaluated in Chapter 5 under both mixed SNR and high SNR training.

Table A.1: Optimised hyperparameters for evaluated architectures under mixed SNR and high

SNR training strategies.

Hyperparameter Search Space Mixed SNR 40 dB

TCN-DPA

Learning rate [10−5, 10−2] 0.0005 0.001

Number of Blocks [1, 5] 4 4

Hidden Channels N/A 100 100

Kernel Size [2, 5] 4 2

Dilation Depth N/A 4 4

Dropout [10−5, 0.5] 0.05 0.05

StepLR step size [10, 50] 11 N/A

StepLR γ [0.5, 1] 0.948 N/A

CosineAnnealingWarmRestarts T0 [10, 200] N/A 50

CosineAnnealingWarmRestarts Tmult {1, 2, 3, 4} N/A 2

CosineAnnealingWarmRestarts ηmin [10−8, 10−4] N/A 10−6

Epochs [0, 200] E Stopped E Stopped

STA-DNN

Learning rate [1e-5 to 1e-2] 0.001 0.001

Number of layers [1 to 5] 2 3

Size of hidden layer 0 [5 to 30] 29 15

Size of hidden layer 1 [5 to 30] 27 15

Size of hidden layer 2 [5 to 30] N/A 15

Total training epochs [50 to 500] 133 300

Continued on next page
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Table A.1 – Continued from previous page

Hyperparameter Search Space Mixed SNR 40 dB

TRFI-DNN

Learning rate [1e-5 to 1e-2] 0.0004 0.001

Number of layers [1 to 5] 3 3

Size of hidden layer 0 [5 to 30] 23 15

Size of hidden layer 1 [5 to 30] 29 15

Size of hidden layer 2 [5 to 30] 21 15

Total training epochs [50 to 500] 130 160

LSTM-DPA-TA

Learning rate [1e-5 to 1e-1] 0.004 0.001

LSTM size [64 to 128] 128 128

StepLR step size [1 to 50] 35 10

StepLR gamma [0.1 to 1] 0.7 0.8

Training epochs [50 to 500] 160 500

Batch Size N/A 128 128

GRU-DPA-TA

Learning rate [1e-5 to 1e-1] 0.004 0.001

GRU size [64 to 128] 48 48

StepLR step size [1 to 50] 21 10

StepLR γ [0.1 to 1] 0.9 0.8

Training epochs [50 to 500] 150 500

Batch Size N/A 128 128

A.3 Published Papers
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Abstract—In modern communication systems, having an accu-
rate channel estimator is crucial. However, when there is mobility,
it becomes difficult to estimate the channel and the pilot signals,
which are used for channel estimation, become insufficient. In
this paper, we introduce the use of Temporal Convolutional
Networks (TCNs) with data pilot-aided (DPA) channel estimation
and temporal averaging (TA) to estimate vehicle-to-vehicle same
direction with Wall (VTV-SDWW) channels. The TCN-DPA-TA
estimator showed an improvement in Bit Error Rate (BER)
performance of up to 1 order of magnitude. Furthermore, the
BER performance of the TCN-DPA without TA also improved
by up to 0.7 magnitude compared to the best classical estimator.

Index Terms—channel estimation, deep learning, TCN, vehicle-
to-vehicle, wireless communications, IEEE 802.11p

I. INTRODUCTION

Beyond 5G networks and the modern Wi-Fi standard used
for vehicular communication systems are expected to deliver
high data speeds and low latency [1]. However, mobility in
wireless channels can cause doubly selective fading, where
the channel changes both in the temporal and frequency
domains. This is mainly due to multipath propagation, which
results in varying delays, Doppler shifts, and attenuation as
users move. It is important to accurately estimate the channel
because doubly selective fading affects receiver processes such
as equalisation, demodulation, and decoding, which directly
influences system performance. For reliable communication in
mobile scenarios, accurate channel estimation algorithms are
vital to handle the doubly selective fading nature of wireless
channels.

Pilot signals are usually used to estimate the channel, but
in mobility scenarios these pilots become insufficient [2]. To
address this, a data pilot-aided (DPA) estimation scheme is
generally used, in which data subcarriers are remapped and
used for channel estimation [3]. Several classical methods are
then built upon DPA. This includes (1) the spectral temporal
averaging (STA) scheme [4], where the averaging is performed
in the time and frequency domains, (2) the constructed data
pilot (CDP) scheme [5] in which the previous symbols are

used as preambles to estimate the current symbol, and (3)
time domain reliability test frequency domain interpolation
(TRFI) [6], where a reliability test is performed on the DPA
estimated channel to obtain reliable subcarriers. The reliable
channel estimates are interpolated at the unreliable subcarriers.

The process of demapping the data subcarriers in DPA to
obtain an initial channel estimate is heavily influenced by
the noise level and the accuracy of the previously estimated
channel [7]. As the previous data symbols are utilised as the
preamble to obtain the current symbol, the error in the DPA
increases as we progress from one symbol to the next across
the frame, leading to performance degradation in vehicular
environments. Given that DPA is the initial step in most
classical methods, this error is also present in classical channel
estimation methods.

In this work, we propose the use of TCN-based estimators
to reduce DPA errors and improve performance in vehicular
channel environments. Using a TCN for initial channel estima-
tion, we can achieve more accurate results, which can then be
utilised effectively by the DPA method to estimate the current
channel state as a post-processing step. In addition, we also
test the effectiveness of temporal averaging (TA) in further
improving the channel estimate.

The remainder of the paper is structured as follows: Sec-
tion II provides background information on the IEEE 802.11p
standard investigated in this paper. Section II-B offers a review
of current channel estimation schemes, while Section III
introduces the TCN-based estimator. In Section IV, the results
are presented and analysed. Section V concludes the paper.

II. BACKGROUND

This section summarises the IEEE 802.11p standard speci-
fication and examines channel estimation system models and
techniques in the context of IEEE 802.11p.

A. System Model

The IEEE 802.11p protocol uses Orthogonal Frequency
Division Multiplexing (OFDM) to facilitate data transmission



across radio channels. OFDM divides the available bandwidth
(10MHz) into subcarrier frequencies, allowing multiple signals
to be sent at the same time [8]. Pilot signals on designated
subcarriers track channel conditions to enhance data decoding
for efficient communication. Only 52 of the 64 available
subcarriers are used for data transmission and pilot symbols,
while the remaining subcarriers are used for guard bands and
direct current (DC) offset. Fig. 1 shows how these subcarrier
indices are arranged in the IEEE 802.11p frame. The four pilot
subcarriers are positioned at indices {−21, −7, 7, 21}, while
the remaining 48 indices are designated for data.

Fig. 1: IEEE 802.11p subcarrier arrangement [9].

In this study, we assume perfect synchronisation and con-
sider a frame structure that begins with two extended pream-
bles, followed by I data symbols. The received OFDM symbol
yi[k] at time instant i and subcarrier k can be represented as
in [9]:

yi[k] = hi[k]xi[k] + ni[k], (1)

where xi[k] is the transmitted constellation symbol, hi[k] is
the channel frequency response, ni[k] is the noise added to
the i-th OFDM symbol on the k-th subcarrier.

B. IEEE 802.11p Channel Estimation Methods
In this section, we provide an overview of the IEEE 802.11p

channel estimation methods. All the methods discussed will be
evaluated against our proposed approach.

1) LS Estimation: The least squares (LS) estimation
method is the widely accepted channel estimation technique
in wireless communications to estimate the channel response.
It is also a standard method used in IEEE 802.11p. LS utilises
the two received preambles as follows [2]:

ĥLS[k] =
y
(p)
1 [k] + y

(p)
2 [k]

2p[k]
, (2)

where y
(p)
1 [k] and y

(p)
2 [k] represent the received preambles

located at the beginning of each frame at subcarrier k and
p[k] is the predefined preamble that was transmitted.

2) DPA Estimation: In vehicular communications, DPA
is considered the initial channel estimation method in ve-
hicular communications because it is assumed that there is
a high correlation between the successive OFDM symbols
received [9]. In DPA, the LS estimation at the preambles (as
described by (2)) is used to obtain the initial channel estimate;
the subsequent channel estimate is obtained by equalising
the received symbols with the initial channel estimate as
described by (4). Equalised symbols are demapped to the
closest constellation as described by (5) and the final DPA
channel estimate is updated as expressed in (7). According
to [2], the remaining OFDM symbols are equalised using the
previously estimated channel:

yeq
i [k] =

yi[k]

ĥDPA
i−1[k]

, (3)

ĥDPA
0 [k] = ĥLS[k], (4)

As outlined in [9], the data subcarrier yeqi [k] is then demapped
and mapped to the nearest constellation point using the re-
spective modulation order to determine its closest constellation
point di[k] which is given by

di[k] = R

(
yi[k]

ĥDPA
i−1[k]

)
, (5)

where R (.) is a mapping operation to obtain the closest
constellation point. The initial channel estimate ĥDPA

0 [k] is
derived from the LS estimation, expressed as

ĥDPA
0 [k] = ĥLS[k], (6)

and the final DPA channel estimate is subsequently updated
as

ĥDPA
i [k] =

yi[k]

di[k]
. (7)

3) STA Estimation: The STA method continuously updates
the channel estimate using data symbols, leveraging time and
frequency correlation across OFDM symbols. Following [9]
the STA channel estimate is obtained by performing all the
steps of the DPA procedure, followed by frequency domain
averaging of the estimates for all selected subcarriers as
described below:

ĥFD
i [k] =

β∑

λ=−β

ωλĥ
DPA
i [k + λ], (8)

ωλ =
1

2β + 1
, (9)

where 2β + 1 denotes the number of subcarriers being av-
eraged. Finally, time averaging is performed to calculate the
final STA channel estimate as

ĥSTA
i [k] =

(
1− 1

α

)
ĥSTA
i−1[k] +

1

α
ĥFD
i [k] (10)

where α is a filtering parameter that varies depending on the
characteristics of the channels.



4) CDP Estimation: The CDP method also relies on the
high correlation of OFDM symbols. CDP performs all DPA
procedures. Then, as described in [9], the previously received
symbol is equalised using both the current DPA estimate,
ĥDPA
i [k], and the previous CDP estimate, ĥCDP

i−1 [k] as

yeq′
i−1[k] =

yi−1[k]

ĥDPA
i [k]

, (11)

yeq′′
i−1[k] =

yi−1[k]

ĥCDP
i−1 [k]

, (12)

The equalised symbols yeq′
i−1[k] and yeq′′

i−1[k] are then demapped
to their closest constellation d′i−1[k] and d′′i−1[k] using the
mapping operation R (.). As outlined in [9], the final CDP
channel estimate ĥCDP

i [k] is obtained as follows

ĥCDP
i [k] =

{
ĥCDP
i−1 [k], d′i−1[k] ̸= d′′i−1[k],

ĥDPA
i [k], d′i−1[k] = d′′i−1[k]

(13)

If d′i−1[k] ̸= d′′i−1[k], it indicates that ĥDPA
i [k] is not reliable

and therefore the previous channel estimate should be used
instead.

5) TRFI Estimation: The TFRI method is a channel estima-
tion technique designed to enhance the performance of CDP.
The steps involved in the TFRI process are similar to the CDP
estimator processes. The main difference is that, instead of the
comparison step described by (13), TFRI uses the demapped
symbols d′i−1[k] and d′′i−1[k] calculated after the processes
expressed by (11), and (12) to create a reliable subcarrier set
and an unreliable set. Then it uses the reliable set to interpolate
the channel at unreliable subcarriers based on a reliable test
as detailed by the authors in [9].

III. PROPOSED TCN-DPA ESTIMATOR

TCNs are designed to handle sequential data, whether it
is single-channel or multiple-channel sequential data, making
them ideal for capturing temporal dependencies in the received
signal. Using 1-dimensional convolutional layers, TCNs can
efficiently process sequential data, identifying patterns that
classical methods may miss. This section outlines the architec-
ture of the TCN and the proposed TCN-based estimator used
in this work.

A. Temporal Convolutional Networks (TCNs)

Convolutional Neural Networks (CNNs), introduced by
LeCun [10], are key models in the development of neural
networks (NNs). CNNs use convolutional and pooling layers
to extract local features and reduce dimensionality. TCNs
were developed from CNNs, specifically to handle sequential
data. TCNs integrate specialised components such as causal
convolution, dilated convolution, and residual connections, as
shown in Fig. 2 [11], making them effective in capturing
temporal dependencies within the input data. A TCN uses
one-dimensional convolution kernels (kernels that move in
only one direction, for example from left to right) to analyse
sequential data in the temporal domain, as shown in Fig. 2a.

(a) Causal dilated convolutions.

(b) TCN Residual block adapted from [11].

Fig. 2: TCN architectural elements. (a) Causal dilated convolu-
tions and (b) TCN residual block with an optional 1x1 residual
connection that can be added when the input and output have
different dimensions.

Suppose that we have an input sequence {x0,. . . ,xT } and our
goal is to forecast the corresponding outputs {y0,. . . ,yT } at
each time step. The main constraint is that when predicting
the output yt at any given time t, we can only use the inputs
that have been observed up to that point: {x0,. . . , xt}. To
ensure that the output is of the same length as the input, zero
padding of length (kernel size - 1) is applied to the hidden
layers. A TCN uses causal convolutions to ensure that there
is no future information leakage. For causality to be true, yT
should depend only on {x0,. . . ,xT } and not on any future
input beyond time T . A crucial component of a TCN is the
residual block [11]. It incorporates a branch that takes the input
sequence and applies a series of transformations, denoted as F .
When the outputs have dimensions different from the input, a
residual branch is present where the outputs are then combined
with the original input x through an activation function, as:

Output = Activation(x+ F (x)) (14)



The residual connection allows the layers to focus on capturing
the desired mapping instead of learning the entire transfor-
mation from input to output. The residual block typically
contains dilated causal convolution layers and non-linearity
layers. One commonly used non-linearity is the Rectified
Linear Unit (ReLU), which enhances network sparsity and
helps prevent overfitting by setting a portion of the neuron’s
output to zero. The ReLU function also addresses the issue of
gradient vanishing during backpropagation. Its mathematical
definition is given as:

f(x,w, b) = max
(
0, wTx+ b

)
(15)

where x represents the input to the neuron, w denotes the
weight parameter, and b signifies the bias term. In the residual
block, the dropout layer is applied during training after each
convolutional layer to prevent overfitting and improve the
model’s generalisation capabilities.

B. Dataset Generation

This section discusses the characteristics of the generated
dataset, the vehicular channel model used, and the structure
of the dataset for use by a TCN.

1) Channel Model: The vehicular channel model inves-
tigated in this work is specified in [12]. In this study, we
investigate the vehicle-to-vehicle same direction with wall
(VTV-SDWW) tapped delay line (TDL) vehicular channel
model. This model is used for communication between two
vehicles moving in the same direction with a central wall
separating them while keeping a distance of 300-400 metres
between them. A VTV-SDWW TDL mobility scenario is used
in which vehicles have a velocity of 100 km/h and a Doppler
shift of fd = 550 Hz. 16QAM modulation is used.

Our dataset consists of 18,000 time-specific samples or
frames. Each sample includes a sent and received version of 50
OFDM symbols. Each OFDM symbol consists of a complex
value for each of the 52 active subcarriers, where 48 are data
subcarriers and 4 are pilot subcarriers. To prepare the data for
the NN, we separate the complex-valued received 16 QAM
symbol per resource element and concatenate them as shown
in Fig. 3, such that the values are interleaved per subcarrier and
time slot. This appears as if the number of symbols received
per carrier has doubled. Each input sample is now a matrix
of real values with dimensions of 52 × 100 and each output
is a matrix of real values with dimensions of 48× 100 where
the pilot signals are excluded. These samples are grouped into
batches.

The input tensor for the TCN is a 3D tensor with dimensions
(N,C, T ) where N represents the batch size, C represents the
number of channels (100 separated and interleaved real and
imaginary parts of the complex data) and T represents the
number of ‘time steps’ (in this case, not actual time, but the
52 subcarriers are modelled as if sequential). In our case, with
a batch size of 128, the input tensor shape is (128, 100, 52).
A kernel size of 2 indicates the length of the convolutional
filter. This filter processes two consecutive time steps across

Fig. 3: TCN operation with an input sequence of 52 subcarriers
and 100 channels of interleaved real and imaginary parts of
the complex data.

100 channels to calculate weighted sums of the input values
it overlaps.

The NN is trained at the 40 dB SNR level. This is based
on the hypothesis of the authors in [2], [9], [13] that training
a NN on a high SNR dataset facilitates the NN to learn the
actual channel state and this is important for the NN.

C. TCN-DPA estimator

This section describes the proposed TCN-DPA estimator
where the initial input to the TCN is the DPA estimate in
the frequency domain (the subcarriers). The DPA process is
performed after this TCN process. The previous TCN output,
ĥTCN
i−1 [k], is used by the DPA process to equalise the current

received symbol. The equalised symbol is then mapped to the
closest constellation point, acquiring the demapped symbol
as expressed in (17). The final channel estimate ĥTCN

i [k] is
updated as:

dTCN
i [k] = R

(
yi[k]

ĥTCN
i−1 [k]

)
, (16)

ĥTCN
0 [k] = ĥDPA[k], (17)

ĥTCN
i [k] =

yi[k]

dTCN
i [k]

(18)

Fig. 4 shows this iterative process. The next section gives a

Fig. 4: TCN-DPA estimator process showing how the TCN
output is used for the DPA process.

description of the TA process and how it can be added to the
TCN-DPA method.

1) TA Processing: Temporal averaging (TA) is a method
for noise reduction in which the noise reduction ratio can be
determined analytically. As stated in [2], TA can iteratively
decrease the Additive White Gaussian Noise (AWGN) power
within a frame. In that study, an α value of 2 yielded



Fig. 5: TCN-DPA-TA estimator process showing the TCN
output as input to the DPA and the TA processes and how
the TCN-DPA-TA output is used to update the final channel
estimate.

commendable results. For simplicity, we also use an α of 2 in
this work. The complete TCN-DPA-TA is shown in Fig. 5.

The TA process is applied to the estimated TCN-DPA chan-
nel ĥTCN-DPA

i [k] so that the final channel estimate ĥTCN-TA
i [k]

is obtained as:

ĥTCN-TA
i [k] =

(
1− 1

α

)
ĥTCN-TA
i−1 [k] +

1

α
ĥTCN-DPA
i [k] (19)

where α represents the weight size used to calculate the
averages. A higher value of α means that more symbols are
used.

2) TCN Hyperparameter Tuning: In this work, we use
Bayesian optimisation (BO) to find the best hyperparameter
combination to improve model performance. BO constructs a
probabilistic model, typically a Gaussian process, to approxi-
mate the function based on observed data. Gaussian processes
are preferred as surrogate models due to their ability to provide
both mean predictions and uncertainty estimates for input
parameters [14]. We optimise the learning rate, number of
layers, kernel size, dropout, and StepLR parameters (step size
and gamma). For hyperparameter tuning, we use Optuna [15]
and Weights & Biases (WandB)1. Optuna, a BO framework,
uses a tree-structured parzen estimator (TPE) to maintain a
probabilistic model linking hyperparameters to outcomes. This
approach enables efficient exploration of the hyperparameter
space, refining it sequentially to improve the probability of
reaching the global optimum in fewer trials. WandB is used
for logging and monitoring experimental results.

We conduct 80 trials to explore the hyperparameter space
comprehensively. Each trial runs for 200 epochs to allow the
models to converge and for the effects of hyperparameter
changes to become evident. The validation loss is used as an
indicator of convergence and the optimal hyperparameters are
selected based on the lowest validation loss observed during
these trials. A search space for the hyperparameters is defined
as shown in Table I. The best hyperparameter combination is
obtained and is also shown in the same table.

IV. ANALYSIS AND RESULTS

The TCN-DPA architecture consists of a 4-layer TCN
residual block with a kernel size of 2 and layer dilations of (1,

1https://wandb.ai/

TABLE I: Optimal TCN Hyperparameters.

Hyperparameter Search Space Optimal Value

Learning Rate 1× 10−5 to 1× 10−2 0.003

Number of Layers 1 to 5 4

Kernel Size 2 to 5 2

Dropout 10−5 to 0.5 0.01

StepLR Step Size 10 to 50 17

StepLR Gamma 0.5 to 1 0.8

Epochs 0 to 200 100

2). 12,000 frames are used for training, 4,000 for validation,
and 2,000 are used for testing.

A. Bit Error Rate (BER)

Figure 6a shows the BER of the proposed TCN-DPA with
and without TA compared to the classical methods, which are
DPA, LS, STA, CDP, TRFI and DPA-TA. We also compare
the performance of a TCN without any post-processing which
is our baseline TCN to determine the need for DPA as a
post-processing method. The baseline TCN performance is
poor compared to other estimators. The TCN-based estimators
clearly showed better performance than the classical estima-
tors. It is observable that from SNR larger than 20 dB the
TCN-DPA estimator starts to outperform the classical estima-
tors, and at 40 dB TCN-DPA obtained BER performance close
to 0.7 orders of magnitude lower than TRFI. TCN-DPA-TA
outperformed all estimators in all SNRs. At 40 dB, the TCN-
DPA-TA is approximately 1 order of magnitude lower than the
TRFI, which is the best classical estimator. The performance
of the TCN-DPA estimator at SNR levels less than 20 dB is
close to that of classical estimators, regardless of the extensive
hyperparameter tuning. This necessitates the addition of TA to
the TCN-DPA to smooth the channel estimate per subcarrier
by considering the current and previous channel estimate
values. The improvement in BER performance of TCN-based
estimators can be attributed to their ability to effectively
capture relationships between adjacent subcarrier frequency
DPA estimates. The TCN learns how the channel affects
adjacent subcarriers, and using this information the TCN can
accurately predict the channel’s response for each individual
subcarrier. This allows for a more accurate reconstruction of
channel state information across the frequency domain. The
better BER of TCN-DPA-TA compared to that of TCN-DPA
in low SNR regions further demonstrates the effectiveness of
TA postprocessing in refining these estimates.

B. Normalised Mean Squared Error (NMSE)

Fig. 6b shows the NMSE performance of the TCN-based
estimators compared to the classical methods namely DPA,
LS, STA, CDP, TRFI, DPA-TA and a baseline TCN. The TCN-
DPA-TA estimator (red line graph) shows even better perfor-
mance than the TCN-DPA estimator (blue line graph) because
of the added temporal averaging process. It is also evident in



(a) BER simulation results of various estimators.

(b) NMSE simulation results of various estimators.

Fig. 6: BER and NMSE simulation results for the VTV-
SDWW vehicular channel model.

this figure that the performance of the TCN-DPA estimator at
low SNRs is similar to that of the classical estimators, but from
20 dB its performance increases exponentially outperforming
all the classical estimators. For the TCN-DPA-TA, it starts
outperforming all the classical estimators from 10 dB, which
is lower than that of the TCN-DPA.

V. CONCLUSION

In this paper, we propose the application of a tuned TCN
with DPA and TA for channel estimation in VTV-SDWW
TDL vehicular communications using adjacent subcarriers as
input to the TCN. Our performance comparisons between
TCN-based estimators and classical estimators demonstrate the
suitability of TCNs for vehicular channels. We introduce a
new method of structuring data for NNs, by separating and
interleaving the real and imaginary components of complex

data along the OFDM symbol dimension. Our experiments
show that the BER performance of the TCN-based estimators
achieves improvements of up to one order of magnitude
for TCN-DPA-TA and up to 0.7 orders of magnitude for
TCN-DPA. These results demonstrate the superior channel
estimation capabilities of our proposed estimators in vehicular
communications. In the future, we plan to conduct a detailed
computational complexity analysis of the proposed estimators
and investigate them in other vehicular channel models.
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Abstract. Channel estimation is a critical component of vehicular com-
munications systems, especially in high-mobility scenarios. The IEEE
802.11p standard uses preamble-based channel estimation, which is not
sufficient in these situations. Recent work has proposed using deep neural
networks for channel estimation in IEEE 802.11p. While these methods
improved on earlier baselines they still can perform poorly, especially in
very high mobility scenarios. This study proposes a novel approach that
uses two independent LSTM cells in parallel and averages their outputs
to update cell states. The proposed approach improves normalised mean
square error, surpassing existing deep learning approaches in very high
mobility scenarios.

Keywords: Channel estimation · deep learning · dual-cell LSTM · IEEE
802.11p · vehicular channels.

1 Introduction

The international wireless communication standard IEEE 802.11p was intro-
duced for vehicle-to-vehicle communication. However, the original IEEE 802.11p
framework did not take into account high mobility and rapid channel changes,
which can affect system performance at high speeds [15]. Reliable wireless ve-
hicular communication is challenging due to the need for accurate channel state
information (CSI) in high-mobility scenarios, where estimates can quickly be-
come outdated.

IEEE 802.11p employs a data pilot-aided (DPA) approach for channel es-
timation, with techniques such as spectral temporal averaging (STA) [3] and
time-domain reliable test frequency domain interpolation (TRFI) [11] estima-
tors to improve accuracy. However, in high signal-to-noise ratios (SNRs), STA
may not effectively account for frequency and time variability while TRFI’s as-
sumption of high correlation between successive transmitted signals may not
hold true.
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The ability of a deep neural network (DNN) to generalize in a robust man-
ner has made it an attractive option to improve channel estimation. DNN al-
gorithms have been investigated as a means of improving traditional channel
estimation techniques such as STA and TRFI. These DNN-based postprocessors
have excelled at capturing time-varying behaviours in complex propagation en-
vironments. An auto-encoder (AE) DNN successfully handled the inherent error
propagation challenges in DPA estimation [8]. Another approach combined STA
for initial linear channel estimation with a deep neural network (DNN) as a non-
linear postprocessor [5]. In Gizzini et al. [6] a TRFI-DNN was introduced that
combines TRFI and a DNN. TRFI-DNN has been shown to be more effective
than other DNN methods compared with.

Performance-wise, AE-DNN [8] has a relatively low bit error rate (BER).
However, it is computationally complex and does not effectively learn the time-
frequency channel correlation. STA-DNN [5] outperforms both AE-DNN and
TRFI-DNN [6] in low SNRs of up to 20 dB at a velocity of 120 km/h. However,
its performance starts to deteriorate as the SNR increases. TRFI-DNN, on the
other hand, outperforms AE-DNN by approximately 3 dB for BER = 10−3. In
scenarios where mobility is higher than 120 km/h, STA-DNN starts to experience
an error floor at even lower SNRs of 17 dB. However, the challenge of dealing
with a rapidly changing channel remains for both temporal filtering and DNN
postprocessing.

To estimate wireless channels in high-mobility situations, we propose using
a dual-cell long-short-term memory (LSTM) network. This network can capture
short-term temporal dependencies and causal correlations. A DPA block and
a temporal averaging (TA) block are used to further reduce the noise in the
dual-cell LSTM estimates.

The remainder of the paper is structured as follows: Section 2 reviews IEEE
802.11p and channel estimation, Section 3 introduces the dual-cell LSTM ap-
proach, Section 4 describes the experiments, Section 5 presents results and anal-
ysis, and Section 6 concludes.

2 Background

This section provides a brief overview of the IEEE 802.11p standard specifica-
tion. It also discusses channel estimation system models and techniques within
the context of IEEE 802.11p, serving as the foundation for improving vehicular
communication systems.

2.1 IEEE 802.11p Standard Specifications and Frame Structure

The IEEE 802.11p protocol employs a technique referred to as Orthogonal
Frequency Division Multiplexing (OFDM) to transfer data via radio channels.
OFDM divides the available bandwidth into several closely spaced subcarrier fre-
quencies, allowing many signals to be sent simultaneously. During transmission,
some subcarriers carry pilot signals that are known by both the transmitter and
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the receiver. The receivers use pilots to analyse changes in the communication
channel. As vehicles travel at different speeds, factors such as distance, barriers,
and multipath effects constantly change the way signals propagate. These pilot
signals can be used to track time-varying channel conditions and obtain the CSI.
This CSI can then be used to improve the decoding of transmitted user data,
ensuring efficient communication.

OFDM signal consists of modulation symbols sent on an active subcarrier
during a particular time interval. OFDM frames are made up of several payload
OFDM signals that are preceded by preamble symbols that fulfil various key
roles. The preamble enables the receiver to synchronise, establish an initial coarse
channel estimate, and mark the beginning of incoming frames.

In IEEE 802.11p, only 52 of the 64 available subcarriers are used for data
transmission and pilot symbols, as illustrated in Figure 1. The rest of the subcar-
riers are kept for other purposes, such as guard bands and direct current (DC)
offset. To ensure accurate channel tracking, pilot signals are inserted into specific
subcarriers.

Fig. 1: Subcarrier arrangements in a IEEE802.11p transmission [5].
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2.2 Channel Estimation System Model

This study assumes perfect synchronisation and only considers a frame structure
comprising two extended preambles at the start, followed by I OFDM data
symbols. Following the terminology used in [4], the expression of the transmitted
and received OFDM symbol can be represented as follows:

ỹi[k] =

{
h̃i,d[k]x̃i,d[k] + ṽi,d[k], k ∈ Kd

h̃i,p[k]x̃i,p[k] + ṽi,p[k], k ∈ Kp

, (1)

where x̃i[k] denotes the OFDM symbol transmitted at the ith instance, affected
by its corresponding time-varying frequency-domain channel response h̃i[k]. ỹi[k]
are the OFDM data symbols received. Furthermore, ṽi[k] denotes the frequency-
domain equivalent of additive white Gaussian noise (AWGN) characterised by a
variance of σ2. The indices Kd and Kp refer to the sets of subcarriers dedicated
to data and pilot signals, respectively.

Thus, the OFDM symbol received (ỹi[k]) consists of both the data and the
pilot subcarrier symbols affected by the channel response, with noise added.
Channel estimation is the task of determining h̃i[k] for each OFDM symbol.

2.3 IEEE 802.11p Channel Estimation Schemes

Accurate channel estimation in OFDM systems such as IEEE 802.11p relies on
well-allocated pilot subcarriers. However, the standard’s limited number of pilots
may not suffice for tracking channel variations effectively. Two proposed channel
estimation schemes tackle this issue: one uses data subcarriers alongside pilots,
while the other inserts additional pilots at the cost of a reduced transmission
rate. Achieving reliable channel estimation requires a careful balance between
accuracy and transmission efficiency.

Recently, models based on recurrent neural networks (RNNs) have shown
promise in leveraging sequential dependencies in channel data for channel esti-
mation in vehicular communication [4, 10, 13]. Among RNN architectures, LSTM
networks can learn long-term dependencies and have shown excellent results in
sequential tasks [9].

In the context of channel estimation, an LSTM has been used to directly
map pilot sequences to channel responses [13], while Gizzini et al. proposed a
long-short-term memory data pilot-aided temporal averaging (LSTM-DPA-TA)
integration to improve estimates in high mobility situations [4]. Hou et al. [10]
also employed a single-layer Gated Recurrent Unit (GRU) as a post-processing
for the estimation of DPA.

DPA Estimation The DPA estimation technique uses both pilot subcarriers
and demapped data subcarriers to estimate the channel for the present OFDM
symbol [8]. Following the notation in [4] the demapped data symbol di[k] for
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each subcarrier K is given in Equation 2 as follows:

di[k] = D


 yi[k]

ˆ̃
hDPAi−1

[k]


 ,

ˆ̃
hDPA0

[k] =
ˆ̃
hLS[k], k ∈ Kon, (2)

Here, D(.) signifies the process of demapping to the closest constellation point
based on the chosen modulation order, Kon are the active subcarriers, h̃LS[k] is
the channel estimated using the Least Squares (LS) method from the received
preambles, namely y(p)1 [k] and y(p)2 [k] such that:

h̃LS[k] =
y
(p)
1 [k] + y

(p)
2 [k]

2p[k]
, k ∈ Kon, (3)

In this context, p[k] denotes the predetermined frequency-domain preamble se-
quence. Subsequently, the final updates for the DPA channel estimation are
carried out in the following manner:

h̃DPAi [k] =
yi[k]

di[k]
, k ∈ Kon. (4)

It should be noted that DPA fundamental estimation serves as an initial reference
for a majority of IEEE 802.11p channel estimation techniques [10].

TA Processing Temporal averaging (TA) is a noise reduction technique in
which the noise reduction ratio can be calculated analytically [4]. The TA method
assumes that the noise terms of consecutive OFDM symbols are not correlated.
TA analyses variations by averaging the channel estimations across OFDM sym-
bols. Following the notation in [4], consider the estimate of the channel hk,n
in the subcarrier k and symbol n. TA computes a moving estimate Ĥk of the
channel frequency response hk as the weighted sum:

Ĥk,n = (1− 1/α)ĥk−1,n + (1/α)ĥk,n (5)

In this case, α denotes the window size over which the averages are calculated. A
larger α incorporates more symbols. TA reduces noise through averaging, making
it a good candidate for postprocessing.

STA-DNN Estimator Previous work [5] recognised the problems in only using
traditional STA estimates [3] and proposed a hybrid STA-DNN technique to
solve them. The typical STA estimator averages the initial estimate of the DPA
channel over frequency and time.

To compensate for the time-varying channel conditions, STA uses fixed aver-
age window widths and weights [3]. To counteract this, Gizzini et al. [5] suggest
creating an STA-DNN estimator by feeding the STA estimate to a deep neural
network (DNN). Their evaluation showed that the STA-DNN technique corrects
errors and greatly increases the accuracy of the estimation over the traditional
STA estimation [5]. Despite these improvements, there is still a significant error
in high-mobility vehicle situations at low SNR [4].
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LS Channel Estimate In IEEE 802.11p, the basic LS channel estimation
technique is used as initial channel estimation. Two successive training symbols
T1 and T2 are used to obtain the initial frequency response of the channel of the
kth subcarrier as follows:

H̃0 (k) =
YT1 (k) + YT2 (k)

2XT (k)
, k ∈ Kon (6)

where XT (k) is the predefined training symbol of the kth subcarrier, YT1(k) and
YT2(k) are the symbols in the frequency domain of the receiver. The LS channel
estimation approach overlooks time variations, resulting in reduced accuracy as
the OFDM symbol index increases. To maintain reliable performance in mobile
scenarios, more advanced channel tracking techniques are essential, accounting
for dynamic channel changes and ensuring accurate estimation.

The channel estimation schemes discussed are used in this work for compari-
son purposes. LS estimation is used as an initial estimation approach before our
dual-cell LSTM method. This is followed by applying DPA as a post-processing
step to refine our dual-cell LSTM estimate. A step-by-step procedure on how
these techniques are used in our work is discussed in detail in Section 3.

3 Proposed Dual-Cell LSTM Estimation Method

LSTM networks are designed for sequential data with temporal dependencies.
These networks have an architecture that allows them to understand the tempo-
ral dependencies in the data, enabling them to predict future data based on past
observations [9]. The gated cell structure of LSTMs enables them to learn long-
term temporal relations by regulating the input of new information, eliminating
unnecessary past information, and updating the hidden state using selected cell
state values [14]. LSTMs have been successfully used in different domains and
applications such as time series forecasting [12] and speech recognition [7].

This section introduces a novel dual-cell LSTM architecture that uses two
independent LSTM cells in parallel to capture sequential information from dif-
ferent temporal perspectives. This enables the model to fuse representations
learnt from different, non-overlapping temporal perspectives at each timestep.
The method also integrates DPA and TA as post-processing methods to reduce
noise.

The dual-cell structure is distinct from a bidirectional LSTM as it is com-
posed of two parallel LSTMs operating in the forward direction, while a bidirec-
tional LSTM comprises two LSTMs, one processing the sequence in a forward
direction and the other in a backward direction. Our hypothesis is that this
dual-cell architecture is capable of capturing a more complete image of channel
dynamics compared to other LSTM structures. The proposed protocol aims to
efficiently address channel estimation in highly dynamic environments, such as
vehicular communication.

As illustrated in Figure 2, the inputs (xt−1, xt−2, xt−3, etc.) are supplied
directly to the independent LSTM cells at the same time. Following the typical
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Fig. 2: Schematic representation of the dual-cell LSTM estimator. The architec-
ture consists of two parallel LSTM cell chains, with each cell processing sequen-
tial inputs from xt−1 to xt. The outputs from both chains are fused to produce
the final output.

LSTM design [9], each LSTM cell consists of an input gate, a forget gate, an
output gate, and a cell memory block. For both cells, the number of hidden units
is set to H. At each time step t, the same input sequence xt is fed into both
cells to update their hidden states (h1,t and h2,t) and cell states (c1,t and c2,t).
This processing takes place in parallel, without information exchange between
cells. Finally, a combined output yt is produced by averaging the hidden state
outputs of both cells and passing them through a linear layer. This captures
representations from the two processing streams, although independently and
simultaneously. Averaging the outputs of the two cells has various benefits:

– Combining the representations learned by each cell helps to prevent overfit-
ting. Cells may capture somewhat different features of the input sequence.

– Averaging provides a type of ensembling in which the combination of numer-
ous models (cells) outperforms isolated ones.

– By averaging time-distributed outputs at each step, the model may use in-
formation processed in both cells at the same time.

3.1 Dual-Cell LSTM Estimation Algorithm

This section presents the algorithm for the proposed dual-cell LSTM model.
(Also see Algorithm 1.)

The Dual-Cell LSTM model for the channel estimation method can be broken
down into four phases:

– First, an LS channel estimation is performed. Initial channel estimation is
obtained as illustrated in Section 2.3. This forms the input dataset (˜̄xi) used
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Algorithm 1 Dual-Cell LSTM Model for Channel Estimation

Data: HLS_Structure, True_Channel_Structure,
Step 1: LS estimation to obtain the initial channel estimation that is used as
the training dataset (HLS_Structure)
Step 2: Load dataset

- Load True_Channel_Structure
- Load HLS_Structure

Step 3: Prepare input and target matrices
- Construct Dataset_X by combining real and imaginary parts of

HLS_Structure.
- Construct Dataset_Y by combining real and imaginary parts of

True_Channel_Structure.
Step 4: Initialize dual LSTM cell model

- Create two LSTM cells: cell1 and cell2
- Initialise hidden and cell states of both cells

Step 5: Train model
while not converged do

Step 5.1: Forward pass
- Feed Dataset_X to both cells
- Get outputs out1 and out2 from cell1 and cell2
- Calculate out_avg = (out1 + out2)/2
- Calculate loss between out_avg and Dataset_Y
Step 5.2: Backpropagate loss
- Update cell parameters using backpropagation

end while
Step 6: Channel estimation on new data

- Forward pass new samples through trained model
- Get channel estimates ˆest = out_avg

Step 7: Post-processing
- Perform DPA estimation on ˆest to improve estimates
- Perform TA on DPA outputs
- Final estimated channel

Step 8: Calculate evaluation metrics
- Calculate NMSE, BER., on test dataset

Step 9: Repeat step 4 for the required number of epochs
Step 10: Save trained model

to train the model. Following the notation presented in [4], the input x̄i can
be obtained as follows:

x̄i =

{
ˆ̃
hLSTMi−1,d

[k], k ∈ Kd

ˆ̃
hi−1,p[k], k ∈ Kp

. (7)

The input ˜̄xi is computed by transforming LS estimate x̄i from complex val-
ues to real values. ˆ̃hi−1,p[k] is the LS estimated channel at theKp subcarriers.
˜̄xi is input to the LSTM as:

ˆ̃
hLSTMi.d

= ΩLSTM(˜̄xi, Θ), (8)

where ΩLSTM denotes the LSTM processing unit and Θ denotes the overall
weights.
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– Second, the LSTM model is trained to estimate the channel characteristics
from the received data.

– Third, the DPA post-processing technique is used to improve estimations,
as follows:

dLSTMi [k] =D


 yi[k]

ˆ̃
hLSTMi−1

[k]


 ,

ˆ̃
hLSTM0 [k] =

ˆ̃
hLS[k], (9)

ˆ̃
hLSTM−DPAi [k] =

yi[k]

dLSTMi [k]
. (10)

– Fourth, the TA technique is the final post-processing method: TA is applied
to the estimated channel ˆ̃

hLSTM−DPAi [k] to further reduce the impact of
AWGN noise as follows:

ˆ̄hDNN−TAi,d
=

(
1− 1

α

)
ˆ̄hDNN−TAi−1,d

+
1

α
ˆ̄hLSTM−DPAi,d

. (11)

A fixed α value of 2 is used this is based on the analysis done in [4].

Finally, estimates are evaluated using normalised mean squared error (NMSE)
and bit error rate (BER) metrics.

4 Experimental Setup

This section discusses the channel model employed for data generation, the data
preparation for LSTM and the hyperparameter optimisation process.

4.1 Channel Model

Vehicular channel models, widely examined in the literature [4–6], originate from
channel measurements in metropolitan Atlanta, Georgia, USA [1]. We conducted
an analysis of the vehicle-to-vehicle same direction with wall (VTV-SDWW)
tapped delay line (TDL) vehicular channel model, which is used for communi-
cation between two vehicles travelling in the same direction with a central wall
between them and maintaining a distance of 300-400 metres between them.

Two mobility scenarios based on the VTV-SDWW TDL were adopted for
comparison: (i) high mobility (V = 100 km/h, Doppler shift fd = 550 Hz) and
(ii) very high mobility (V = 200 km/h, fd = 1,100 Hz). Simulation parameters
included a frame size of 50 OFDM symbols, 16QAM modulation, and convolu-
tional channel coding at a half-code rate. The dataset consisted of 12,000 training
samples, 4,000 validation samples, and 2,000 testing samples. During training, a
training SNR level of 40 dB is used to improve the generalization of the model.
Each simulation generated a packet of 50 OFDM symbols sent across a simulated
wireless channel, capturing varying channel conditions. In this study, a ‘packet
sample’ represents one 50-OFDM symbol packet, serving as a single observation
for estimation.
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4.2 Data Preparation for LSTM

The dataset that was created according to the IEEE 802.11p standard (see Sec-
tion 2). We excluded the signal field from the dataset, assuming optimal receiver
synchronisation, for the sake of simplicity. As a result, the emphasis is on the
presence of two extended training symbols within each transmitted frame, fol-
lowed by a set of I Orthogonal Frequency Division Multiplexing (OFDM) data
symbols. The received OFDM symbol is represented by Equation 1.

We constructed Dataset_X and Dataset_Y matrices for the input and
target data, respectively. For training data, we obtained a real-valued train-
ing dataset Dataset_X by concatenating the real and imaginary parts of the
propagating channel (HLS_Structure) into one vector. Dataset_Y is the tar-
get output matrix created similarly to Dataset_X by concatenating the real
and imaginary parts of the actual or ground truth channel for specific positions,
1 to 48 for real and 49 to 96 for imaginary.

Dataset_X has dimensions 12, 000 × 50 × 104. Similarly, Dataset_Y has
dimensions 12, 000× 50× 96. The first dimension is the size of the dataset. The
second dimension denotes the number of OFDM symbols per frame, while the
third is the sequence length, which is the size of the input data positions if it is
Dataset_X or output if its Dataset_Y . Our input size is 104 and our output
size is 96 (as above).

4.3 Hyperparameter Optimisation

The hyperparameters of the dual-cell LSTM model were optimised using Op-
tuna to find the values that minimise loss of validation during training. Optuna
is a Bayesian optimisation framework that generates hyperparameter configura-
tions using a tree-structured parzen estimator (TPE) to maintain a probabilistic
model that links hyperparameters to measurable outcomes [2]. It terminates
underperforming tests early to maximise search efficiency. The procedure is re-
peated until either the desired convergence is achieved or the maximum number
of trials is reached.

We optimised a set of hyperparameters, namely the learning rate, the step size
of the optimiser, the gamma of the StepLR scheduler, the batch size, the weight
decay and the dropout probability. The optimisation procedure was carried out
as follows:

1. A dual LSTM model with fixed input size (104) was defined. This is the
total number of input subcarriers used in this work (Kon ∗2 where Kon = 52
active subcarriers). The LSTM size was 128.

2. The non-dominated Sorting Genetic Algorithm II (NSGA-II) sampler cre-
ated an Optuna study for multi-objective optimisation.

3. An objective function trained the dual-cell LSTM for 100 epochs with spec-
ified hyperparameters (Table 1).

4. Optuna recommended hyperparameters within defined limits, and Adam op-
timiser initialised and trained the dual-cell LSTM.
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5. Training and validation losses were tracked for each epoch, with the average
validation loss used.

6. The study ran 150 optimisation trials to identify optimal hyperparameters
based on the lowest validation loss.

7. The loss curve, weight, and bias plots were logged to the weights and bias4
for visualisation.

8. Optimal trial hyperparameters (learning rate, step size, gamma, dropout,
weight decay) were determined on the basis of the lowest validation loss.

The final model is trained for 250 epochs using a batch of 128. A summary of the
parameters of the dual cell LSTM model used in this work is given in Table 1.

Table 1: Optuna Hyperparameter optimisation: 150 trials and 100 epochs
Hyperparameters Search space Final value
Learning rate [1e-5, 1e-1] 0.01
Step size [1, 10] 9
gamma [0.1, 1] 0.6
Dropout probability [ 0.0, 0.8] 0.002
Weight decay [1e-6, 1e-2] 0.008
Batch size [16, 32, 48, . . . ,128] 128

5 Analysis and Simulation Results

We evaluate the following channel estimation methods, STA-DNN [5], LSTM-
DNN-DPA [13], LSTM-DPA-TA [4], DPA-TA and the proposed dual-cell LSTM
estimator against a perfect channel by calculating BER and NMSE in MATLAB.
The hidden layer dimensions of the STA-DNN were 15-15-15 and 128-40 for the
LSTM-DNN.

1. LSTM-DNN-DPA: This method involves cascading an LSTM and a mul-
tilayer perceptron network (MLP) to estimate the channel and DPA as a
post processor [13]. However, overfitting was not evaluated in this work, as
cascaded models possess a high risk of overfitting due to an increased number
of parameters.

2. LSTM-DPA-TA (128): This approach uses an LSTM model for channel
tracking followed by DPA and TA for noise reduction. Overall performance
is based on the precision of the initial LSTM estimate. The noise mitigation
ratio of TA processing has been analytically derived in [4]. This method was
not evaluated against other LSTM architectures.

4 https://wandb.ai/
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3. LSTM-DPA-TA (64): This is the same LSTM-based method as above but
using a smaller LSTM: size 64 instead of 128 [4]. A smaller LSTM size strug-
gles to learn long-term dependencies in dynamic environments compared to
a larger LSTM.

4. STA-DNN: This technique utilises DNNs to capture additional temporal
and frequency correlations [5]. However, this method does not consider se-
quential data, thus limiting its capability.

5. DPA-TA: We established our lower bound by using only the DPA and TA
techniques. The shortcoming of this approach is that it only uses conventional
techniques which are limited to learning patterns in data, especially dynamic
channels.

6. Dual-cell LSTM: We evaluate the performance of our dual-cell LSTM
network approach against the other methods in the same scenarios discussed
below.

5.1 High Mobility Scenario

In this section, we evaluate the performance of existing approaches and our
proposed dual-cell LSTM method under high mobility conditions, characterised
by a velocity (v) of 100 km/h and a Doppler frequency (fd) of 550Hz using two
key metrics; BER and NMSE.

Clarification on Data Comparison: The results of existing methods have
been extracted directly from Gizzen et al. [4], while the dataset used to develop
the dual-cell LSTM method was generated in-house following the experimental
setup detailed in that respective paper. The performance of the proposed method
is compared against the stated published performance of the methods presented
in [4]. We caution that in this comparison, the datasets generated according to
Section 4.2 and the unpublished dataset in [4] may differ, although the described
vehicular scenarios were precisely duplicated. To reflect this caution, we present
the comparison in separate graphs in Figures 3 and 4.

Figures 3a and 3b show the BER performance results of the DNN-based
estimators and the classical DPA-TA estimator. Our experiments showed that
the dual-cell LSTM was capable of dealing with a variety of SNR levels. At SNR
levels between 0 and 12 dB, it performed similarly to LSTM-DPA-TA (128).
When the SNR was between 27 and 40 dB, it outperformed all the models tested.
Figures 3c and 3d compare the dual-cell LSTM NMSE performance with that
of existing techniques. Lower NMSE values indicate a better estimate of the
true channel response. At an NMSE of 10−2, the dual-cell LSTM method shows
better performance than LSTM-DA-TA (128), LSTM-DA-TA (64) and LSTM-
DNN by approximately 7 dB, 8 dB, and 12 dB improvements, respectively. At
35 dB SNR, it reaches an NMSE of 10−3.

5.2 Very High Mobility Scenario

This section evaluates channel estimation methods under very high mobility
conditions of 200km/h and a frequency Doppler of 1,100Hz. BER and NMSE
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(a) BER performance of the proposed dual-
cell LSTM method.

(b) BER performance results of existing
methods.

(c) NMSE performance of the proposed
dual-cell LSTM method.

(d) NMSE performance of existing meth-
ods.

Fig. 3: BER and NMSE results under High Mobility conditions using the VTV-
SDWW channel model at v = 100 km/h, fd = 550 Hz.

metrics are used to evaluate performance. We again follow the experimental
setup of Grizzini et al. [4] to simulate the very high mobility environment, and
present results separately. Figures 4a and 4b plot the BER against SNR, where
all estimators showed reduced performance due to fast fading that causes a
decrease in the temporal correlations of the channel.

At SNR levels ranging from 0 to 15 dB, the LSTM-DPA-TA (128) approach
surpasses the dual-cell LSTM technique by up to 0.5 dB. On the other hand, the
BER of feedforward models such as STA-DNN deteriorates significantly more
rapidly even at high SNR due to its inability to exploit temporal dependencies
in highly dynamic channels. The corresponding NMSE vs SNR graphs are shown
in Figures 4c and 4d. Similarly, despite the challenges of extremely high mobility,
dual-cell LSTM showed a capability to achieve a very low NMSE by a significant
margin compared to the other existing DNN methods.
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(a) BER performance of the proposed dual-
cell LSTM method.

(b) BER performance results of existing
methods.

(c) NMSE performance of the proposed
dual-cell LSTM method.

(d) NMSE performance of existing meth-
ods.

Fig. 4: BER and NMSE performance at Very High Mobility: VTV-SDWW chan-
nel model at V = 200km/h, fd = 1,100Hz.

6 Conclusion

This paper introduced a dual-cell LSTM network model for dynamic channel
estimation in vehicular communication systems. A comparison was conducted
with results available from the literature, with experimental setups duplicated.
Our dual-cell LSTM model showed the potential to achieve very low NMSE
between estimated and true channel responses across all tested SNR levels of
magnitude close to 1 compared to other sequence models. In terms of BER,
the dual LSTM method showed improved performance in high SNRs, starting
at 30 dB, performing better than the other methods. This result supports our
hypothesis that the combination of two LSTM methods in a parallel ensemble
can outperform the existing single LSTM method and the feedforward methods.
Future work will include evaluating the complexity and learning capacity of
ensemble sequential learning methods.



Sequence Based DNNs for Channel Estimation in VTV Communications 15

Acknowledgements The authors are grateful to NITheCS, the Telkom CoE
at the NWU and Hensoldt South Africa, who supported this research.

References

1. Acosta-Marum, G., Ingram, M.A.: Six time-and frequency-selective empirical chan-
nel models for vehicular wireless lans. IEEE Vehicular Technology Magazine 2(4),
4–11 (2007)

2. Akiba, T., Sano, S., Yanase, T., Ohta, T., Koyama, M.: Optuna: A next-
generation hyperparameter optimization framework. In: Proceedings of the 25th
ACM SIGKDD international conference on knowledge discovery & data mining.
pp. 2623–2631 (2019)

3. Fernandez, J.A., Borries, K., Cheng, L., Kumar, B.V., Stancil, D.D., Bai, F.: Per-
formance of the 802.11 p physical layer in vehicle-to-vehicle environments. IEEE
transactions on vehicular technology 61(1), 3–14 (2011)

4. Gizzini, A.K., Chafii, M., Ehsanfar, S., Shubair, R.M.: Temporal averaging lstm-
based channel estimation scheme for ieee 802.11 p standard. In: 2021 IEEE Global
Communications Conference (GLOBECOM). pp. 01–07. IEEE (2021)

5. Gizzini, A.K., Chafii, M., Nimr, A., Fettweis, G.: Deep learning based channel
estimation schemes for ieee 802.11 p standard. IEEE Access 8, 113751–113765
(2020)

6. Gizzini, A.K., Chafii, M., Nimr, A., Fettweis, G.: Joint trfi and deep learning for
vehicular channel estimation. In: 2020 IEEE Globecom Workshops (GC Wkshps.
pp. 1–6. IEEE (2020)

7. Graves, A., Mohamed, A.r., Hinton, G.: Speech recognition with deep recurrent
neural networks. In: 2013 IEEE international conference on acoustics, speech and
signal processing. pp. 6645–6649. Ieee (2013)

8. Han, S., Oh, Y., Song, C.: A deep learning based channel estimation scheme for
ieee 802.11 p systems. In: ICC 2019-2019 IEEE International Conference on Com-
munications (ICC). pp. 1–6. IEEE (2019)

9. Hochreiter, S., Schmidhuber, J.: Long short-term memory. Neural computation
9(8), 1735–1780 (1997)

10. Hou, J., Liu, H., Zhang, Y., Wang, W., Wang, J.: Gru-based deep learning channel
estimation scheme for the ieee 802.11p standard. IEEE Wireless Communications
Letters 12(5), 764–768 (2023). https://doi.org/10.1109/LWC.2022.3187110

11. Kim, Y.K., Oh, J.M., Shin, Y.H., Mun, C.: Time and frequency domain channel
estimation scheme for ieee 802.11 p. In: 17th International IEEE Conference on
Intelligent Transportation Systems (ITSC). pp. 1085–1090. IEEE (2014)

12. Li, Y., Zhu, Z., Kong, D., Han, H., Zhao, Y.: Ea-lstm: Evolutionary attention-based
lstm for time series prediction. Knowledge-Based Systems 181, 104785 (2019)

13. Pan, J., Shan, H., Li, R., Wu, Y., Wu, W., Quek, T.Q.: Channel estimation based
on deep learning in vehicle-to-everything environments. IEEE Communications
Letters 25(6), 1891–1895 (2021)

14. Staudemeyer, R.C., Morris, E.R.: Understanding lstm - a tutorial into long
short-term memory recurrent neural networks. ArXiv abs/1909.09586 (2019),
https://api.semanticscholar.org/CorpusID:202712597

15. Zhao, Z., Cheng, X., Wen, M., Jiao, B., Wang, C.X.: Channel estimation schemes
for ieee 802.11 p standard. IEEE intelligent transportation systems magazine 5(4),
38–49 (2013)



Neural Network-based Vehicular Channel
Estimation Performance: Effect of Noise in the

Training Set

SA Ngorima1,2,3[0000−0002−0775−3529], ASJ Helberg1[0000−0001−6833−5163], and
MH Davel1,2,3[0000−0003−3103−5858]

1 Faculty of Engineering, North-West University, South Africa
2 Centre for Artificial Intelligence Research, South Africa

3 National Institute for Theoretical and Computational Sciences, South Africa
aldringorima@gmail.com

albert.helberg@nwu.ac.za

Abstract. Vehicular communication systems face significant challenges
due to high mobility and rapidly changing environments, which affect the
channel over which the signals travel. To address these challenges, neural
network (NN)-based channel estimation methods have been suggested.
These methods are primarily trained on high signal-to-noise ratio (SNR)
with the assumption that training a NN in less noisy conditions can
result in good generalisation. This study examines the effectiveness of
training NN-based channel estimators on mixed SNR datasets compared
to training solely on high SNR datasets, as seen in several related works.
Estimators evaluated in this work include an architecture that uses con-
volutional layers and self-attention mechanisms; a method that employs
temporal convolutional networks and data pilot-aided estimation; two
methods that combine classical methods with multilayer perceptrons;
and the current state-of-the-art model that combines Long-Short-Term
Memory networks with data pilot-aided and temporal averaging methods
as post processing. Our results indicate that using only high SNR data
for training is not always optimal, and the SNR range in the training
dataset should be treated as a hyperparameter that can be adjusted for
better performance. This is illustrated by the better performance of some
models in low SNR conditions when trained on the mixed SNR dataset,
as opposed to when trained exclusively on high SNR data.

Keywords: Channel estimation · deep learning · neural networks · CNN-
Transformer · IEEE 802.11p · vehicular channels.

1 Introduction

The integration of network infrastructure with artificial intelligence (AI) is be-
coming more prevalent due to the increasing demands of data-intensive appli-
cations and the need for more efficient and reliable communication systems.
Incorporating AI into these systems promises to improve network management,
resource allocation, and overall system performance.
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This convergence is notably evident in vehicular communication, which is an
important component of intelligent transportation systems. Vehicular communi-
cation systems face unique problems due to their high mobility, rapidly varying
environments, and significant latency requirements. One of the challenges in this
domain is obtaining accurate channel estimates, which is critical to ensuring re-
liable communication between vehicles and infrastructure. Channel estimation
involves determining the characteristics of a communication channel and moni-
toring its changes to adjust to varying conditions [9].

The dynamic nature of vehicular environments, characterised by rapidly
changing channel conditions, poses a challenge to traditional channel estima-
tion methods. These methods include methods such as least squares (LS) and
minimum mean square error (MMSE), which rely on mathematically estimating
the channel based on the received version of known data sent as a preamble to the
signal. Although effective in more stationary environments, these techniques of-
ten struggle to keep up with the rapid changes inherent in vehicular channels [4].
This limitation highlights the need for more advanced adaptive approaches to
channel estimation in these high-mobility scenarios.

In recent years, researchers have increasingly focused on using data symbols
directly to estimate the channel in a method referred to as data pilot-aided
(DPA) channel estimation. DPA estimation addresses the challenges posed by
dynamic environments, especially in vehicular communication systems, where pi-
lot signals are evidently insufficient. Unlike traditional methods that rely heavily
on a fixed number of pilot signals for channel estimation, DPA estimation uses
demapped data symbols as additional pilots. This approach allows for more flexi-
ble and adaptive tracking of channel variations without the need to allocate more
resources for pilot signals, thereby improving efficiency and accuracy in rapidly
changing channels. However, the performance of the DPA method can be signif-
icantly affected by errors introduced during the demapping process, which may
limit its overall effectiveness [12]. To improve efficiency, DPA estimation is typi-
cally used with an error compensation scheme to reduce channel distortion and
prevent errors from propagating to the next symbols in a frame. Two common
error compensation approaches for channel estimation are spectral temporal av-
eraging (STA) [2] which utilises the correlations of data symbols in time and
frequency domains to estimate the channel and time-domain reliable test fre-
quency domain interpolation (TRFI) [8], as described in more detail in Section
2.2. However, these methods still struggle in highly dynamic scenarios [3].

Deep learning (DL) has recently gained attention for its ability to improve
the accuracy of channel estimates. A method utilising autoencoders and train-
ing on a high signal-to-noise ratio (SNR) dataset (SNR=40 dB) was proposed
to correct DPA estimate errors in the frequency domain [6]. However, it did not
account for temporal changes, limiting its performance. Furthermore, incorporat-
ing feedforward networks into classical methods such as STA and TRFI meth-
ods, as proposed in [4], has shown promise in improving estimation accuracy.
These methods were also trained on high SNR datasets (SNR=30 dB). These
methods offer valuable baselines. Recently, a long-short-term memory (LSTM)-
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based architecture has been proposed to capture the temporal and frequency
characteristics of vehicular channels [3]. This method was trained on a dataset
generated at the SNR level of 40 dB and demonstrated significant improvements
over previous estimators. However, this method is computationally expensive.

This study introduces the use of a mixed SNR dataset, where the training
dataset includes data generated at different SNR levels. We hypothesise that
training on a mixed SNR dataset helps an neural network (NN) generalise across
a wider range of real-world conditions by exposing it to both noise-dominated
and signal-dominated scenarios. This approach contrasts with the methodology
adopted in several studies [4, 5, 3, 12], which propose that training the NN-based
estimator using a dataset generated only at a high SNR level enhances its ability
to generalise in any environment: at high SNR the impact of the channel is
greater than the impact of noise, therefore it is expected that the NN develops
better channel knowledge.

We evaluate the use of the mixed SNR dataset using a CNN-Transformer-
based estimator [11] which is a hybrid model that combines a one-dimensional
convolutional neural network (CNN) with a transformer architecture, a TCN-
DPA estimator [10] that uses a temporal convolutional network (TCN) to correct
the DPA propagation error, two estimators based on concatenating a multilayer
perceptron (MLP) with a classical method, in this case STA-MLP [4] and TRFI-
MLP [5], and the LSTM-DPA-TA method [3] which combines Long Short-Term
Memory (LSTM) networks with Data Pilot-Aided (DPA) estimation and Tem-
poral Averaging (TA).

2 Background

We describe the system model, well-known channel estimation schemes in vehic-
ular communications, and some of the NN-based channel estimation techniques
currently used. We also provide a brief description of the IEEE 802.11p physical
layer structure that is used in all simulations, along with a description of its
specifications.

2.1 System Model

In this paper, we adopt the IEEE 802.11p physical layer structure, which is
specifically designed for vehicular communication systems. This section follows
a detailed discussion of the IEEE 802.11p specifications as outlined in Ngorima
et al. [10]. The IEEE 802.11p standard uses Orthogonal Frequency Division
Multiplexing (OFDM) to transfer data by dividing the available bandwidth into
several subcarrier frequencies for simultaneous transmission of multiple signals.
52 of the 64 available subcarriers are used for data transmission and pilot sym-
bols. The remaining subcarriers are for guard bands and direct current (DC)
offset. To illustrate this structure, Figure 1 shows the IEEE 802.11p OFDM
frame, indicating pilot and data subcarriers.
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Fig. 1. The IEEE 802.11p frame structure, illustrating the allocation of subcar-
riers for pilot and data transmission.

In this work, we consider a frame structure that consists of two preamble
symbols for signal detection and timing synchronisation, followed by a signal
field that contains transmission parameters. The received signal on subcarrier
[k] at time i can be represented as

Yi[k] = Hi[k]Xi[k] +Ni[k], (1)

where Hi[k], Xi[k] and Ni[k] denote the respective channel response, transmitted
signal, and additive Gaussian noise (AWGN), respectively. Note that in vehicular
channels Hi varies in both the time and frequency domains.

2.2 Well-known Vehicular Channel Estimation Schemes

This section describes some of the main vehicular channel estimation schemes
that have been widely used and studied in the literature. These methods were
selected based on their effectiveness in dynamic environments and their founda-
tional role in the development of more advanced NN-based estimators.

DPA Estimation: The first step of the DPA process, as described by Pan et
al. [12], is to calculate the initial estimate of the frame. This is done by applying
the least squares (LS) estimation to the preamble as shown below:

ĥ0[k] =
y
(p)
1 [k] + y

(p)
2 [k]

2p[k]
, (2)
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where y(p)1 [k] and y
(p)
2 [k] are the known orthogonal preambles received on the

[k] subcarrier and p[k] is the OFDM data symbol transmitted over the k-th
subcarrier. The next OFDM symbols in the frame are equalised using the initial
estimate as the starting point as follows:

yeq
i [k] =

yi[k]

ĥDPA
i−1 [k]

, ĥDPA
0 [k] = ĥ0[k]. (3)

The equalised symbol is demapped and mapped to its closest constellation point
as:

di[k] = R

(
yi[k]

ĥDPA
i−1 [k]

)
, ĥDPA

0 [k] = ĥLS[k], (4)

Finally, the DPA channel is updated:

h̃DPAi [k] =
yi[k]

di[k]
(5)

STA Estimation Scheme: STA uses both spectral (frequency) and temporal
correlations within data symbols to estimate the channel [4]. STA can also be
viewed as a recursive filtering process that combines multiple channel estimates
into a more accurate estimate. The first step is to calculate a channel estimate
in the frequency domain ĥiFD[k] as follows:

ĥiFD[k] =
∑

λ = −ββωλĥ
DPA
i [k + λ], ωλ =

1

2β + 1
, (6)

where 2β + 1 represents the number of subcarriers that are considered. Sub-
sequently, a temporal average is computed to arrive at the final STA channel
estimate, ĥiSTA[k]:

ĥiSTA[k] =

(
1− 1

α

)
ĥi− 1STA[k] +

1

α
ĥFD
i [k], (7)

where α is a smoothing parameter that controls the weight given to current and
previous estimates.

TRFI Estimation Scheme: TRFI leverages the high correlation within OFDM
symbols to improve the accuracy of the channel estimation [5]. The process starts
by creating multiple channel estimates for each symbol using the DPA method.
The received symbol is equalised using the estimates of the current and previous
symbols (ĥDPA

i [k]) and (ĥDPA
i−1 [k]) respectively.

yeq′
i−1[k] =

yi−1[k]

ĥDPA
i [k]

,

yeq′′
i−1[k] =

yi−1[k]

ĥDPA
i−1 [k]

, (8)
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Subsequently, the equalised symbols are remapped to their corresponding con-
stellation points, d′i−1[k] and d′′i−1[k]. TRFI then categorises subcarriers into
reliable and unreliable sets based on a reliability test between the remapped sym-
bols. Subcarriers with consistent remapped symbols, that is, d′i−1[k] = d′′i−1[k],
are considered reliable, while those with discrepancies are classified as unreliable.
TRFI then interpolates channel estimates for unreliable subcarriers by using the
reliable subcarriers as anchor points. This interpolation process effectively fills
in the gaps in channel knowledge, resulting in a more accurate overall channel
estimate. A detailed discussion on the interpolation procedure is given in [4].

2.3 MLP-based Estimators

To enhance the performance of conventional STA and TRFI estimators, Gizzini
et al. [4] introduced MLP-based channel estimation methods. In these methods,
MLP layers are added to the STA and TRFI processes, allowing the model to
learn complex patterns in vehicular channels and thereby improve the accuracy
of the estimation. The methods STA-MLP and TRFI-MLP initially conduct
DPA estimation, proceed with STA or TRFI estimation and subsequently feed
the results into the MLP layers.

2.4 TCN-DPA Estimator

As proposed in [10], the TCN-DPA estimator integrates a Temporal Convolu-
tional Network (TCN) with DPA estimation to enhance channel estimation in
dynamic environments. The TCN processes the received OFDM symbols in the
frequency domain, treating subcarriers as time steps. The extracted features are
then passed to the DPA process, where the previous TCN output, ĥTCN

i−1 [k], is
used to equalise the current received symbol. After equalisation, the symbol is
demapped and remapped to the nearest constellation point to obtain the final
channel estimate, ĥTCN

i [k]. This estimate is updated iteratively using the DPA
process. This approach leverages the ability of the TCN to model long-range
dependencies across subcarriers, making it effective for complex channel condi-
tions.

2.5 LSTM-DPA-TA Estimator

The LSTM-DPA-TA estimator [3] integrates an LSTM network with DPA and
Temporal Averaging (TA) techniques to enhance channel estimation in vehic-
ular environments. In this approach, the LSTM processes the received OFDM
symbols to extract key features, which are then passed into the DPA module.
The resulting channel estimates are further refined using the TA technique. In
the LSTM-DPA-TA method, OFDM symbols are treated as time steps, with
subcarriers considered as features within each time-step sequence. This design
enables the model to effectively capture frequency dependencies and improve the
accuracy of channel estimation under dynamic conditions.
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2.6 CNN-Transformer

The CNN-Transformer is a recently proposed hybrid architecture for vehicular
channel estimation in [11]. This approach combines the strengths of CNNs and
Transformer networks to analyse vehicular channel data comprehensively. The
channel data can be represented in both the time and frequency domains. The
frequency domain represents the subcarriers of the OFDM symbols, while the
time domain represents the sequence of OFDM symbols transmitted over time.
Each OFDM symbol is transmitted across multiple subcarriers. The frequency
domain captures the spatial characteristics of the channel across OFDM subcar-
riers, while the time domain reflects the temporal dynamics as OFDM symbols
are transmitted sequentially. In this CNN-Transformer architecture, subcarri-
ers are treated as the ‘time steps’. The architecture leverages CNNs to extract
local features from subcarriers and uses Transformer layers to capture global
dependencies across the frequency domain. The CNN component applies 1D
convolutions to capture local patterns, while the Transformer component uses
self-attention mechanisms to analyse patterns between subcarriers globally.

3 Methodology

This section outlines the methodological framework used in this study. We start
with a detailed description of the datasets used for training and evaluation,
specifically focussing on two approaches: the mixed SNR dataset and the high
SNR dataset. Following this, we discuss the data preprocessing steps applied to
transform complex received symbols into a format suitable for input into NNs.

3.1 Data Preparation

We simulate vehicle-to-vehicle communication following the ‘Vehicle-To-Vehicle
Expressway Same Direction with Wall’ (VTV-SDWW) channel model [7]. Our
simulation specifically modelled vehicles moving at 100 km/h, with a Doppler
shift of 550 Hz. We used 16QAM (16-Quadrature Amplitude Modulation) modu-
lation for data transmission in this urban environment scenario. This modulation
scheme encodes the data by varying the amplitude and phase of the carrier sig-
nal.

Mixed SNR Dataset The mixed SNR dataset represents a wide range of noise
introduced on the VTV-SDWW channel. For this dataset, we simulate 18,000
time-specific frames with SNR values ranging from 0 to 40 dB in increments of
5 dB. Each SNR level includes 2,000 frames, with 50 OFDM symbols spread
across 52 active subcarriers (48 data and 4 pilot subcarriers). During training,
each model is exposed to the entire range of SNR levels. The validation set is
created by reserving 25% of this training data to monitor the performance of
the model during training. An independent test set consisting of 2,000 frames
is generated separately from the training sets. This test set includes frames at
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SNR levels of 0, 5, 10, 15, 20, 25, 30, 35, and 40 dB, ensuring that the evaluation
correctly reflects the performance across different SNR conditions. The same test
set is used to test all the models regardless of how they are trained.

High SNR Dataset The high SNR dataset focusses on a fixed SNR level,
representing less noisy or nearly ideal channel conditions, as opposed to the
mixed SNR dataset. This dataset is used to train models with the assumption
that training NNs in an environment with a clearly defined channel can lead to
better generalisation even in noisy environments [3–5, 12]. In this work, the high
SNR dataset consists of 18,000 time-specific frames, all generated at a 40 dB
SNR level, with the same frame structure as the mixed SNR data. As before,
25% of the training data is set aside for validation.

Data preprocessing To preprocess the data for NN models, we transform
the complex 16QAM symbols received across subcarriers and time slots into a
real-valued format. Each received symbol consists of both real and imaginary
components. The following steps are performed to prepare the data:

1. Separate Real and Imaginary Components: Decompose each complex
16QAM symbol into its real and imaginary parts. Handle the data as two
separate real-valued matrices instead of a single complex-valued matrix. For
a given OFDM symbol, where y[k] = r[k] + j · i[k] represents the received
complex value at subcarrier k, extract r[k] as the real part and i[k] as the
imaginary part.

2. Interleave Components: After separation, interleave the real and imagi-
nary components. This means arranging the real and imaginary parts in an
alternating sequence across the time slots. By interleaving, a unified struc-
ture that preserves the relationship between the real and imaginary parts
within the input data is created.

3. Form the Input Matrix: Structure the interleaved data into a matrix with
dimensions 52× 100, where 52 represents the number of subcarriers and 100
represents the sequence of interleaved real and imaginary components across
the time slots. This transformation enables the NN to process the complex-
valued input as a series of real-valued inputs.

4. Prepare Input Data for NN models: The resulting matrix is now a
real-valued representation of the original complex data, ready for input into
NN models.

The transformed input matrix described above is visually represented in Fig-
ure 2. Each block in the figure represents the interleaved real and imaginary
components of the received 16QAM symbols for a particular subcarrier across
the OFDM symbols. The kernel size of 3 shown in the figure indicates the width
of the sliding window used by the CNN during the convolution process across
the subcarriers.
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Fig. 2. Transformed IEEE 802.11p frame structure used as input to deep learn-
ing models, composed of 100 interleaved complex symbols and 52 subcarriers.

3.2 Hyperparameter Optimisation

We reimplement most of the NN-based estimators discussed in the previous
sections to ensure compatibility with our experimental setup and to be able
to optimise each individually for the specific datasets used. Specifically, the
CNN-Transformer, TCN-DPA, STA-MLP, and TRFI-MLP models were reim-
plemented from scratch. The LSTM-DPA-TA model is implemented using exist-
ing code available online. To verify the accuracy of our reimplementations, we
compare the performance of our implementations against the benchmark results
reported in the original studies, ensuring that they perform as expected.

The final architecture of each model is determined through a hyperparam-
eter tuning process, to identify the optimal configurations for each model. We
optimise the hyperparameters of all models in both datasets using Optuna, a
Bayesian optimisation framework that efficiently searches the hyperparameter
space using a tree-structured Parzen estimator (TPE) [1]. This method sys-
tematically explores different hyperparameter configurations while conserving
computational resources by early termination of underperforming trials.

For each model, we conduct multiple trials with different random seeds to
ensure that results are not biased by a particular initialisation. Specifically, we
conduct 50 trials per model, each with 3 seeds, allowing us to assess the ro-
bustness of the selected hyperparameters. The search space for each model was
designed to cover a wide range of potential configurations. The key hyperpa-
rameters include the learning rate, the number of layers, the layer size (kernel
size, number of attention heads, or layer width, depending on model), the learn-
ing rate scheduler parameters, and hyperparameters controlling regularisation
through dropout. During the optimisation process, we monitor the convergence
of validation loss. Early stopping is employed to prevent overfitting, stopping
training when the validation loss ceases to improve for a predefined number of
epochs.

Table 1 provides a summary of the best hyperparameters obtained for each
model across the datasets. In addition to the parameters in the table, batch
normalisation is applied to enhance model generalisation. The Adam optimiser
and a batch size of 128 was used for TCN-DPA, LSTM-DPA-TA, STA-MLP and
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TRFI-MLP. For the CNN-Transformer model, we use the AdamW optimiser and
manually set the batch size to 16.

Table 1. Optimised hyperparameters for CNN-Transformer, TCN-DPA, STA-
MLP, TRFI-MLP, and LSTM-DPA-TA on the mixed SNR and high SNR
datasets.

Hyperparameter Search Space Mixed SNR 40 dB
CNN-Transformer
Learning rate [1e-5 to 1e-2] 0.001 0.001
Transformer layers [1 to 4] 2 4
Number of attention heads [1 to 4] 2 4
Hidden dimension [64 to 128] 128 128
Dropout rate [0.001 to 0.3] 0.1 0.25
Number of epochs [50 to 200] 110 200
Number of CNN layers [1 to 5] 2 4
CNN kernel size [2 to 5] 3 3
TCN-DPA
Learning rate [1e-5 to 1e-2] 0.0006 0.003
Number of Layers [1 to 5] 4 4
Kernel Size [2 to 5] 2 2
Dropout [10−5 to 0.5] 0.17 0.01
StepLR Step Size [10 to 50] 21 17
StepLR Gamma [0.5 to 1] 0.9 0.8
Epochs [0 to 200] 156 100
STA-MLP
Learning rate [1e-5 to 1e-2] 0.001 0.001
Number of layers [1 to 5] 2 3
Size of hidden layer 0 [5 to 30] 29 15
Size of hidden layer 1 [5 to 30] 27 15
Size of hidden layer 2 [5 to 30] N/A 15
Total training epochs [50 to 500] 133 300
TRFI-MLP
Learning rate [1e-5 to 1e-2] 0.0004 0.001
Number of layers [1 to 5] 3 3
Size of hidden layer 0 [5 to 30] 23 15
Size of hidden layer 1 [5 to 30] 29 15
Size of hidden layer 2 [5 to 30] 21 15
Total training epochs [50 to 500] 130 160
LSTM-DPA-TA
Learning rate [1e-5 to 1e-1] 0.004 0.01
LSTM size [64 to 128] 128 128
StepLR step size [1 to 50] 35 10
StepLR step gamma [0.1 to 1] 0.7 0.8
Training epochs [50 to 500] 160 500
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4 Results

This section evaluates the performance of channel estimators using BER as the
primary metric. We compare the effectiveness of two training approaches: one
using a mixed SNR dataset and the other using a high SNR dataset. The eval-
uated architectures are CNN-Transformer, TCN-DPA, STA-MLP, TRFI-MLP,
and LSTM-DPA-TA.

4.1 BER

BER is a crucial performance measure in digital communication. It compares
transmitted and received bit sequences to assess system reliability. In channel
estimation, a lower BER means more accurate signal reconstruction and fewer
errors in decoded data. The following analysis details the BER performance of
each model at different levels of SNR, providing a direct comparison between
the two training approaches.

Figure 3 presents the BER performance of the channel estimators trained
using a high SNR dataset (40 dB) and a mixed SNR dataset, respectively. The
ideal curve, represented by the dotted black line in these figures, represents the
best possible performance in channel estimation, where the received signal is
assumed to be perfectly equalised without any channel estimation errors. This
curve serves as a theoretical lower bound for the BER, showing the performance
in a scenario where only additive white Gaussian noise (AWGN) is present and
the channel effects are perfectly compensated for. The closer the BER of a model
is to the ideal curve, the better its performance in accurately estimating the
channel and mitigating the effects of noise. LS serves as the lower performance
baseline.

In Figure 3a, we observe several key trends across models trained on an high
SNR dataset: In the low SNR range (0-10 dB), the STA-MLP and the LSTM-
DPA-TA models perform relatively well, maintaining a lower BER compared
to other models. As we move into the mid SNR range (15-25 dB), the CNN-
Transformer and DPA-TCN models show an improvement, particularly from 15
dB onwards, with performance becoming more pronounced from 20 dB. This
improvement at high SNR highlights that these models have effectively adapted
to high SNR conditions. The TRFI-MLP model also improves in this range,
although it lags behind the CNN-Transformer and DPA-TCN models, indicating
some limitations in its ability to adapt to low SNR conditions. In the high SNR
range (30-40 dB), the CNN-Transformer and DPA-TCN models continue to show
further significant reductions in BER. The LSTM-DPA-TA model continues to
outperform other models across all SNR levels, showing its effectiveness in less
noisy conditions. In contrast, STA-MLP shows limited improvement beyond 20
dB, indicating that it struggles to capitalise on the reduced noise at higher SNR
levels.

In the mixed SNR training scenario depicted in Figure 3b, we observe that
CNN-Transformer and DPA-TCN models exhibit excellent performance across
the entire SNR range with CNN-Transformer outperforming all models. The
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(a) High SNR training dataset

(b) Mixed SNR training dataset

Fig. 3. Comparison of BER performance for various channel estimators trained
on high SNR and mixed SNR datasets.

LSTM-DPA-TA and STA-MLP models perform well at lower SNR levels (0 to 15
dB) but show reduced performance as the SNR increases, indicating diminished
capabilities in high SNR conditions when trained on mixed SNR data. We can
also observe the improved performance of the TRFI-MLP estimator across the
entire SNR range tested compared to its performance when trained on the high
SNR dataset. The unsatisfactory performance by LSTM-DPA-TA and STA-MLP
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indicates that while these models can handle varying noise conditions, they may
not leverage mixed SNR training as effectively as TRFI-MLP, CNN-Transformer
and DPA-TCN.

Models trained on mixed SNR data exhibit lower BER even in low-SNR
scenarios, compared to those trained on high SNR data. Mixed SNR training
appears to be beneficial for models such as TRFI-MLP, TCN-DPA, and CNN-
Transformer, which show a significant improvement in low SNR conditions than
when trained on high SNR. In contrast, the LSTM-DPA-TA and STA-MLP
models demonstrate better performance when trained on a high SNR dataset,
suggesting that these models make use of the better channel statistics available
at high SNR. This is analysed in more detail below.

4.2 Difference in BER Between Models Trained on Mixed SNR and
High SNR Datasets

Figure 4 illustrates the difference in BER between models trained on high SNR
datasets and those trained on a mixed SNR dataset. The graph clearly shows
how the training dataset influences the performance of various models across
different SNR ranges. In the low SNR range (0-10 dB), the CNN-Transformer
and TCN-DPA models exhibit the highest positive delta, peaking around 10
dB. This indicates a substantial improvement in performance when these mod-
els are trained on a mixed SNR dataset compared to a high SNR dataset. A
positive delta suggests that mixed SNR training better equips these models to
generalise in low SNR conditions. TRFI-MLP also shows a noticeable positive
delta, although less pronounced, indicating that mixed SNR training offers some
advantages in low SNR environments. In contrast, the LSTM-DPA-TA and STA-
MLP models display a slightly negative delta across this range, implying that
training on high SNR datasets offers a marginal performance advantage in these
specific models.

As the SNR increases (15-25 dB), the positive delta values for the CNN-
Transformer and TCN-DPA models start to decrease but remain positive, par-
ticularly around 15 dB. This indicates that while the benefits of mixed SNR
training diminish slightly, these models still gain performance advantages in this
SNR range. TRFI-MLP continues to maintain positive delta values, demonstrat-
ing that mixed SNR training consistently improves its performance at varying
SNR levels. Meanwhile, the LSTM-DPA-TA model continues to show a negative
delta, particularly at the higher end of the mid-SNR range, around 20-25 dB.
Similarly, the STA-MLP model exhibits a slight negative delta in this range.

In the high SNR range (30-40 dB), the delta values for most models, in-
cluding the CNN-Transformer, TCN-DPA, and TRFI-MLP, approach zero. This
suggests that as the SNR increases and the impact of noise decreases, the perfor-
mance difference between models trained on high SNR and mixed SNR datasets
becomes negligible.
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Fig. 4. Difference in BER between models trained on mixed SNR and high SNR
datasets.

5 Conclusion

This study investigated the effectiveness of training NN-based channel estimators
using mixed SNR datasets compared to high SNR datasets. Our results demon-
strate that training with mixed SNR data significantly improves the generalisa-
tion of various estimators, especially in low SNR conditions. In particular, models
such as the CNN-Transformer, DPA-TCN and TRFI-MLP exhibited substantial
improvements in BER across the entire SNR range when trained on mixed SNR
data compared to when trained on high SNR. Among the models tested, the
CNN-Transformer, when trained on mixed SNR data, outperformed other es-
timators, including the current state-of-the-art LSTM-DPA-TA. However, it is
important to note that some models, such as LSTM-DPA-TA and STA-MLP,
showed reduced performance when trained on mixed SNR data. Mixed SNR
training improves performance and generalisation across SNR levels for some
models. The exact reason why only certain models benefit remains unclear and
requires further investigation.

These results indicate the importance of considering the SNR range as an
important hyperparameter during training, rather than following the current
practice of using only high SNR training data. The channel model used in this
study is an example where the impact of mobility on the channel is more sig-
nificant compared to other channels with lower mobility. As a result, the tested
models should be able to generalise well to those channels. This will be verified
in future research that will investigate the impact of mixed SNR training on
other vehicular channel models.

Acknowledgements The authors are grateful to NITheCS and the Telkom
CoE at NWU for their support of this research.
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Abstract—Channel estimation in vehicular communication is a
crucial element in the advancement of intelligent transportation
systems. However, the use of pilot signals in the IEEE 802.11p
standard is insufficient for accurate channel estimation in high-
mobility scenarios. Data pilot-aided (DPA) estimation helps
address this, but suffers from demapping errors. We propose
a simplified Temporal Convolutional Network-based estimator
(DPA-TCN) trained on a mixed signal-to-noise ratio dataset
to improve estimation performance and reduce computational
complexity. Our DPA-TCN estimator achieves a bit error rate
comparable to a state-of-the-art long-short-term memory net-
work with DPA and temporal averaging (LSTM-DPA-TA) while
reducing the complexity of the model by approximately 65%.

Index Terms—channel estimation, deep learning, IEEE
802.11p, TCN, vehicle-to-vehicle, wireless communications

I. INTRODUCTION

In intelligent transportation systems (ITS), ensuring reliable
and efficient vehicular communication is crucial for enhancing
overall transportation safety and performance. Accurate and
timely data transmission between vehicles and infrastructure
is heavily dependent on precise channel estimation. However,
this task is challenging due to the dynamic nature of vehic-
ular channels. The channel in these networks is considered
doubly selective, indicating that the channels vary in time
and frequency. These variations are caused by two main fac-
tors: multipath propagation, where signals reflect off various
surfaces, and the high mobility of vehicles, leading to rapid
changes in the communication environment. Together, these
factors complicate the process of accurate channel estimation,
making it a significant challenge in the development of ITS.
The IEEE 802.11p standard [1], approved and specified for
vehicular communication to support ITS, faces limitations in
scenarios that have high mobility. Specifically, the number
of pilot subcarriers allocated in this standard tends to be
insufficient, and relying solely on these pilots has proven to
be less effective [2].

Increasing the number of pilots for transmission reduces
spectral efficiency [3]. To address the problem of insufficient
pilots, a method known as data pilot-aided (DPA) estimation
is commonly used [4]. This technique involves using data

subcarriers for channel estimation. However, the presence of
noise and multipath effects causes demapping errors which
make it difficult to obtain accurate data pilots using only DPA
as an estimation method [5].

In recent years, researchers have suggested using estimators
that use deep learning (DL) to capture important features in
vehicular channels [2], [3], [6], [7]. These estimators are based
on the DPA method. Among these DL estimators, LSTM-
DPA-TA [8] is one of the state-of-the-art (SOTA) in terms of
bit error rate (BER) performance. However, the computational
complexity of this estimator restricts the adaptation of this
estimator in real-world applications.

In this work, we propose a simplified Temporal Convolu-
tional Network (TCN) estimator that takes DPA estimation
as input for the estimation of vehicular channels. Our aim
is to address both the computational and BER performance
challenges in vehicular channels by leveraging the TCN’s
parallel nature and one-dimensional convolutional operations.
Furthermore, we train the TCN estimator on a mixed SNR
dataset that incorporates various channel variations based on
results from [9], rather than using a dataset generated solely
at high SNR as in previous studies [2], [3], [6], [8], [10].
The DPA process solves the insufficient pilot problem, while
the TCN uses the DPA estimates to accurately estimate the
channel state. We evaluate our proposed DPA-TCN estimator
on a realistic vehicle-to-vehicle same direction with wall
(VTV-SDWW) tapped delay line (TDL) vehicular channel
model specified in [11]. Performance assessment is based on
BER, Normalised Mean Square Error (NMSE) and complexity
metrics.

II. SYSTEM MODEL

This section provides an introduction to the IEEE 802.11p
standard specification and discusses various channel estimation
techniques following [12]. We will cover the widely used
least squares (LS) method, which is considered a baseline in
our work. Furthermore, we will dive into the DPA method,
commonly utilised for initial channel estimation in various
estimators, to highlight the importance of DL post-processing.



Lastly, we will compare the performance of these methods
with the SOTA, LSTM-DPA-TA.

The IEEE 802.11p standard operates in the frequency band
ranging from 5.0 GHz to 5.9 GHz, utilising a 10 MHz
bandwidth [11]. It employs Orthogonal Frequency Division
Multiplexing (OFDM) with 64 subcarriers for data transmis-
sion. Of these 64 subcarriers, 52 are used for data and pilots,
while the remaining 12 at indices {−32,. . . ,−27,0,27,. . . ,31}
serve as guard bands and DC offsets. Specifically, four pilot
subcarriers are located at indices {−21,−7, 7, 21}, with the
remaining 48 subcarriers designated for data transmission.

The IEEE 802.11p frame structure includes a preamble for
signal detection, timing synchronisation, and channel estima-
tion, followed by a signal field for transmission parameters.
This work assumes perfect synchronisation and considers a
frame structure with two extended preambles at the start,
followed by I OFDM data symbols.

Given this structure, the signal received on the subcarrier
[k] at time i can be expressed as

Yi[k] = Hi[k]Xi[k] +Ni[k], (1)

where Xi[k], Hi[k] and Ni[k] are the transmitted symbol, the
channel frequency response and the Gaussian noise, respec-
tively.

In this work, we investigate the VTV-SDWW vehicular
channel model [11]. This model simulates communication
between two vehicles moving in the same direction, separated
by a central wall, at a distance of 300-400 metres. In this
scenario, vehicles travel at 100 km/h with a Doppler shift of
fd = 550 Hz, using 16QAM modulation.

A. Least Squares (LS) Estimation

The LS estimation approach is a basic method commonly
used in wireless communications. The LS approach uses two
adjacent received symbols, as shown below:

ĤLS[k] =
Y

(p)
1 [k] + Y

(p)
2 [k]

2p[k]
, (2)

where p[k] is the known preamble, Y (p)
1 [k] and Y (p)

2 [k] are
the preambles received in the [k] subcarrier.

B. DPA

DPA addresses the pilot limitation issue in vehicular com-
munications, without altering the IEEE 802.11p standard
frame structure by introducing data pilots. As a result, DPA
is recognised as the primary channel estimation method in
vehicular communications [2]. First, DPA obtains an initial
estimate of the frame using the LS estimate at the preambles
(as shown in (2)).

Then, the equalised symbols Y eq
i [k] are obtained for the

subsequent symbols by using the previous estimate to equalise
the current symbol as follows:

Y eq
i [k] =

Yi[k]

ĤDPA
i−1 [k]

, ĤDPA
0 [k] = ĤLS[k]. (3)

The equalised data symbol yeqi [k] is remapped to the nearest
constellation point di[k] using the remapping operation R (·)

di[k] = R

(
Yi[k]

ĤDPA
i−1 [k]

)
, ĤDPA

0 [k] = ĤLS[k], (4)

The DPA channel estimate is then updated as follows:

ĤDPA
i [k] =

Yi[k]

di[k]
. (5)

C. LSTM-DPA-TA

The LSTM in this estimator uses the received OFDM
symbol as input, performs the DPA process on the LSTM
output, and then applies a time-average filter. The LSTM-
DPA-TA method was developed in [8] and was evaluated on
several channels, including the VTV-SDWW channel used in
this work. We are using the LSTM-DPA-TA estimator for
comparison purposes with our proposed DPA-TCN estimator.

III. PROPOSED DPA-TCN ESTIMATOR

This section outlines the architecture of the DPA-TCN
estimator proposed in this work.

A. Temporal Convolutional Networks (TCNs)

TCNs are designed to handle sequential data by leveraging
techniques from Convolutional Neural Networks (CNNs), as
introduced by LeCun [13]. TCNs use causal and dilated con-
volutions along with residual connections to capture sequential
dependencies. This is done to capture temporal dependencies
within the input data using one-dimensional kernels.

Fig. 1: TCN Residual block where 100 are the interleaved real
and imaginary parts considered as features and 52 are complex
active subcarriers which are considered as timesteps [14]

The goal is to predict the outputs z0, . . . , zT based on
the input sequence x0, . . . , xT . To predict zt at time t, only
the inputs x0, . . . , xt are used. To keep the input and output
dimensions consistent, TCNs apply padding of length (kernel



size - 1) at the start of the frame or the input sequence.
Causal convolutions avoid future leakage by only convolving
an output at time t with elements from time t or earlier. An
optional residual connection allows the input to be added to
the output if the output has dimensions different from the
input [14].

Furthermore, the residual block typically includes dilated
causal convolution layers, nonlinearity layers, and dropout
layers after each convolutional layer to effectively prevent
overfitting and enhance the model’s generalisation capabilities.

B. Dataset Generation

The dataset for training the proposed DPA-TCN comprises
18,000 time specific frames with SNR levels ranging from
0 dB to 40 dB in 5 dB steps. We generate 2,000 frames
at each SNR level, each containing transmitted and received
versions of 50 OFDM symbols. Each OFDM symbol has
complex values for 52 active subcarriers (48 data and 4 pilot
subcarriers). The 16QAM symbols received are separated and
interleaved per subcarrier and time slot, resulting in an input
matrix of real values with dimensions 52×100, and an output
matrix (excluding pilot signals) of 48 × 100. These samples
are batched for processing.

The dataset for training the LSTM-DPA-TA and TCN-DPA
estimator is generated as above at a fixed SNR of 40dB.

For all the estimator models, 12,000 frames are used for
training, 4,000 frames for validation, and an independent set
of 2,000 frames for testing.

Note that in this work, we treat subcarriers as time steps.
The input of the TCN is a 3D tensor of shape (N,C, T ), where
N is the batch size, C is the number of features (100 features)
and T is the number of time steps (52 subcarriers). For a batch
size of 128, the input tensor shape is (128, 100, 52). A one-
dimensional kernel size of 2 processes two consecutive time
steps across the input sequence.

C. TCN estimator

This section describes the proposed DPA-TCN estimator
where the input is a DPA-estimated frame ĤDPA

i [k] which con-
sists of ĤD

i (estimated data subcarriers) and ĤP
i (estimated

pilot subcarriers) obtained following (2) to (5).
The proposed DPA-TCN estimator is shown in Fig. 2. The

final channel estimate ĤTCN
i [k] is updated based on (6):

ĤTCN
i [k] = fTCN(Ĥ

D
i−1, Ĥ

P
i−1.W ), (6)

Here, fTCN is a TCN function that processes the input
estimates ĤD

i−1 and ĤP
i−1 to produce the refined channel

estimate ĤTCN
i [k]. The function fTCN is parameterised by the

weight matrix W , which includes the learnable filters and
biases of the TCN’s convolutional layers. These weights are
optimised during training to minimise the estimation error.

In Fig. 2, the LS block initialises the channel estimation
using the preamble, producing ĤLS[k]. The DPA block iter-
atively refines the estimation by utilising both the received
signal yi[k] and the prior channel estimate ĤDPA

i [k], resulting
in ĤDPA

i [k]. The final TCN block further refines the estimate

Fig. 2: DPA-TCN estimator process

to obtain the final channel estimate ĤTCN
i [k]. Arrows indicate

the flow of data and the iterative feedback loop within the
DPA block.

1) Hyperparameter Tuning: We use Bayesian optimisation
(BO) to find the best hyperparameter combination for model
performance. BO is an iterative algorithm that uses a proba-
bilistic model, commonly a Gaussian process, to approximate
an unknown objective function. For the TCN estimator, we
optimise the learning rate, number of layers, the size of the
kernel, the dropout, and the StepLR parameters (step size and
gamma) using Weights & Biases (WandB)1 and Optuna [15],
a BO-backed hyperparameter tuning tool. The results of the
experiment are recorded and tracked by WandB.

We conduct 50 trials, each running for 200 epochs, to com-
prehensively explore the hyperparameter space and observe the
effects of hyperparameter changes. Convergence is determined
using the validation loss. The hyperparameter search space and
the best combination are shown in Table I.

TABLE I: Best TCN Hyperparameters

Hyperparameter Search Space Best Value

Learning Rate 1× 10−5 to 1× 10−2 0.0006

Number of Layers 1 to 5 4

Kernel Size 2 to 5 2

Dropout 10−5 to 0.5 0.17

StepLR Step Size 10 to 50 21

StepLR Gamma 0.5 to 1 0.9

Epochs 0 to 200 156

IV. ANALYSIS AND RESULTS

In this section, the proposed DPA-TCN estimator is com-
pared to other estimators namely the TCN-DPA, LSTM-DPA-
TA, LS, DPA estimators as well as the ideal case with perfect
channel knowledge. Furthermore, we present a comparative
analysis of the computational complexity of these estimators.

Firstly, we perform a hyperparameter search for the LSTM
model in the LSTM-DPA-TA estimator on the dataset gener-
ated at 40 dB using Optuna and WandB, following the same
experimental setup discussed in Section III-C1. The following

1https://wandb.ai/



best parameters are obtained for the LSTM model: a learning
rate of 0.003, LSTM size = 128, StepLR step size = 12 and
StepLR step gamma = 0.9. Then, this LSTM architecture is
combined with DPA and TA as specified in [8] for comparison
with the proposed DPA-TCN estimator.

A. BER

Fig. 3a shows the BER performance of various estimators.
The LS estimator shows very poor performance across all
tested SNRs. A standalone DPA estimator achieves better BER
performance than LS but falls short when compared to NN-
based estimators, especially at SNRs greater than 20 dB. The
TCN-DPA trained at 40 dB achieves average performance at
low SNRs up to 15 dB, and an exponential improvement from
20 dB to 40 dB. This improved performance in high SNR
environments but not in low SNRs indicates the TCN’s ability
to excel in the conditions in which it is trained, but less so
elsewhere.

Our proposed DPA-TCN estimator, trained using a
mixed dataset, demonstrates good performance over a wide
SNR range. Furthermore, our proposed DPA-TCN estimator
achieves an overall BER performance comparable to that of the
LSTM-DPA-TA. At SNR levels of 0 to 10 dB, the performance
of the two estimators is similar. From 15 dB to 33 dB, the BER
using the LSTM-DPA-TA estimator is lower than that when
using the TCN estimator. Beyond 33 dB, the TCN estimator
performs slightly better than the LSTM-DPA-TA.

B. NMSE

The proposed DPA-TCN estimator aims to improve channel
estimation by enhancing DPA processing. As illustrated in
Fig. 3b, the DPA-TCN estimator consistently achieves lower
NMSE values compared to the standalone DPA estimator and
other methods across all SNR ranges investigated. In contrast,
the TCN-DPA trained at 40 dB exhibits performance similar to
the initial DPA estimator at low SNRs (0 to 15 dB) but shows
exponential improvement starting from 20 dB. The LSTM-
DPA-TA estimator outperforms all the models presented with
significantly lower NMSE values which are only approached
by the other presented models at high SNR levels. Our DPA-
TCN outperforms the standalone DPA estimator over most of
the SNR range, approaching LSTM-DPA-TA and TCN-DPA
performance at very high SNR levels.

C. Complexity analysis

This section discusses the computational complexity of the
estimators presented in this work using real-valued operations
as a measure of complexity. Real-valued operations are gen-
erally used to analyse the complexity of channel estimation
methods [2].

LS estimation requires the addition and division of the
received preambles as shown in (2), which is 2XA summations
and 2XA divisions where XA represents the number of active
subcarriers. In this case, XA = 52 subcarriers. From equations
(3) to (5) DPA requires 2 complex value divisions that require

(a) BER performance of various estimators.

(b) NMSE performance of various estimators.

Fig. 3: BER and NMSE simulation results on VTV-SDWW
vehicular channel model.

6 real-valued multiplications, 2 real-valued divisions, 2 real-
valued summations, and one real-valued subtraction totaling
26XA operations.

In [8], the authors provide a detailed analysis of the
computational complexity of the LSTM-DPA-TA estimator.
This analysis includes the real-value operations performed by
each LSTM gate and the TA post-processing method. The
computational complexity for the LSTM-DPA-TA component
is given in [8] as:

LLSTM = 4(L2) + L(4Xin + 3) + 18XD +Xin

+ 13L+ 5Xin + 8XD − 8,
(7)

where the input size Xin = 104, is obtained by stacking
the real and imaginary parts of the complex data along the
subcarrier dimension, XD is the input data subcarrier which
is also obtained by stacking the real and imaginary parts of
the 48 complex data subcarriers, and L represents the unit size
of the LSTM, with L = 128.



The complexity of a TCN residual block depends primar-
ily on its 1D convolutional layers. Our proposed DPA-TCN
has a single residual block and performs a one-dimensional
convolution along the subcarrier domain. The residual block
has 4 layers and uses a kernel size K = 2. Our TCN has
the same input (XI ) and output (XO) sizes, which are equal
to the number of active subcarriers XA = 52. The input data
contains 100 features, which are also fed into the TCN as XF .

Each convolutional layer requires (XI × XF × K) real-
valued multiplications and XO real-valued summations. The
total complexity for 4 layers is calculated as follows:

• Total multiplications:

Nmul = 4× (XA ×K ×XF ) = 8(XAXF ). (8)

• Total summations:

Nsum = 4XA. (9)

Additionally, considering the residual connection, when the
input and output dimensions are different, the multiplications
for the residual connection equal XA×1, and the summations
for the residual connection are XA. Thus, the total real-valued
multiplications and summations of our TCN estimator are:

Nmul,sum = 8XAXF + 6XA. (10)

Equations 8 to 10 quantify the computational complexity of
the TCN estimator in terms of real-valued multiplications
and summations. The total complexity is dominated by the
convolutional operations, which scale linearly with the number
of active subcarriers XA and the number of features XF .

TABLE II: Total computational complexity

Estimator Total complexity

LS 208

DPA 1,560

LSTM-DPA-TA 123,944

DPA-TCN (proposed) 43,472

Table II shows the total complexity of the estimators
compared in this work. The proposed DPA-TCN estimator
has a reduced complexity compared to the LSTM-DPA-TA
estimator by approximately 65%. In other words, the TCN
estimator is around 3 times less complex than the LSTM-
DPA-TA. Its reduced complexity makes it ideal for vehicular
communications that require faster processing.

V. CONCLUSION

In this paper, we proposed a novel DPA-TCN estimator for
channel estimation in vehicular communications, specifically
designed for the VTV-SDWW channel model. By integrating
the advantages of DPA and a TCN, the proposed estimator
effectively addresses the challenges of channel estimation in
high-mobility environments. Simulation results indicate that
our proposed DPA-TCN estimator achieves BER performance

comparable to the current state-of-the-art estimator (LSTM-
DPA-TA) but with significantly reduced computational com-
plexity in comparison. Future work will investigate other
vehicular channel models.
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