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Abstract

This dissertation examines spiking-based neural controllers for sEMG-driven neuroprosthetic
systems, benchmarking five architectures: LSTM, TCN-only, SNN-only, SpikingTCN, and
Hybrid TCN-SNN. Experiments were conducted on the NinaPro DB6 dataset using rate,
latency, and delta encoding schemes, while varying spike simulation steps to analyze the effect
of temporal resolution. Results show that TCN achieved consistently high accuracy (85%),
while SNN-only demonstrated energy-efficient firing rates (5-20%) but limited performance
(62% macro-F1). SpikingTCN offered a biologically plausible compromise, achieving 76.6%
with rate encoding. The Hybrid TCN-SNN consistently delivered the best performance,
reaching 87.8% macro-F1 with delta encoding while reducing spike activity by more than an
order of magnitude compared to SNN-only.

Analysis of firing rates (1-26%) further highlighted the trade-off between accuracy and
efficiency, with Hybrid achieving the most favorable balance. Overall, Hybrid TCN-SNN
emerges as the most practical candidate for real-time, low-power neuroprosthetic systems,
while SpikingTCN demonstrates strong potential as a lightweight and neuromorphic-friendly
alternative for future research.
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Chapter 1

Introduction

1.1 Background and Motivation

In recent years, healthcare and assistive technologies have seen neuroprosthetics emerge
as a revolutionary frontier. Neuroprosthetic systems serve as a direct link between the
human nervous system and external devices, restoring motor functions, facilitating intuitive
human-machine interaction (HCI), and opening up new opportunities in rehabilitation and
wearable assistive systems [3]. These systems usually depend on precisely understanding an
user’s motor intentions because of bioelectrical signals made by the human body.

Among various biosignals, surface electromyography (SEMG) measures the electrical activity
of muscle fibres in response to electrochemical or neurological stimuli, providing quantitative
information on muscle activation, tone, and fatigue, as well as motor unit recruitment and
synchronisation patterns.[4], 5] Among various bio-signals, surface electromyography (sEMG)
is widely adopted across multiple domains due to its high informational value and versatility
14, 6, 7].

Nonetheless, sEMG signals often introduce noise, exhibit high dimensionality, coupled
with substantial variance amid individuals along time [8,[9]. The standard SEMG classification
mechanism (Figure 1.1) characteristically includes extracting features from unprocessed signals.
Subsequently, dimensionality reduction and classification do ensue upon this extraction.
This multi-tiered framework renders the complete system detailed and impedes end-to-end
enhancement, since each tier functions autonomously.
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Figure 1.1: Classical SEMG-based classification pipeline. The raw EMG signals undergo
feature extraction and dimension reduction to generate a meaningful representation, which
is then classified into discrete gesture labels. [1].

To address these limitations, end-to-end deep learning models such as CNNs and RNNs
have recently been widely applied to sEMG analysis. These models take raw or minimally
preprocessed signals as input and perform feature extraction and classification in an integrated
manner, thereby streamlining the pipeline and improving performance as the amount of data
increases.

Established deep learning models such as CNNs, RNNs as well as LSTMs have demonstrated
excellent performance upon processing time-series data. Nevertheless, they expend a significant
amount computationally, utilise wide-ranging quantities of memory, and employ critical
power, which renders them inappropriate for energy-restricted platforms [I} 10, [I1]. Neural
architectures drawing from biology, mediating exactitude, velocity and energetic economy,
have kindled fascination in this divide linking notional skill and practical application [].

From amongst these, Spiking Neural Networks (SNNs) have materialized as an approach
that seems hopeful. The third iteration of neural networks, closely emulating information
processing mechanisms of biological neurons, is regarded as SNNs [12]. SNNs interact
by way of individual electrical impulses, in contrast to typical artificial neural networks
(ANNSs), which handle compact, uninterrupted information during each increment of time.
They function through an event-driven and temporally sparse fashion, which substantially
diminishes power usage while remaining highly congruous to neuroprosthetic hardware platforms
[13, 14, 15].

The Temporal Convolutional Network (TCN) represents another established methodology
in modelling temporal data, augmenting typical sequential neural network architectures.
TCNs employ dilated causal convolutions for the effective capture of long-range temporal
dependencies. This methodology furnishes parallel training stability and strict temporal
causality since it guarantees that no future information gets utilised for present predictions
[2, 16]. TCNs are therefore especially suitable. These attributes are helpful to instantaneous
applications.

This study puts forward a compound schema that combines the biological efficacy of
SNNs and the time-based modelling proficiencies of TCNs, for the purpose of developing a
novel group of neural controllers apt for sEMG-based neuroprosthetic control. The suggested
model is created for being precise, strong, and energy-sparing, and that renders it virtually
employable inside wearable and edge computing milieus.
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1.2 Aims and Objectives

sEMG signals offer a reliable interface for interpreting motor intentions, though their irregular
and high-dimensional nature presents modeling challenges. However, the high-dimensional
and irregular nature of SEMG signals presents significant challenges to model development,
particularly when aiming to achieve both energy efficiency and real-time responsiveness.
While deep learning models such as Convolutional Neural Networks (CNNs), Recurrent
Neural Networks (RNNs), and Long Short-Term Memory networks (LSTMs) have demonstrated
high classification accuracy, their computational complexity and power consumption restrict
their practicality in wearable and embedded environments.

To address these challenges, this research proposes a novel hybrid architecture that
combines the advantages of Temporal Convolutional Networks (T'CNs) and Spiking Neural
Networks (SNNs). The proposed TCN-SNN model is designed to perform temporally precise
and energy-efficient hand gesture recognition from sEMG signals. The primary objective of
this study is to evaluate the effectiveness and efficiency of the proposed hybrid approach and to
compare its performance against alternative model architectures across multiple dimensions.

1.2.1 Experimental Setup

For a fair and thorough evaluation, this study considers five model configurations. To
benchmark sequential classification performance, a conventional RNN based on LSTM is
employed. To examine energy-efficient inference under sparse firing conditions, a pure Spiking
Neural Network (SNN-only) is introduced. In contrast, a Temporal Convolutional Network
(TCN-only) is evaluated for its ability to capture long-range temporal dependencies. The
proposed Hybrid TCN-SNN model combines TCN-based feature extraction with SNN firing-rate
fusion, with the aim of achieving a balance between accuracy and efficiency.

Finally, the SpikingTCN model, which embeds Leaky Integrate-and-Fire (LIF) neurons
directly within convolutional blocks and applies temporal average pooling, is explored as a
biologically plausible alternative.

1.2.2 Research Objectives

The primary objective of this study is to investigate the trade-offs among energy consumption,
predictive accuracy, and temporal expressiveness in SEMG-based gesture recognition.

Specifically, the research compares LSTM, TCN, SNN, SpikingTCN, and Hybrid TCN-SNN
architectures, highlighting both their strengths and limitations alongside classification accuracy.
Another aim is to analyse the impact of different spike encoding methods including rate, delta,
and latency on classification outcomes as well as spiking activity. Computational efficiency is
assessed by quantifying spike counts, which serve as a practical proxy for energy consumption.

Finally, the study examines how hybrid and spiking-based architectures perform in real-time
control scenarios, thereby illustrating the fundamental balance between accuracy and energy
efficiency in neuroprosthetic applications.



Chapter 2

Literature Survey

2.1 Neuroprosthetic Systems and sEMG-Based Control

In this section, we explore the basic ideas of neuroprosthetic systems as well as current
advancements, especially focusing on how surface electromyography (SEMG) facilitates the

effective control of these technologies.

2.1.1 Components of Neuroprosthetic Systems

A neuroprosthetic system creates a bidirectional interface from the human nervous system
to external assistive devices because it restores or improves motor functions lost due to
neurological damage or musculoskeletal disorders [17, [I8]. These systems can decode neural
signals in real-time as well as reflect the user’s intentions [19] 20]. In this respect, they can
be distingushed from simple mechanical assistive devices.

Bioelectrical signals such as sSEMG, EEG, and ECoG are acquired from the user’s muscle
activity and then preprocessed to remove noise and normalise the data. In the subsequent
feature extraction/encoding stage, time domain, frequency domain and time-frequency domain
methods are applied, or alternatively, deep learning-based encoding can be used using minimally
preprocessed signals. The pattern recognition/controller module then classifies the user’s
intent or generates continuous control commands. Finally, the actuation system converts
these commands into physical movements. Neuroprosthetic Systems, as shown in Figure 2.1,
are composed of several components, each of which will be examined in detail.
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Figure 2.1: General signal flow in a neuroprosthetic system. Bioelectrical signals (e.g.,
sEMG/EEG/ECoG) are acquired, preprocessed (notch/band-pass filtering, normalisation,
segmentation), and passed to a feature extraction/encoding module (time, frequency,
time—frequency, or raw-to-DL). A pattern recognition/controller module produces control
commands that are converted into physical movements by the actuation stage.

Signal Acquisition Module

The Signal Acquisition Module functions as a mechanism because it documents bioelectrical
signals which reflect the user’s motor intentions. There exists a range of sensor types.
Surface electromyography (SEMG) electrodes [9], electroencephalography (EEG), together
with electrocorticography (ECoG) constitute the sensors principally utilised in this stage.

Preprocessing Unit

Preprocessing is defined as the process of noise reduction and baseline normalisation to
prepare signals for learning. Numerous studies have shown that whenever preprocessing
is of a high quality, feature extraction as well as classification are significantly more accurate
[9, 21].

Feature Extraction / Encoding Module

This stage entails the rapid abstraction and structured representation of information from
preprocessed signals to facilitate motion classification. The established methodology integrates
time-domain features (RMS, MAV, ZC, SSC), frequency-domain features (mean/median
frequency), and time—frequency-domain features (Wavelet, STFT), followed by dimensionality
reduction prior to classifier input [21, 22]. This approach offers high interpretability and
relatively low computational cost, making it well suited for deployment in embedded environments.
In contrast, deep learning—based methods autonomously learn hierarchical feature representations
by processing raw or minimally preprocessed signals. Architectures such as CNNs, TCNs,
and Transformers have demonstrated sustained performance improvements over conventional
feature-based approaches through the use of this paradigm [23, 24].

Pattern Recognition / Neural Controller

In this stage, the derived features are utilised to generate continuous control signals or to
classify the user’s intent. Conventional classifiers such as SVM, LDA, and k-NN possess low
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computational complexity, making them suitable for embedded environments where real-time
performance and energy efficiency are critical, although they remain limited in modelling
complex temporal dependencies [22]. In contrast, deep learning—based approaches such as
CNNs, RNNs, LSTMs, and TCNs are capable of effectively learning nonlinear patterns as
well as long-term temporal dependencies. From a practical perspective, controllers must
balance inference latency comprising both model execution against classification accuracy,
energy constraints, and memory budgets [2].

Actuation System

The actuation system converts predicted control commands into physical movements and
can be implemented in various forms, including robotic hands, prosthetic arms and legs,
exoskeletons, and wheelchairs. The responsiveness and stability of the controller are directly
influenced by friction, backlash, and the dynamic characteristics of actuation mechanisms
such as motors, gear reducers, and hydraulic systems. Recent research has aimed to enhance
user operability and system stability through closed-loop control, integrating tactile, force,
and positional feedback. Furthermore, several clinical studies have reported sensory feedback
using epidural electrical stimulation (EES) or peripheral nerve stimulation [19, 20]. However,
due to constraints in cost, complexity, and portability [L7], commercial wearable devices often
implement only limited feedback capabilities.

2.1.2 Physiological Basis of sEMG

Surface electromyography (SEMG) is a technique that is used to measure the electrical activity
within skeletal muscles when they are contracting voluntarily or involuntarily. o-motor
neurons fire so as to generate motor unit action potentials (MUAPs), representing this
electrical activity. The action potentials that result will then propagate along within muscle
fibres [9], 25]. Factors such as the number of active motor units and their firing rates, in
addition to the relative position between the electrodes and the muscle fibres do influence
the recorded signal [7]. sEMG is non-intrusive, provides a high temporal resolution on
the millisecond scale, and gives little discomfort to the user. Its suitability to repeated
measurements and wearable applications [2I] arises because it requires relatively simple
instrumentation.

One key advantage for sSEMG is its predictive capability. This proves particularly useful
in neuroprosthetic control. sSEMG signals can occur from 50 to 150 ms before visible muscle
contraction begins, so motor intentions are decoded prior to actual movement [26], 27, 2§].
This property reduces perceived latency advantageously and improves responsiveness when
controlling real-time neuroprosthetics.

Nonetheless, various sources of variability as well as noise intrinsically affect sSEMG signals.
Sweat, as well as skin moisture, in addition to electrode displacement changes electrode—skin
impedance, and inter-individual anatomical differences along with muscle fatigue, including
motor unit recruitment patterns, affect physiology, and all of these degrade signal quality
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[9, 29, 30]. Due to these factors, stable decoding is challenging, so optimised electrode
placement, signal preprocessing, as well as model adaptation strategies are necessary over
time.

2.1.3 Conventional Feature-Based Pipelines vs End-to-End Learning

Customary sEMG-based gesture recognition generally adheres to a multi-stage pipeline, with
each stage concentrating upon extracting meaningful information from raw signals for a
particular task. This pipeline includes the subsequent phases.

Preprocessing elevates signal fidelity as it includes noise attenuation, standardises baselines,
and partitions signals.

Feature Extraction obtains diverse attributes, such as time-domain attributes, including
RMS and MAV. Frequency-domain attributes such as Fourier coefficients get extracted,
coupled with time-frequency domain attributes, for example, wavelet transforms.

Dimensionality reduction employs approaches to diminish the feature space. Principal
Component Analysis (PCA) or Linear Discriminant Analysis (LDA) are instances of techniques
employed in retaining important information.

Categorisation: Typical classifiers like k-Nearest Neighbours (k-NN), Artificial Neural
Networks (ANN), and Support Vector Machines (SVM) are employed to categorise gestures
[31].

This typical conduit construes data nicely as it profits people when datasets are diminutive.
Seeing as each individual stage has the capability for optimisation separately, it is particularly
well suited to efficient real-time applications. However, because each stage operates independently,
end-to-end optimisation is difficult to perform, as it leads to suboptimal performance with
real-time efficiency diminishing.

In contrast to alternative methodologies, Convolutional Neural Networks (CNN), Recurrent
Neural Networks (RNN), and Temporal Convolutional Networks (TCN), which constitute
holistic deep learning strategies, acquire attributes directly from unprocessed or scarcely
manipulated SEMG signals [32]. Such methodologies permit the network to autonomously
ascertain layered characteristic depictions, which obviates any requirement for hand-operated
characteristic derivation. These techniques attain improved exactitude compared with typical
ones. Nevertheless, these methodologies require substantially greater computational power
and memory, which could restrict low-power and real-time neuroprosthetic applications [11],
33].

Recent investigations have demonstrated that deep learning models, specifically TCNs,
exhibit superior performance when set against typical feature-based methods regarding classification
precision. TCNs employ dilated convolutions for modelling long-term temporal dependencies,
thus affording them a distinctive advantage. Consequently, they are apt at sequence data
processing like SEMG [2]. Nonetheless, employing such models may prove arduous within
embedded systems or real-time applications because they remain computationally demanding.
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2.1.4 Public sEMG Datasets

The development and evaluation of sEMG-based neuroprosthetic systems depend heavily
on high-quality datasets for effective machine learning model training and testing. Publicly
available SEMG datasets have become essential resources, enabling the creation of accurate
and generalisable models for decoding motor intentions from surface electromyography (SEMG)
signals.

NinaPro Dataset

The NinaPro dataset is a key resource for sEMG-based gesture recognition, providing extensive
recordings of diverse hand and finger movements. Its large participant pool and wide range
of gestures offer high variability, which is critical for developing robust and generalisable
models. NinaPro is widely used as a benchmark for both traditional feature-based and deep
learning-based gesture classification methods [34], 35].

PhysioNet Dataset

PhysioNet is an open-access archive containing well-characterised digital recordings of physiological
signals and related data. It includes electrocardiograms, heart rate time series, and, in some
datasets, sSEMG recordings acquired during motor tasks. PhysioNet enables investigations

into the effects of muscle fatigue on signal interpretation and supports the development of
models that perform reliably under noisy or highly variable conditions [36, [37].

CapgMyo Dataset

The CapgMyo datasets consist of high-density (HD) sEMG recordings collected from 23
participants using an 8x16 electrode array during hand gesture tasks. They are widely
used for intra-session and inter-session gesture recognition research, as well as for evaluating
domain adaptation algorithms. Their capability for combined spatial-temporal analysis
makes them valuable for next-generation muscle-computer interface (MCI) research, often in
conjunction with NinaPro and CSL-HDEMG [35].

CSL-HDEMG Dataset

The CSL-HDEMG dataset is another representative HD-sEMG dataset, comprising 27 finger
and hand movement classes, including dynamic motions. Recorded using a 192 electrodes(8x24)
grid, it captures both spatial and temporal variations in gestures, making it particularly
suitable for evaluating spatio-temporal deep learning models such as 3D CNNs [38]. It is
frequently employed in fine finger control studies and comparative analyses of time-series
modelling approaches.
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Collectively, these datasets are fundamental to advancing sEMG-based neuroprosthetic
systems. The diversity and scale of the data support the development of machine learning
algorithms capable of delivering accurate, real-time, and robust control in practical applications.

2.2 Deep Learning Approaches for Time-Series Classification

2.2.1 Success of Deep Learning in Modern Al

Over the past decade, the field of Artificial Intelligence (AI) has undergone remarkable
expansion, primarily driven by the advent and maturation of deep learning. This paradigm
shift has enabled human-level, and in some cases superhuman, performance across diverse
application domains, including computer vision, natural language processing, and speech
recognition, firmly establishing Al as a foundational technology in both industry and academia
[39].

Contemporary deep learning fundamentally diverges from preceding Al methodologies.
The confluence of large-scale dataset availability, high-performance computing resources such
as GPUs and TPUs, advances in optimisation techniques, and the introduction of novel neural
architectures has led to unprecedented performance gains [40} [41]. The success of modern Al

is exemplified by several landmark developments.

Convolutional Neural Networks (CNNs)

Convolutional Neural Networks (CNNs), inspired by the organisation of the visual cortex,
leverage local receptive fields and weight-sharing mechanisms to extract spatially localised
patterns from images [42]. A pivotal moment occurred with the introduction of AlexNet,
which achieved a groundbreaking performance improvement at the 2012 ImageNet Large
Scale Visual Recognition Challenge (ILSVRC), catalysing the widespread adoption of deep
learning in computer vision [43]. Subsequent architectures such as ResNet and EfficientNet
further advanced the state of the art by improving both accuracy and computational efficiency
[44] [45].

Transformer architecture

The Transformer architecture, introduced by Vaswani et al., employs an attention mechanism
to assign varying importance to different elements of the input sequence while enabling
parallel computation [46]. This architecture has largely supplanted recurrent models for
sequential data processing in applications such as machine translation, large-scale language
modelling, and speech recognition, and it forms the foundation for advanced models including
BERT, the GPT family, and multimodal learning frameworks [47].
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AlphaGo

DeepMind’s AlphaGo, integrating Monte Carlo Tree Search (MCTS) with deep neural networks,
surpassed world-class professional players in the game of Go, a domain characterised by
combinatorial complexity and strategic uncertainty [48]. This demonstrated the feasibility
and competitiveness of deep learning—based decision-making in highly uncertain environments
[49).

Collectively, these examples illustrate the evolution of deep learning from a specialised
pattern recognition tool to a versatile framework capable of addressing a broad spectrum
of complex tasks. The following section examines representative deep learning architectures
commonly employed in time-series processing, including CNNs, RNNs, LSTMs, and TCNs.

2.2.2 CNN-Based Approaches for Time-Series

Convolutional Neural Networks (CNNs), originally developed for image processing, have in
recent years been effectively applied to the analysis of time-series biosignals such as surface
electromyography (sEMG) [42, [50]. By employing local receptive fields with weight-sharing
mechanisms, CNNs can efficiently extract local patterns from input data. Their parallel
computation structure further enables faster training and higher hardware efficiency. Owing
to these characteristics, CNNs are particularly effective for detecting local patterns that occur
over short time intervals [23].

RTXC’

For time-series data x € , where T" denotes the sequence length and C'is the number

of channels, the one-dimensional convolution operation can be expressed as:
K—1
k k
y =0 (E w2(7c) “Ttyi-pe + b(k)> (2.1)

Here, K is the kernel size, p is the padding size, wl(ﬁ) represents the weights of the k-th filter,
b() is the bias term, and o(-) denotes a nonlinear activation function (e.g., ReLU, tanh).
This operation learns local patterns along the temporal axis, and applying multiple filters in
parallel enables the capture of multi-scale spatio-temporal features [50].

Nevertheless, CNNs have limitations in modeling long-term dependencies. Due to the
fixed receptive field of the convolutional kernel, capturing long-range temporal patterns
requires either very deep networks or large kernel sizes. The effective receptive field R of
a CNN layer depends on the kernel size K and the number of layers L as follows:

R=1+(K—-1)-L (2.2)

2.2.3 RNN and LSTM-Based Approaches
Recurrent Neural Networks (RINNs)

Recurrent Neural Networks (RNNs) differ from traditional feedforward neural networks in
that they are designed to retain both short-term and long-term memory. This architecture is
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well-suited for handling sequential or time-series data, as it can capture temporal dependencies,
making RNNs particularly effective in tasks such as speech recognition, language modeling,
and time-series forecasting.

In a simple RNN, the hidden state at each time step t is computed as [51]:

K = ¢(Whaz® + Wiph =Y + by) (2.3)
The output is obtained using a softmax activation:
y® = softmax(W,h® +b,) (2.4)
where:
e z(: input at time ¢

e h(®): hidden state at time ¢

Wit weights from input to hidden layer

o Wy recurrent weights between hidden states

Wy: weights from hidden layer to output

bn, by: bias terms

¢: activation function (e.g., tanh or ReLU)

Although RNNs are capable of modeling temporal patterns, they suffer from training
issues such as the vanishing and exploding gradient problems [51], [52].

Long Short-Term Memory (LSTM)

To overcome these limitations, Long Short-Term Memory (LSTM) networks were proposed
by Hochreiter and Schmidhuber [53]. Unlike standard RNNs, LSTMs incorporate a memory
cell and gate mechanisms to maintain long-term dependencies.

The key components of LSTM include:

e Input gate i®

Forget gate f()

Output gate o

Input modulation (candidate) gate g

Cell state s(*)
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The following equations describe a modern LSTM:

fO =o(Wpa® + UpEY 1 by) (2.5)
i = o(Wiz® + U;RD + b)) (2.6)
g® = tanh(Wg:L‘(t) + Ugh(t—l) +by) (2.7)
s® = O @ st-D 4 ;) g ¢® (2.8)
o) = g(Woz'® + Uph®=D 4 b,) (2.9)
A = o © tanh(s®) (2.10)

Here, ® denotes element-wise multiplication, and ¢ is the sigmoid activation function.
While LSTMs effectively capture long-range dependencies, they are computationally intensive
due to their complex gating structure. As the depth or size of the hidden layers increases,
the training time and memory usage grow substantially [54] [55]. Furthermore, the inherently
sequential nature of LSTMs makes parallelization difficult, which can hinder training efficiency [51],
59].

2.2.4 Temporal Convolutional Networks (TCNs)

Temporal Convolutional Networks (TCNs) are convolutional architectures specifically designed
for time-series and sequential data modelling. In contrast to recurrent neural networks
(RNNs) or long short-term memory networks (LSTMs), TCNs process the entire input
sequence in parallel while preserving temporal order through the use of a causal convolutional
structure [2]. They have been proposed as an effective alternative to overcome the inherent
limitations of recurrent architectures by using dilated causal convolutions that capture long-range
dependencies with parallel training and stable gradients while enforcing strict causality
[2, [16], 56].

To capture long-range dependencies, TCNs integrate dilated convolutions [56] with
residual blocks [57], enabling the modelling of temporal relationships over extended time
spans without excessive network depth or parameter growth.

The TCN framework is based on two key principles:

e The input and output sequences must have the same length [2].

e Future information must not influence past predictions (causality).

The first condition is satisfied using one-dimensional fully convolutional networks
(FCNs) [58] with appropriate zero-padding (of size kernel size — 1) to ensure the output
length matches the input length. The second condition is achieved through causal convolutions,
where the output at time step ¢ depends only on inputs from time steps < ¢, thus maintaining
temporal causality [2].

While causal convolutions are effective for enforcing temporal order, they require either
deep networks or large kernel sizes to capture long-term dependencies. TCNs address this
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challenge using dilated convolutions, which introduce gaps between kernel elements to expand
the receptive field without increasing the number of parameters [56]. A one-dimensional
dilated convolution is formally defined as:

F(s) = . f(@) - xs—qq (2.11)

where:
e d is the dilation factor,
e [k is the filter size,
e 1 is the input sequence,
e f(i) is the filter weight at position .

This formulation allows for efficient computation while achieving a receptive field that grows
exponentially with depth.

Jo U1 U2 o Ir-29r-191 20 = (30,...,5)
Output Residual block (k, d) Residual block (k=3, d=1) .(1) .(1)
“T—-1 *T
d=4 Dmfom Convolutional Filter *
o Aol Identity Map (or 1x1 Conv)
Hidden Weighthorm
S
Dilated Causal Conv /
d=2 t 1x1 Conv u
Dropout (optional) > -
' ,
/
Hidden ey / s
Woeighttlorm / / //
+ / 4 %
=1 Dilated Causal Conv '
T—. 9 Xy .- TT_1 T
'Input e Py pAae
To IT1 To L. IT_9XT_1TT A (20, 2 ) [

(a) (b) (c)

Figure 2.2: Architectural elements in a TCN. (a) Dilated causal convolution with dilation
factors d = 1,2,4 and a filter size of k = 3, where the receptive field encompasses the entire
input sequence. (b) TCN residual block, in which a 1 x 1 convolution is employed when
the dimensions of the residual input and the output differ. (c) In the context of a TCN, the
blue lines denote filters within the residual function, while the green lines indicate identity
mappings, illustrating an example of a residual connection [2].

As network depth increases, training becomes more challenging due to vanishing gradients.
To alleviate this, TCNs employ residual connections [57], which preserve gradient flow and
facilitate the training of deeper architectures. A residual block is expressed as:

o = Activation(F'(x) + x) (2.12)

where F'(x) denotes a sequence of transformations applied to the input z.
Compared to RNN-based models, TCNs offer several advantages:

e Parallelizable training due to their convolutional structure [2],
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e Flexible receptive field control via dilation [56],

e Stable gradient flow through residual connections [57],

e Ability to handle variable-length inputs and reduced memory usage during training.
However, TCNs also present certain limitations:

e The entire input sequence must be available for inference [2].

e Performance may be sensitive to receptive field size depending on the application
domain.

Despite these limitations, TCNs remain a powerful choice for sequence modelling tasks
requiring both long-term dependency handling and computational efficiency.

2.2.5 The Energy Barrier of Deep Learning Models

As powerful deep learning models such as CNNs, LSTMs, and TCNs have emerged, and
as the influence of the Al industry continues to grow and its applications in automation
and prediction become more widespread, energy consumption has also increased significantly
[10, 59]. In large-scale enterprises, this often results in a substantial rise in computational
costs for both training and inference, leading not only to increased financial expenses but
also to growing environmental concerns [59].

2.2.6 Neuromorphic Computing as a Benchmark

Alongside the success of Al, the limitations of available resources, rising computational costs,
and increasing environmental concerns are steering the field in a new direction [15, 59]. In
response, next-generation paradigms such as Green AI [59] and neuromorphic computing
have been proposed, aiming to enhance sustainability and energy efficiency. In the following
chapter, a Spiking Neural Network (SNN) model is proposed as one of these neuromorphic
alternatives.

2.3 Spiking Neural Networks (SNNs)

Unlike conventional artificial neural networks (ANNs), spiking neural networks (SNNs) more
closely emulate the information-processing mechanisms of biological nervous systems [12]. In
SNNs, neurons communicate via discrete electrical pulses (“spikes”); unlike the continuous-valued
activations used in other networks, the precise timing of these spikes carries critical information.
Owing to these properties, SNNs are regarded as the “third generation” of neural networks
that more faithfully model biological information processing. They support time-based coding
strategies such as rate coding and latency (timing) coding [13, 14}, [60].

Spiking Neural Networks (SNNs) exploit event-driven computation and temporal sparsity,
whereby computations are performed only when spikes occur, thereby reducing overall energy
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consumption. This property makes SNNs particularly well aligned with neuromorphic computing,
and recent reviews on algorithm-hardware co-design have emphasized their advantages in this
regard [15].

Representative neuron models

Among the most widely used neuron models are the Integrate-and-Fire (IF) and the Leaky
Integrate-and-Fire (LIF) models. In the LIF formulation, the membrane potential evolves

according to
du(t)
dt

Tm

= —u(t) + RI(t), I(t)=> w; Y e(t—ti). (2.13)
J f

Here, 7, represents the membrane time constant, R the membrane resistance, w; the
()
J

neuron. Conceptually, the model describes the membrane potential as a leaky integrator of

synaptic weight, €(-) the synaptic kernel, and ¢}’ the f-th spike time of the j-th presynaptic

input currents, which resets once a firing threshold is reached [12].
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Figure 2.3: LIF neuron

Learning in Spiking Neural Networks

Spikes are inherently non-differentiable events, which precludes the direct application of
standard backpropagation to spiking neural networks (SNNs). Among the various learning
strategies proposed, the surrogate gradient method where the spike derivative is approximated
by a smooth, differentiable function has emerged as a particularly effective solution. This
approach enables gradient-based optimization in SNNs, thereby bridging the gap between
biological plausibility and practical trainability [6I, [60]. Recent comprehensive reviews
provide detailed accounts of these advances [62], with both supervised and unsupervised
learning paradigms being actively investigated.
Representative examples of surrogate gradient functions include:



CHAPTER 2. LITERATURE SURVEY 16

1

Fast Sigmoid: ——————
(14 alu—19])

(2.14)

(%

ATan: T (a(a—0)) (2.15)

where « is a slope parameter that controls the sharpness of the surrogate gradient.

Commonly adopted loss functions include:
e Cross-Entropy Loss: spike counts or firing rates of output neurons are used as logits.

e Mean Squared Error (MSE): minimizes the difference between target signals and
the observed firing rates.

In Summary, SNNs not only more faithfully emulate biological neural systems but also
provide remarkable energy efficiency through event-driven computation [14], distinguishing
them from conventional ANNs and DNNs. While they do not consistently surpass DNNs
in raw performance [62], SNNs are increasingly recognised as a promising candidate for
next-generation neuromorphic computing [60}61]. A critical factor for their effective utilization
lies in the manner by which continuous input signals are transformed into spike trains.
The next section therefore examines spike encoding techniques, with particular emphasis
on rate-based encoding approaches [12, [63] [60].

2.4 Spike Encoding Techniques

Spike encoding converts a continuous signal (e.g., SEMG) into a spike train or event stream so
that an SNN can process it, thereby determining the balance among expressive power, energy
efficiency (sparsity), and biological plausibility. During training, it is particularly important
that the encoder output couple naturally with surrogate-gradient (SG) optimization [60,
61]. Because SEMG exhibits fine spatiotemporal variations, especially with high-density
electrodes, this section focuses on Rate, Latency (Temporal), and Delta (Event) coding
[14] 15] [62].

2.4.1 Rate encoding

Normalized input magnitude is interpreted as a firing probability over time, and spikes
are sampled accordingly; within a chosen observation window, the average spike frequency
represents stimulus intensity. Both Poisson and Bernoulli interpretations are common, and
channel-wise normalization with probability mapping (e.g., sigmoid or linear clipping) yields
a simple implementation that is relatively robust to noise [14] [I3]. Averaging can dilute fine
temporal structure, and extending the window to reach higher accuracy increases the total
spike count, which can reduce the energy advantage [62]. Owing to its stability, rate coding
is frequently used as a baseline in SG training pipelines [60} 61].
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Figure 2.4: Rate encoding

2.4.2 Latency (temporal) encoding

Input magnitude is encoded by the first-spike time or precise spike timing under the assumption
that stronger stimuli fire earlier. Decisions can then be made from a few early spikes, which

shortens inference latency and reduces spike counts while preserving temporal structure.

Sensitivity to timing jitter and synchronization errors makes stable normalization, careful

choice of the reference time range, and differentiable timing approximations for SG training

especially important [14], 60, [61), 64]. This approach is particularly relevant for high-density

sEMG, where channel alignment and fine temporal resolution are required.

time > strong - fast

Figure 2.5: Latency (temporal) encoding

2.4.3 Delta (event) encoding

Events are produced only when the signal increment exceeds a threshold; rising and falling
events can be represented separately or as a signed single stream. In segments with little
change, few or no events are generated, which naturally induces sparsity and reduces data,
computation, and power. Performance depends on design choices such as threshold selection,
drift compensation, and leaky-integration-based reconstruction. In practice, training often
maintains an SG path by feeding continuous (analog) inputs and applying an event-based
representation at inference (including STE), or by using adaptive thresholds [15, [60] 611 [62].
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Figure 2.6: Delta (event) encoding

2.5 Hybrid Neural Architectures

With the growing demand for real-time and energy-efficient biosignal classification in wearable

and implantable devices, hybrid neural architectures have gained significant attention. Conventional
deep learning models such as CNNs, LSTMs, and Transformers provide high accuracy but are
computationally expensive and power-hungry, limiting their deployment in resource-constrained
environments. In contrast, spiking neural networks (SNNs) achieve intrinsic energy efficiency
through event-driven sparse computation. However, they often struggle to capture long-range
dependencies in complex temporal data and typically fail to reach the accuracy levels of
conventional ANNs [61], [60, [65, [66]. Hybrid neural architectures have been proposed as a
solution to overcome these complementary limitations.

2.5.1 Existing Hybrid Models

Recent studies have introduced a range of hybrid models that integrate ANNs and SNNs
to leverage the strengths of both paradigms. For instance, Spike-TCN integrates dilated
convolutions with spiking neurons to enhance sequence modeling while maintaining energy
efficiency [63]. Similarly, iSpikformer embeds spiking dynamics into a Transformer backbone,
demonstrating efficiency in complex sequential tasks such as video classification [67, [68]. In
biomedical applications, PCSN-Net combines CNNs and SNNs in a parallel architecture,
achieving both high accuracy and energy efficiency in skin lesion analysis [69]. More recently,
Song et al. proposed the Multiscale Fusion-enhanced SNN (MFSNN), which incorporates
TCNs with channel attention mechanisms, improving both accuracy and efficiency in BCI
signal decoding [70].

Collectively, these studies highlight that hybrid models not only improve accuracy but
also enhance robustness, generalizability, and energy efficiency.
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Table 2.1: Comparison of representative hybrid ANN-SNN models

Model Backbone Key Feature / Domain

Spike-TCN [63] | TCN + Spiking Energy-efficient sequence modeling
iSpikformer [68] | Transformer + Spiking Long-range modeling, video tasks
PCSN-Net [69] | CNN + SNN (parallel) Biomedical, high accuracy + efficiency
MFSNN [70] TCN + Attention + SNN | BCI decoding, accuracy + efficiency
SpikeSTAG [71] | ST-Graph + SNN Spatio-temporal forecasting

2.5.2 Structural Approaches

Hybrid architectures are typically implemented through four main strategies [15] [72] [73]:

e Parallel Branching — ANN and SNN modules process the same input independently,
and their extracted features are fused via concatenation, attention-based fusion, or
similar methods. This approach maximizes representational diversity and robustness.

e Serial Injection — Features extracted by an ANN are converted into spikes and passed
into an SNN for temporal refinement, enhancing biological plausibility.

¢ Knowledge Distillation — The ANN functions as a teacher model, transferring knowledge
to the SNN and enabling efficient standalone inference.

¢ Block-level Hybridization — Spiking neurons are directly embedded into ANN computation
blocks, enabling continuous feature extraction and event-driven spiking within a single
block. This method naturally combines the strong feature learning capability of ANNs
with the energy efficiency of SNNs, and it operates effectively in end-to-end training
structures through surrogate gradient optimisation.

2.5.3 Hardware and Energy Considerations

Another key advantage of hybrid architectures lies in their compatibility with emerging
hardware platforms. Neuromorphic chips such as Intel Loihi and IBM TrueNorth execute
SNN computations efficiently through event-driven processing, while ANN computations
are well supported on GPUs and TPUs. Prior research has shown that hybrid ANN-SNN
systems can achieve higher accuracy than pure SNNs while consuming less power than pure
ANNs [72]. This balance makes them particularly suitable for wearable medical applications,
where battery lifetime and latency are critical factors. For example, biosignal analysis tasks
involving ECG, EEG, and EMG have increasingly leveraged the low-power characteristics
of SNNs [65, 66], while studies on high-density electrode array-based sEMG [3§] provide
practical motivation for adopting hybrid models.
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2.5.4 Background of TCN-SNN Integration

In this context, the integration of Temporal Convolutional Networks (TCNs) with SNNs
represents a particularly promising direction. TCNs, through causal and dilated convolutions,
effectively capture long-range dependencies in biosignals such as sEMG. Meanwhile, SNNs
excel at energy-efficient inference and sparse coding. Combining the two offers three key

advantages:
1. The strong sequence modeling capacity of TCNs,
2. The event-driven efficiency of SNNs,

3. A balance between accuracy and power consumption.

Although parallel fusion structures may introduce additional computational overhead,
they enhance feature complementarity and robustness, forming a foundation for future optimizations

via serial integration or knowledge distillation.



Chapter 3

Analysis and Planning

3.1 Requirements

The primary goal of this study is to design and evaluate a combined architecture leveraging
the advantages of Spiking Neural Networks (SNNs) and Temporal Convolutional
Networks (TCNs) to achieve both high accuracy and energy efficiency in sEMG-based
neuroprosthetic control. For this purpose, the following major stages were defined.

Literature Review Recent research on SNNs, TCNs, and sEMG-based control systems
was reviewed in depth. Particular attention was given to the energy-saving characteristics of
biologically inspired SNNs, the long-term dependency modeling capability of TCNs, and the
performance variations among different spike encoding schemes.

Baseline Implementation and Testing Baseline models for LSTM, SNN-only, TCN-only,
HybridTCN-SNN and SpikingTCN architectures were implemented using the NinaPro sEMG
dataset. Initial classification performance and resource consumption were measured to establish
benchmark results prior to introducing the hybrid architecture.

Hybrid Architecture Design A hybrid TCN-SNN, SpikingTCN architectures were created
by integrating TCNs and SNNs. Three spike encoding schemes: rate coding, delta coding,

and latency coding, were applied individually to produce model variants.

Evaluation Metrics and Analysis The evaluation plan encompassed accuracy measurement
and estimation of computational load based on spike counts, used as an energy proxy.

3.2 Desirable Additions

In addition to the required experiments, the following extended studies are planned to enhance
the model’s practical applicability and academic contribution:

21
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¢ Real-Time Simulation Evaluation: Test the trained model in a real-time streaming
sEMG data environment to verify response speed and system stability.

e Channel Reduction Experiments: Gradually reduce the number of SEMG channels
to measure performance changes and propose optimal sensor configurations for wearable
devices.

e Edge Deployment Testing: Deploy the model on neuroprosthetic hardware simulators
or embedded GPU/FPGA platforms to measure power consumption and processing
latency.

e Real-Time Simulation and Hardware Testing: Highest risk, due to potential
hardware limitations and challenges in meeting real-time processing requirements. However,
optimization insights gained from this stage are expected to be of substantial academic
and practical value.

3.3 Risk Analysis
The potential risks associated with each stage are as follows:

e Literature Review and Baseline Implementation: Low risk, as these are based
on well-established methods.

e Hybrid Architecture Design: Medium risk, given the limited prior work combining
SNNs and TCNs, and potential training difficulty variations depending on the spike
encoding method used.

e Spike Encoding Comparison Experiments: Risk of suboptimal performance or
training instability with certain encoding methods, which could affect the interpretation
of overall results.
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Title of Steps Description Requirement Time
Status Required
Literature Review Comprehensive review of SEMG-based | Required 4 weeks
neuroprosthetic systems, deep
learning models (TCN), SNNs,
HybridTCNSNN, SpikingTCN  and
spike encoding schemes. Identification
of gaps in energy-efficient real-time
control.
Baseline Implement SNN-only and TCN-only | Required 6 weeks
Implementation using NinaPro sEMG dataset to
and Testing establish performance and energy
benchmarks.
Hybrid Design  hybrid TCN-SNN models | Required 6 weeks
Architecture incorporating rate, delta, and latency
Design coding for spike representation.

Optimise architecture for temporal
precision and low power consumption.

Table 3.1: Overview of project steps for the hybrid TCN-SNN sEMG study

Title of Steps Risk Level

Literature Review Low

Baseline Implementation | Low
and Testing

Hybrid Architecture | Medium
Design

Hybrid Model Evaluation | Medium

Table 3.2: Risk analysis of project steps for the hybrid TCN-SNN sEMG study




Chapter 4

Methodology and Design

This study focuses on balancing accuracy and efficiency with an emphasis on sEMG-based
gesture recognition. Figuresummarizes the overall workflow. A single-session file (S1.D1_T1.mat)
from the NinaPro dataset is used following preprocessing. Three encoding schemes: rate,
delta, and latency, are applied to generate spike trains within the same window, allowing for
the analysis of the trade-off between encoding strategy and classification performance.

Subsequently, three model families are trained under unified timesteps: (i) an SNN-only
LIF network, (ii) the proposed SpikingTCN incorporating dilated temporal convolutions with
LIF neurons, and (iii) the proposed Hybrid TCN-SNN.

All models are optimised end-to-end using the Adam optimiser with early stopping.
Evaluation metrics include classification accuracy, macro- and weighted-F1 scores, and confusion
matrices. These are complemented by spike-based indicators such as total, mean, and
maximum spike counts, firing-rate distributions, and raster plots. This combined evaluation
framework enables a joint comparison of predictive performance and sparsity, the latter
serving as a proxy for energy efficiency.

24
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Figure 4.1: Overall workflow of the proposed sEMG-based gesture recognition framework:
NinaPro dataset — preprocessing — spike encoding (rate/delta/latency) — model families
(LSTM, TCN, SNN, SpikingTCN, Hybrid) — training — evaluation (accuracy/F1/confusion
matrix + spike-based measures).

4.1 Data Preparation

4.1.1 Dataset Description

This study employs the publicly available NinaPro DB6 corpus of surface electromyography
(SEMG) recordings. Seven distinct grasp gestures were performed 12 times by ten subjects.
The gestures were conducted twice daily (morning and afternoon) over five consecutive
days. Recordings were obtained at 2 kHz using 14-channel Delsys Trigno double-differential
electrodes uniformly placed on the forearm. These recordings were synchronized with additional
modalities including accelerometry and eye-tracking.

The dataset includes the following variables:

e subj: subject identifier
e emg (16 columns): sEMG signals from 14 channels (with 2 empty columns)

e acc (48 columns): tri-axial accelerometer data from 12 electrodes (some columns
empty)

e stimulus / restimulus: instructed gesture labels / post-processed refined gesture
labels
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e object / reobject: object used / re-labeled object

e repetition / rerepetition: repetition index (original vs. refined labeling)
e repetition object: object repetition index

e daytesting: acquisition day (1-5)

e time: acquisition session (1 = morning, 2 = afternoon)

Representative examples of these variables are summarized in Table For analysis, the
ground truth labels are taken from the post-processed restimulus, as they more accurately
reflect the executed gestures. The dataset is partitioned into 70% for training, 15% for
validation, and 15% for testing of the predictive models.

Index Gesture Refined Object Rep Day EMG_CH1-4 ACC _x-z

122793 1 1 4 8 1 ( 0.000, 0.000, 0.000, 0.000) ( 0.081, 1.034, -0.418)
1105770 0 0 -1 0 1 (-0.000, 0.000, -0.000, -0.000) (-0.135, 1.079, -0.274)
127515 1 1 4 8 1 ( 0.000, -0.000, -0.000, -0.000) ( 0.097, 1.070, -0.414)
935201 0 0 -1 0 1 (-0.000, -0.000, -0.000, -0.000) (-0.220, 1.103, -0.250)
627036 0 6 -1 0 1 (-0.000, 0.000, 0.000, 0.000) ( 0.239, 1.018, -0.549)

Table 4.1: Sample records extracted from the NinaPro DB6 (S1.D1.T1). EMG shows the
first four channels; ACC shows the first three accelerometer values (x-z).

The dataset comprises several annotated variables that guide both preprocessing and
subsequent analysis. The Gesture field denotes the instructed gesture label (stimulus), with
the value 0 corresponding to the resting state. The Refined field provides a more accurate
version of these labels by correcting and adjusting annotations after post-processing. The
Object field records the identifier of the object used during the task, where a value of minus
1 indicates the absence of annotation. For each gesture instance, the Rep field specifies the
repetition index, while the Day field indicates the acquisition day, ranging from one to five. In
addition to these labels, the dataset also contains biosignals: EMG CH1-4 represent example
values from the first four sEMG channels, and ACC x—z capture accelerometer measurements
along the x, y, and z axes. Collectively, these variables enable reliable alignment of gesture
annotations with multimodal sensor data.

4.1.2 Data Pre-processing

The preprocessing pipeline in this study proceeds through five distinct steps:

1. Data Selection and Label Refinement
Only active gesture segments are retained, and rest labels (label 0) are excluded. This
mitigates class imbalance during training and reduces bias in spike statistics introduced
by rest intervals.
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2. Sliding Window Segmentation
With the sampling frequency of 2 kHz, a fixed window of length W = 200 (=~ 100 ms)
and overlap O = 100 (50 ms stride) is applied to construct sequences. For each window
X € R"XC the representative label § is assigned using majority voting among the
labels within the window:

g =argmax#{t € [L,W] |y = k}.
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Figure 4.2: Sliding-window segmentation (W=200, overlap=100) and window-level majority
voting for label assignment.

3. Label Encoding
Since gesture labels may not be continuous, all non-rest classes are mapped to consecutive
indices {0,..., K — 1}. This enables a consistent definition of cross-entropy loss and
one-hot encoding dimensions, ensuring comparability of performance across models.

4. Train/Validation/Test Split
A stratified split is performed at the window level. First, 15% of the dataset is held
out as a test set. From the remaining data, 17.6% is allocated to validation, resulting
in an approximate split of (train/val/test) ~ (70/15/15). Random seeds are fixed to
guarantee reproducibility.

5. Standardization (z-score)
Channel amplitudes vary due to electrode and skin conditions, which may bias training
toward high-amplitude channels. To address this, per-channel mean p. and standard
deviation o, are computed from the training set only, and the same parameters are
applied to the validation and test sets. Data are reshaped into (N, - W,C) for
normalization and then restored to (Nyin, W, C):
2 = Lt — e

t,c oo+ ¢

This preprocessing avoids handcrafted feature extraction or filtering, and instead ensures
(i) fixed-length sequence construction, (ii) leakage-free per-channel normalization, and (iii)
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consistent labeling. These steps allow TCN, SNN, and SpikingTCN models to be trained
end-to-end under identical input conditions. The window length and stride were chosen with
real-time constraints in mind (/100 ms observation, 50 ms update).

4.1.3 Batching the Data

sEMG sequences segmented by sliding windows (W = 200, overlap = 100) are fed into
training as mini-batches. The training Datal.oader uses a batch size of 32 with random
shuffling, ensuring that each parameter update mixes windows across gestures, repetitions,
and object conditions. This reduces overfitting to specific sequences and lowers gradient
variance.

The batch input shape is (B = 32,7 = W = 200, C), where T is the temporal length of
the window and C' is the number of channels (electrodes).

For SNN, Hybrid SNN branch, and SpikingTCN models, each window is converted into
spike trains with temporal length Ts = 20, followed by training using surrogate-gradient-based
BPTT. The choice of Ts = 20 reflects a trade-off between accuracy and efficiency, since
computational and memory costs scale.

By contrast, TCN processes the raw window of length W in parallel using dilated causal
convolutions.

This batching—encoding—model pipeline exposes each batch to diverse conditions, thereby
improving generalization while maintaining feasible time and computation budgets for stable
optimization.

4.2 Encoding Schemes

We transform windowed sEMG sequences into spike trains using a unified SpikeEncoder.

4.2.1 Rate Encoding

Continuous inputs are mapped to spike probabilities through a sigmoid nonlinearity. Bernoulli
sampling at each step yields spike trains:

P =o0(X), S® ~Bernoulli(P), s=1,...,5.

The result S € {0, 1}5*BXTXC preserves amplitude information as firing probability and is
well suited for stochastic temporal coding.

4.2.2 Delta Encoding

Delta modulation emits a spike whenever the absolute discrete derivative exceeds a threshold
On:
D =X; = Xi-1, Si=K{|D¢ >0a}, t=2,...,T.
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With S; = 0, this produces S € {0,1}B*T*C If needed, the result is duplicated along the
simulation dimension to match (S, B,T,C). Delta encoding highlights abrupt transitions
(onsets/offsets) and results in sparse, event-driven spike trains.

4.2.3 Latency Encoding

Larger input magnitudes are mapped to earlier spike times within S discrete steps. To
stabilise across channels and windows, per-channel min—max normalisation is applied:

< Xb,:,c - mint Xb,t,c

b,.,c —

maxy Xp ¢ — ming Xp .+ €

Optionally, amplitude thresholding (X + ¥{X > 7} ® X with 7 = latency_threshold)
suppresses noise. The latency mapper then generates S € {0, 1}5 XBXTXC " \where stronger
values tend to spike earlier. The parameter latency_linear determines whether mapping is

linear or nonlinear.

4.2.4 Hyperparameters

e encoding type € {rate,delta,latency} specifies the encoding scheme.

e num steps (5): number of simulation steps (temporal resolution).

e latency_linear (bool): linear vs. nonlinear latency mapping.

e latency_threshold (7): optional amplitude gate applied prior to normalisation.

e per_channel norm (bool): per-channel min—max normalisation for scale invariance.

4.2.5 Remarks

e Unified shape: (S, B, T, C) across schemes simplifies batching and downstream SNN/TCN

integration.

e Sparsity control: num steps, thresholds (A, 7), and normalisation determine spike
density and are tuned to balance accuracy and efficiency.

e Latency stability: Per-channel min—max normalisation improves robustness to inter-session

and electrode gain variations. Global contrast can be used if disabled (per_channel norm=false).

e Reproducibility: Rate encoding is stochastic; thus, multiple seeds should be reported
along with spike statistics such as firing-rate histograms and raster plots.

Implementation uses snntorch.spikegen.delta, .rate, and .latency, with outputs
normalized to (T, B, T, C).
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Figure 4.3: Comparison of spike encoding methods (Rate, Delta, Latency).

4.3 Model Development

This study develops and compares five models for classifying hand gestures from surface
electromyography (SEMG) sequences: the Temporal Convolutional Network (TCN), the
Spiking Neural Network (SNN), Long short-term memory(LSTM), Hybrid TCN-SNN and
SpikingTCN. All models share the same preprocessing pipeline (§4.1.2), follow an identical
data partitioning scheme (train/validation/test), and are trained under consistent loss functions
and optimization settings.

4.3.1 Libraries Utilised

e numpy, pandas: numerical computation and dataset construction

e matplotlib, seaborn: visualization of training curves, confusion matrices, and spike
statistics

e scikit-learn: StandardScaler, LabelEncoder, train test_split, Fl-score
e PyTorch: model definition, training/inference, and DataLoader
e snnTorch: LIF neurons, surrogate gradients, and spike encoding

e scikit-learn.metrics / stats: accuracy, macro-/weighted-F1 scores

4.3.2 Long Short-Term Memory Network (LSTM)
Architecture

The LSTM classifier is designed to capture sequential dependencies in sEMG signals using
stacked recurrent layers:

e LSTM Encoder

— Input size: number of SEMG channels (C)
— Hidden size: H = 128
— Number of layers: L =2
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— Bidirectional LSTM with dropout (p = 0.2) applied across layers

— Output hidden states h,, have dimensions (L x dir, B, H), where dir = 2 for
bidirectional

— For bidirectional mode, the final forward and backward hidden states are concatenated,
resulting in a feature vector of size 2H

e Classifier Head

— Linear(2H, 128) — ReLU — Dropout(0.2) — BatchNorm(128)
— Linear(128, 64) — ReLU — Dropout(0.1)

— Linear(64, K) for gesture classification into K classes

4.3.3 Temporal Convolutional Network (TCN)
Architecture

The TCN employs stacked dilated 1D convolutions to capture both short- and long-term
temporal dependencies:

e TemporalBlock (2 x Convld layers)

— Dilation rate d = 2, kernel size k = 3, stride = 1

— Apply Convid(padding = (k —1)-d) to preserve the sequence length, and then
use Chompld(chomp size = (k—1)-d) to cut off the last (kK — 1) - d time steps in
order to remove future information leakage.

— Convld — BatchNormld — ReLU — Dropout(0.2)

— Residual connections adjusted with 1 x 1 Conv when channel dimensions differ

e Stack Configuration: channel sizes [64, 128, 256] corresponding to dilations d =
{1,2,4}

e Self-Attention: Multi-Head Attention (8 heads) applied to the highest-level sequence
features

e Classifier Head: Linear(128) — ReLU — Dropout(0.2) — BatchNorm — Linear(64)
— ReLU — Dropout(0.2) — Linear(K)
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Figure 4.4: Architecture of the TCN.

4.3.4 Spiking Neural Network (SNN)
Spike Encoding

Continuous EMG signals are transformed into spike trains to emulate biological temporal
coding.

e The original sequence length T = 200 is uniformly partitioned into Ty = 20 frames,
with events allocated per frame.

e The output tensor has shape (Ts, B, T, C), followed by temporal averaging (time pooling)
into (T, B,C)

Neuron Model & Layers

e Leaky Integrate-and-Fire (LIF) neurons (snnTorch) with 8 = 0.9 and vy, = 1.0.

e The non-differentiability of spike generation is approximated using a fast-sigmoid
surrogate gradient with slope = 25.

e Multi-layer SNN: LIF blocks stacked with hidden sizes [256, 128, 64], followed by a
fully-connected readout layer.

e Readout: the temporal mean of spike rates 5 = Ti 221 s¢, mapped to K gesture classes
via a linear layer.
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Figure 4.5: Architecture of the SNN.

4.3.5 Hybrid Fusion Model
Architecture

The Hybrid Fusion model combines the Temporal Convolutional Network (TCN) and the
Spiking Neural Network (SNN) in a parallel configuration to exploit their complementary
strengths. The TCN branch captures long-range temporal dependencies through dilated
causal convolutions, while the SNN branch encodes sparse, event-driven temporal dynamics
through spiking neurons. Similar parallel hybrid designs have been shown to improve robustness
and efficiency in biosignal classification [69,[71]. The final representations from both branches
are concatenated and passed through a fully connected classifier.

Input Representation

The sEMG input is windowed into segments of shape (B,T = 200, C'). For the TCN branch,
the input is transposed to (B, C,T') to match the convolutional format. For the SNN branch,
the same input is encoded into spike trains of shape (Ts, B, T, C), and frame-wise averaging
yields the spiking representation.

Parallel Branches

e TCN branch: Input (B, T, C) is transposed to (B, C, T'), followed by a TemporalConvNet
with channel sizes [64, 128, 256]. The output is aggregated via global average pooling,
producing (B, 256).

e SNN branch: Input (B,T,C) is transformed by a SpikeEncoder (75 = 20), passed
through stacked LIF layers with hidden sizes [256, 128, 64], and then averaged by mean
spike-rate pooling, producing (B, 256).
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Fusion and Classifier Head

The feature vectors from both branches are concatenated to form (B, 512):

f = [Btcn; gsnn] S R5127

Hybrid TCN-SNN
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Figure 4.6: Hybrid TCN-SNN fusion: parallel feature extraction for classification

4.3.6 SpikingTCN

In this study, accuracy and efficiency were balanced in sEMG-based gesture recognition
through the design of a hybrid SpikingTCN architecture. The model combines the long-range
dependency modeling ability of the Temporal Convolutional Network (TCN) with the
sparse, event-driven computation of the Spiking Neural Network (SNN). By integrating
convolutional parallel processing with temporal integration of membrane potentials in LIF
neurons, the model captures temporal patterns accurately while maintaining low computational
cost. Prior studies such as Spike-TCN [63], MFSNN [70], and iSpikformer [68] have clearly
demonstrated that the integration of spiking structures enables a favorable balance between
accuracy and efficiency. Building on this line of research on Spike-TCN, the proposed
SpikingTCN is specifically tailored for real-time sEMG classification.

Input Representation

The windowed sEMG input has tensor shape (B, T, C), where B denotes batch size, T' = 200
the window length, and C' the number of channels. A SpikeEncoder transforms the input
into spike sequences, yielding (75, B,T,C) (with Ty = 20 in this study). For each frame
t € {1,...,Ts}, the spike input (B, T, C) is transposed to (B, C,T') before entering the TCN.



CHAPTER 4. METHODOLOGY AND DESIGN 35

Spiking Temporal Block (STB)

The STB integrates dilated causal convolutions with LIF neurons and serves as the
fundamental module. Weight normalization is applied to each convolution, and right-padding
followed by a Chomp operation enforces strict causality.

(a) Computation flow:

h'Y = ConvlD; (x;; k,d), st = LIF;(h{"),
h? = ConviDy(s{Vs k,d), s!¥ = LIFy(h?),

Vi = Dropout(sgz)) + Res(x¢).

Here, k¥ = 3 and d = 2' denote the kernel size and dilation rate of the i-th block,
respectively. The residual connection Res is adjusted using a 1 x 1 convolution when required.
(b) LIF dynamics:
Vi = BVi_1 + I, S =0(Vy — Vin)

with § = 0.9 and Vi, = 1.2. The non-differentiable thresholding function © is approximated
by a fast-sigmoid surrogate gradient (slope = 25). Membrane potentials are preserved

across frames (t = 1,...,Ts), achieving temporal integration.

Overall SpikingTCN Network

Multiple STBs are stacked with dilation factors d = 2 to capture both short- and long-term
dependencies. The final block output (B, Cl.st, T) is aggregated via global average pooling:

1 X
Zr = f ; Yt
producing frame-level feature vectors. Frame-wise classification scores are then computed as
1 &
y: = Classifier(z;), § = i ; Vi,

where the final prediction is the mean of logits across T frames. The classifier consists of

3 Layers [Linear(256, 128, 64) — ReLU — BN — Dropout(0.2)] — Output(K)
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Figure 4.7: Architecture of the SpikingTCN.

4.4 Training & Reporting

e Loss Function: Cross-Entropy Loss

e Optimiser: Adam (Ir = 1073)

e Scheduler: ReduceLROnPlateau (mode=’max’, factor=0.5, patience=10)

e Early Stopping: patience = 20, based on validation accuracy

e Evaluation Metrics: test accuracy, macro-/weighted-F1 scores, and confusion matrices

e Visualization: training/validation accuracy and loss curves, spike histograms, and
raster plots (for SNNs)

All models were trained under identical settings (batch size 32, shuffled data loader, Adam
optimiser with Ir = 1073, ReduceLROnPlateau, and early stopping). Evaluation on the
test set reported Accuracy, Fl-macro, and Fl-weighted. Additional visualizations, including
training/validation curves and spike statistics (firing-rate histograms and raster plots), are
provided in the appendix to discuss convergence stability and spiking dynamics.

Additionally, the values of 8 together with the firing threshold were calibrated such that
the mean firing rate for each encoding scheme remained within the range of approximately
1-26%. The simulation step count (7s) was further adjusted to be incorporated into as
many experimental sets as possible, with tests conducted under diverse conditions. These
settings enabled control of sparsity through firing rates to reflect energy efficiency, while also
facilitating a systematic comparison of how encoding schemes and variations in T influence
both accuracy and efficiency.

The TCN captures temporal correlations robustly using dilated convolutions and attention,
while the SNN leverage spike-based temporal coding for sparsity and temporal precision.
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By comparing these models under the same preprocessing, partitioning, and optimization
framework, this study empirically explores the accuracy—efficiency trade-off in sEMG-based

gesture recognition.



Chapter 5

Experiments and Results

This chapter provides a comprehensive evaluation of the proposed spiking-based architectures
for sEMG-driven gesture recognition, with particular emphasis on the SpikingTCN and
Hybrid TCN-SNN models. For systematic benchmarking, comparisons are also drawn against
baseline classifiers, including SNN-only, TCN-only, and LSTM.

The analysis is organized into sections that examine different aspects of model performance
and applicability within neuroprosthetic control systems. First, we report standard classification
metrics namely Top-1 Accuracy and macro-/weighted-F1 scores to quantify recognition capability.
Second, we investigate energy efficiency through spike-based statistics such as total spike
counts and mean firing rates, which serve as proxies for computational cost on embedded
neuromorphic hardware. Furthermore, the experiments analyze the influence of spike encoding
schemes (rate, latency, delta) and temporal resolution (7), offering insights into the trade-off
between temporal fidelity and efficiency.

Taken together, these evaluations aim to establish the effectiveness of the proposed
models, while simultaneously assessing their suitability as spiking neural controllers for
real-time neuroprosthetic systems, where accuracy, temporal stability, and energy constraints

are intrinsically coupled.

5.1 Comparison of Feature Combinations with in Models

5.1.1 LSTM

Experimental Setup

The Long Short-Term Memory (LSTM) classifier was implemented as a baseline model to
capture the sequential patterns of SEMG signals. The network architecture consisted of two
stacked LSTM layers with a hidden size of 128, a dropout rate of 0.2, and bidirectional
recurrence enabled. The final hidden states from the bidirectional LSTM were concatenated
and passed through a fully connected classifier (128 — 64 — 8), which incorporated ReL.U
activations, dropout, and batch normalization to produce the final outputs.

The input SEMG data were segmented into windows of shape (B, T = 200, C'), where each

38
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timestep represented multichannel EMG recordings. The LSTM encoded each sequence into
hidden representations, and the last hidden state of the final layer was used for classification.

Experimental Results

Table reports the performance of the LSTM classifier on the NinaPro DB6 dataset under
identical preprocessing (bandpass filtering, window segmentation, and z-score normalization)
and training conditions. Evaluation metrics included Top-1 accuracy and macro-F1 scores.

The LSTM achieved stable recognition accuracy across gesture classes, with macro-F1
scores averaging around 69.01%. The recurrent memory mechanism effectively captured
temporal dependencies inherent in muscle activation patterns. However, due to its sequential
hidden state updates at each timestep, the LSTM incurred higher computational costs and
inference latency compared to convolution-based models.

Table 5.1: LSTM classifier performance across three evaluation runs on NinaPro DB6.

Run Accuracy (%) Macro-F1 (%)
1 67.16 67.37
2 71.23 71.41
3 68.05 68.26
Average 68.81 69.01

Discussion and Conclusion

The results demonstrate that LSTM provides a strong sequential baseline for gesture classification,
offering reliable accuracy. Nonetheless, its limitations, namely slow convergence, increased
energy consumption, and substantial inference latency, make it less suitable for real-time,
low-power scenarios. These findings underscore the need for more energy-efficient and parallelizable
alternatives, such as TCN and SpikingTCN, to better meet the demands of wearable and
neuromorphic neuroprosthetic systems.

5.1.2 TCN-only Model

Experimental Setup

The Temporal Convolutional Network (TCN) was implemented as a convolutional baseline for
modelling the temporal dependencies of SEMG signals without the use of recurrent structures.
The architecture comprised multiple stacked Temporal Blocks, each consisting of dilated
causal convolutions, Chomp operations (right-side padding removal), residual connections,
batch normalization, and dropout (0.2). The kernel size was set to 3, and the dilation
factor increased exponentially across layers, thereby enabling the receptive field to cover long
temporal spans while preserving causality.

An 8-head multi-head self-attention mechanism was applied to the final TCN feature
sequence to learn the relative importance of long-term dependencies. Attention outputs were
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aggregated via global average pooling and subsequently passed through a fully connected
classifier (128 — 64 — 8 classes) to generate final gesture predictions.

The input consisted of windowed sEMG signals of shape (B,T = 200, C'), where B is the
batch size, T' is the window length, and C is the number of EMG channels. Convolutional
filters processed each window in parallel to produce a feature sequence of shape (B, T, F).
This sequence was refined through attention and pooling before being passed to the classifier.

Experimental Results

Table reports the performance of the TCN classifier on the NinaPro DB6 dataset under
identical preprocessing conditions (bandpass filtering, window segmentation, and per-channel
z-score normalization) and training setups. Evaluation metrics included Top-1 accuracy and
macro-F1 scores.

The TCN(+SA) consistently outperformed the LSTM baseline, achieving an average
macro-F1 score of approximately 85%. Its dilated causal convolutions effectively captured
long-range temporal dependencies while enabling parallel computation, resulting in faster

convergence and lower inference latency compared with the recurrent model.

Table 5.2: TCN classifier performance across three evaluation runs on NinaPro DB6.

Run Accuracy (%) Macro-F1 (%)
1 83.62 83.69
2 85.66 85.71
3 85.57 85.60
Average 84.95 85.00

Discussion and Conclusion

In the context of sSEMG-based gesture recognition, the TCN(+SA) therefore provides a strong
convolutional baseline. It demonstrated higher accuracy, faster convergence, and reduced
inference latency relative to LSTM, attributable to its parallelizable convolutional structure
and attention-based temporal feature aggregation. Nonetheless, unlike spiking architectures,
the TCN does not exploit event-driven sparsity, limiting its energy efficiency on neuromorphic
hardware. These limitations motivate the exploration of hybrid and spiking-based models,
such as SpikingTCN and Hybrid TCN-SNN, which aim to combine efficiency with biological
plausibility.

5.1.3 SNN-only

Experimental Setup

The SNN-only classifier was implemented using layers of Leaky Integrate-and-Fire (LIF)
neurons activated by spike trains generated via a SpikeEncoder. The input data consisted
of sSEMG windows of shape (B,T = 200,C), which were converted into spikes using three
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encoding schemes: delta, latency, and rate. For latency encoding, per-channel min-max
normalization was applied within each window, with an optional threshold employed to
suppress sub-threshold activations.

The network architecture comprised three hidden layers of sizes [64, 128, 256]. Each layer
included a fully connected projection followed by an LIF neuron. Membrane potentials were
integrated across simulation steps, and neurons employed a fast-sigmoid surrogate gradient.
The leak factor () and firing threshold (V;),) were calibrated such that the average neuronal
firing rate remained between 5-26%. To analyze the impact of temporal resolution, the
number of spike simulation steps (T) was varied over {10, 14, 20, 30, 40, 50}.

Experimental Results

The trial results showed marked performance differences depending on the encoding scheme.
Latency encoding consistently demonstrated the best recognition performance, achieving a
peak macro-F1 of 62.8% at T = 14. It maintained stable accuracy of around 62% across the
range Ty € {10,30}. In contrast, delta encoding achieved moderate accuracy of approximately
33%, but its performance varied substantially and training stability degraded as the number
of simulation steps increased. Rate encoding performed poorly overall, yielding below 15%
accuracy for most Ts values, with only a minor increase to 22.2% at T, = 50.

Accuracy was also strongly influenced by temporal resolution (7). For latency encoding,
performance improved steadily up to Ts = 14 to Ts = 20, beyond which accuracy plateaued
or declined slightly due to spike noise accumulation and increased gradient variance. Delta
encoding improved modestly up to Ty = 20, but exhibited no consistent gains thereafter,
while rate encoding remained unsuitable regardless of Ts. Overall, the optimal operating
range for latency encoding was confirmed to be between Ts = 14 and Ts = 20.

Encoding T, =10 T, = 14 T, = 20 T, = 30 T, =40 T, = 50

Rate 14.34 /358  14.91 /870 14.02 /4.16 14.34 / 3.58 14.34 /3.58 22.17 / 17.31
Latency 61.78 / 61.55 62.84 / 62.81 62.10 / 62.08 62.51 /62.18 60.39 / 59.97 52.49 / 52.76
Delta 33.66 / 33.15 31.13/30.39 33.90 / 33.27 33.90 /32.36 33.66 / 32.99 23.96 / 20.84

Discussion and Conclusion

These results demonstrate that the SNN-only model can feasibly perform sEMG-based gesture
recognition using purely spiking computation. However, performance depends critically on
both the encoding scheme and temporal resolution. Latency encoding provided the most
favorable trade-off between accuracy and efficiency, whereas rate encoding proved unsuitable
and delta encoding offered only limited benefits. The high sensitivity of the SNN-only model
to T highlights limitations in robustness and training stability. These findings support
the need for hybrid architectures such as SpikingTCN, which combine convolutional feature
extraction with spiking dynamics to reduce spike activity and improve stability during both
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training and inference. Such hybrid approaches represent a more practical solution for
neuromorphic neuroprosthetic applications.

5.1.4 Hybrid TCN-SNN
Experimental Setup

The Hybrid TCN-SNN classifier was designed by integrating a convolutional temporal backbone
(TCN) with a spiking branch (SNN), thereby combining high-capacity feature extraction with
energy-efficient temporal integration.

Outputs from the TCN and SNN branches were processed in parallel and concatenated
to form a joint representation, which was then passed through a fully connected classifier to
produce gesture class predictions.

Experimental Results

The Hybrid TCN-SNN model consistently exhibited high recognition performance across all
three spike encoding schemes. At Ty = 20, delta encoding achieved the highest Macro-F1
(87.83%), while rate (85.90%) and latency (86.81%) encodings also delivered competitive
results with only minor differences. Top-1 accuracy reflected the same ranking.

Performance steadily improved up to T, = 20, reaching a peak accuracy of 87.78%.
Beyond this point, accuracy plateaued at 87.04% for both Ty = 30 and Ts; = 50, while
it declined to 82.07% at Ts = 40. This trend suggests that spike noise accumulation and
increased gradient variance caused the degradation. An intermediate range of approximately
14-20 steps therefore provides the optimal temporal integration.

Table 5.3: Hybrid TCN-SNN performance by spike encoding at T5s=20 (Macro-F1, %).

Encoding Rate Latency Delta
Macro-F1 (%) 85.90 86.81 87.83

Effect of temporal resolution. Varying 7T shows that performance improves up to T5s=20
and then saturates. This indicates that the SNN branch benefits from moderate temporal
integration while the TCN branch stabilizes the overall optimization.

Table 5.4: Hybrid TCN-SNN Top-1 Accuracy (%) across spike simulation steps T.

T 10 14 20 30 40 50

Accuracy (%) 86.15 84.11 87.78 87.04 82.07 87.04
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Discussion and Conclusion

The Hybrid TCN-SNN consistently outperformed the SNN-only model and achieved results
comparable to or surpassing the TCN-only model, while requiring substantially fewer spikes
than a pure SNN. Among the encoding methods, delta encoding produced the best performance
at Ts = 20, though rate and latency encodings also remain viable alternatives depending on
hardware constraints.

Overall, the hybrid architecture demonstrates a practical solution that balances accuracy
and efficiency for neuroprosthetic control. The TCN branch provides stable and parallelizable
temporal feature extraction, while the SNN branch contributes event-driven integration and
neuromorphic compatibility. This combination achieves an advantageous trade-off between
accuracy and efficiency for real-time, low-power sEMG-based gesture recognition, making it
a promising approach for wearable neuroprosthetic systems.

5.1.5 SpikingTCN
Experimental Setup

The SpikingTCN classifier extends the conventional TCN by integrating spiking dynamics
within each convolutional block. Specifically, each Temporal Block incorporates a Leaky
Integrate-and-Fire (LIF) neuron that maintains membrane potential across simulation steps.

Each block consists of dilated causal convolutions, LIF layers, and dropout, with membrane
potentials accumulated over time. The leak factor was calibrated to keep the average neuronal
firing rate within 5-26% on Table[5.7] The architecture used output channel sizes of [64, 128, 256],
followed by a fully connected classifier (128 — 64 — 8) for gesture prediction.

Experimental Restuls

Table reports the performance of SpikingTCN with different spike encoding schemes at
Ts = 20. Rate encoding achieved the highest accuracy and Macro-F1 (71.88% / 72.30%),
followed by latency (62.35% / 62.21%) and delta (42.22% / 42.67%). This indicates that
rate-based spike generation works most effectively within the SpikingTCN structure, while
latency encoding—superior in the SNN-only experiments—degrades when combined with
convolutional temporal blocks. Delta encoding produced the lowest performance, reflecting
limited discriminative capacity.

Table summarizes the effect of varying spike simulation steps (7). Performance
improved steadily up to Ts = 20, peaking with rate encoding at 71.88%. Accuracy increased
slightly at Ts = 30 (72.29%) and Ty = 40 (76.61%), but declined at Ty = 50 (75.96%).
This suggests that beyond a certain range, performance gains are constrained by spike noise
accumulation and gradient variance. Latency encoding benefited at intermediate resolutions
(Ts = 14,20), but did not scale as effectively as rate encoding at higher T5.
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Table 5.5: SpikingTCN performance by spike encoding at Ts=20 (Accuracy / Macro-F1, %).

Encoding Rate Latency Delta
Accuracy / Macro-F1 (%) 71.88 / 72.30 62.35 / 62.21 42.22 / 42.67

Table 5.6: SpikingTCN Top-1 Accuracy (%) across spike simulation steps Ts.

Ts 10 14 20 30 40 50

Acc (%) 63.00 (latency) 65.28 (latency) 71.88 (rate) 72.29 (rate) 76.61 (rate) 75.96 (rate)

Discussion and Conclusion

Overall, SpikingT’CN demonstrates that convolutional temporal feature extraction can be
combined with spiking computation effectively. Unlike the SNN-only model, where latency
encoding was optimal, SpikingTCN benefits most from rate encoding, highlighting the importance
of interactions between spike generation schemes and convolutional filters. Temporal resolution
proved critical, with peak performance in the 20-40 step range, beyond which additional
steps provided no further benefits. Importantly, SpikingTCN consistently outperformed the
SNN-only model in accuracy and F1 score, while requiring far fewer spikes for comparable

discriminative performance.

5.2 Comparison Across Models

This section provides a comparative analysis of the best-performing configurations of all
evaluated models: LSTM, SNN-only, TCN, Hybrid TCN-SNN, and SpikingTCN. The models

are assessed based on their Top-1 Accuracy and Macro-F1 metrics, focusing on the highest-performing
setups to determine which architecture offers the most robust capability for sEMG-based
gesture recognition. Across all spiking models, the average neuronal firing rate was maintained

within the range of 5-26%, ensuring biologically plausible yet energy-efficient operation.

5.2.1 Training Dynamics

Figure[5.I]depicts the training and validation dynamics under latency encoding. The SNN-only
model gradually improved but plateaued at around 60%, reflecting its limited performance. In
contrast, Spiking TCN did not converge as rapidly as TCN or Hybrid; however, it consistently
achieved higher accuracy and more stable convergence than SNN-only.

SpikingTCN exhibited greater variance due to temporal membrane integration, but this
substantially reduced the instability of purely spiking-based training and provided more
practical reliability for real-world applications. TCN and Hybrid still converged fastest with
stable validation accuracy, whereas LSTM showed overfitting after 40 epochs, as indicated
by increasing validation loss.
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SpikingTCN delivers markedly improved performance and stability over SNN-only.
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These results reaffirm the robustness of convolutional backbones while highlighting that

This

demonstrates that spiking architectures can offer a realistic trade-off between efficiency and
stability.
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Figure 5.1: Training and validation curves for all models under latency encoding. TCN and
Hybrid exhibit rapid and stable convergence, while SNN-only achieves moderate accuracy.
LSTM suffers from overfitting, and SpikingTCN shows higher variance due to dense spiking
dynamics.

5.2.2 Neuron firing-rate comparison

All spiking-based models, including SNN-only, Hybrid, and SpikingTCN, maintained mean
firing rates between 1% and 26%. Since the dynamic power consumption of neuromorphic
hardware is proportional to the number of spike and synapse events, lower firing rates directly
translate into reduced energy expenditure [74, [75]. Table compares the spike statistics
and average firing rates of SNN-only, Hybrid TCN-SNN, and SpikingTCN models at Ts = 20
time steps. Here, Total Spikes denotes the average number of spikes per sample, while Mean
This
relationship indicates that models with lower firing rates provide an energy advantage at
comparable accuracy levels. Nevertheless, the Hybrid TCN-SNN, due to its parallel design,

Firing Rate represents the average neuronal firing rate expressed as a percentage.

requires further validation to fully establish its energy efficiency benefits.
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Table 5.7: Spike statistics across models and encodings (7" = 20, N = 256). Spikes are
averaged per sample; firing rate is mean per neuron.

Model Encoding Total Spikes Mean Firing Rate(%)
SNN-only rate 695 13.57
Hybrid rate 280 5.47
SpikingTCN  rate 665 12.98
SNN-only latency 963 18.81
Hybrid latency 108 2.11
SpikingTCN  latency 8 945 18.46
SNN-only delta 1122 21.91
Hybrid delta 80 1.56
SpikingTCN  delta 1379 26.93

5.2.3 Model Comparisons

Table 5.8: Comparison of best models across different architectures.

Model Type Best Configuration Accuracy (%) General Notes

LSTM Hidden=128, 2 layers 71.23 Slower convergence

SNN-only Latency, Ty = 14, Hidden=[64,128,256] 62.84 Energy-efficient but less accurate

TCN Channels=[64,128,256], +Attention 85.66 Fast convergence, stable validation

Hybrid Delta, Ty, = 20 87.78 Best accuracy, parallelism

SpikingTCN Rate, Tx = 40 76.61 Balanced spiking, accuracy
LSTM

The LSTM baseline demonstrated strong capacity for sequential dependency modelling,
achieving solid accuracy (71.23%). However, it required longer convergence time during both
training and inference. Latency was greater than that of convolutional models, restricting its
suitability for real-time applications.

SNN-only

The performance of the SNN-only model was competitive, attaining 62.84% accuracy with
latency encoding at Ty = 20. It benefited from event-driven computation and a relatively
sparse firing rate (5—20%), ensuring high energy efficiency. However, instability during
training and reduced discriminative power limited its effectiveness as a standalone solution.

TCN

TCN consistently achieved high accuracy (85.66%) with the additional advantage of rapid
convergence, enabled by attention-based temporal aggregation and dilated causal convolutions.
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The model performed in a stable manner and inferred quickly, but it did not exploit event-driven
efficiency.

Hybrid TCN-SNN

The Hybrid TCN-SNN model achieved the best overall results with 87.8% accuracy and
strong macro-F1 when using delta encoding. It effectively reduced spike activity, particularly
average firing rates across neurons (1-15%), by relying on the TCN branch for feature
extraction while maintaining neuromorphic compatibility through spiking integration. This
architecture provides a practical balance between accuracy and efficiency, making it well
suited for low-power, real-time neuroprosthetic applications.

SpikingTCIN

SpikingTCN integrated spiking dynamics directly within convolutional temporal blocks, attaining
moderate accuracy (76.61%) with rate encoding. This required higher firing rates (10-26%).
Compared with the SNN-only model, it consistently performed better, confirming the value of
convolutional-spiking integration. It represents a biologically plausible compromise between
precision and efficiency, although it incurred higher spike costs than the Hybrid.

5.2.4 Accuracy—energy efficiency trade-off

The core objective of this study is to investigate the trade-off between energy efficiency
and gesture recognition accuracy across diverse architectures. Since energy consumption on
neuromorphic hardware is proportional to the number of spike and synapse events, this study
employed mean firing rate as practical energy indicators.

Accordingly, the evaluation extended beyond classification performance to also include
spiking activity itself. The SNN-only model, owing to its sparse firing and shallow network
structure, was expected to exhibit the lowest theoretical energy consumption; however, its
recognition accuracy remained limited (61.7%). In contrast, LSTM and TCN achieved higher
accuracies of 71.2% and 85.0%, respectively, reflecting their strengths in sequential learning.
Nevertheless, both architectures require spiking conversion for deployment in neuroprosthetic
environments, and the associated computational overhead is likely to constrain their applicability
in real-time, low-power scenarios. The Hybrid TCN-SNN architecture achieved high accuracy
(87.8%) alongside relatively low spike activity, thus providing the most favorable balance
between accuracy and energy efficiency. That said, the parallel structure may incur notable
conversion costs in the TCN branch, leaving scope for further refinement. For example,
confidence gating—where the activation of the TCN branch is selectively governed by the SNN
branch’s confidence—could enhance its practical applicability in real neuroprosthetic control.
Meanwhile, SpikingTCN achieved 76.6% accuracy with moderate spike costs, indicating its
potential as a practical trade-off for lightweight applications.

Figure illustrates the overall trade-off between firing rate and accuracy. Across all
spiking-based models, higher firing rates were consistently associated with improved accuracy,
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suggesting that increased spiking activity enhances signal representation and thereby classification
performance. However, as higher firing rates directly translate into increased energy consumption,
maximizing accuracy alone does not yield an efficient design. Instead, architectural strategies
must balance accuracy improvements with firing sparsity.

Accuracy-Firing Rate Trade-off
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Figure 5.2: Accuracy—firing rate trade-off.

In summary, convolution-based architectures such as TCN, Hybrid, and SpikingTCN
ensure stable optimization and high accuracy, while purely spiking architectures provide
energy efficiency at the expense of discriminative power. The Hybrid TCN-SNN demonstrates
both high accuracy and energy efficiency, though further validation in real neuroprosthetic
environments is required. SpikingTCN, while less accurate, offers a realistic compromise by
combining biological plausibility with adequate performance.

5.2.5 Discussion

The comparative analysis highlights the limitations and distinct strengths of each model
architecture. LSTM functions as a strong sequential baseline, effectively capturing temporal
dependencies in SEMG signals. However, because it relies on recurrent updates, its convergence
is slower and inference latency higher, making it less suitable for real-time, resource-constrained
neuroprosthetic systems. In contrast, TCN demonstrates robust performance with rapid
convergence, benefiting from dilated causal convolutions and attention mechanisms to achieve
consistently high accuracy (85%). Yet, its inability to exploit event-driven sparsity limits its
energy efficiency on neuroprosthetic hardware.
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SNN-only models leverage spiking computation to achieve energy efficiency through sparse
event-driven firing. Latency encoding proved most effective among encoding schemes, achieving
macro-F1 scores above 60%. However, the SNN-only approach exhibited instability and high
sensitivity to temporal resolution (7s), with performance degrading at longer simulation
steps. These limitations constrain its applicability as a reliable standalone solution for
neuroprosthetic control.

The Hybrid TCN-SNN model consistently outperformed both SNN-only and TCN-only
models, achieving the best overall performance with a macro-F1 of 87.8% under delta encoding
(Ts = 20). By combining convolutional temporal feature extraction with spiking-based
integration, the hybrid design reduced spike counts by more than an order of magnitude
compared to SNN-only while maintaining neuroprosthetic plausibility. The TCN branch
provides parallelizable and stable optimization, while the SNN branch preserves biological
relevance. However, reduced firing rates alone cannot be considered conclusive evidence of
energy efficiency, since the Hybrid structure processes TCN and SNN branches in parallel
before concatenation. Verification using hardware measurements or neuroprosthetic simulators
is therefore required.

SpikingTCN occupies an intermediate position by embedding LIF-based spiking dynamics
directly within convolutional blocks. Whilst it did not reach the performance level of the
Hybrid model, SpikingTCN consistently surpassed the SNN-only baseline, achieving accuracies
above 76.61% with rate encoding. Its performance peaked in the Ty = 20-40 range but
declined beyond this due to spike noise accumulation and increased gradient variance. These
findings emphasize the importance of interactions between encoding schemes and convolutional
filters: latency encoding was optimal in SNN-only, whereas rate encoding emerged as the most
effective in SpikingTCN.

All spiking-based models maintained mean neuronal firing rates within 1-26%, reflecting
biologically plausible activity that directly correlates with reduced dynamic power consumption
on neuroprosthetic hardware. As shown in Table 5.7, Hybrid TCN-SNN achieved the lowest
spike activity (e.g., 80 spikes/sample under delta encoding, with a mean firing rate of 1.56%),
whereas SNN-only generated the highest spike counts, exceeding 1100 spikes/sample. This
suggests that the Hybrid design may offer the greatest energy efficiency; however, such claims
must ultimately be validated through hardware experiments or simulator-based evaluation.

In summary, convolutional backbones (TCN) provide robust and stable training, while
spiking architectures contribute neuromorphic compatibility and event-driven efficiency. Hybrid
TCN-SNN emerges as the most practical design, combining accuracy, temporal stability, and
potential energy efficiency, making it a strong candidate for real-time neuroprosthetic systems.
Nonetheless, assertions regarding energy efficiency must be empirically validated. Although
SpikingTCN did not achieve the same absolute performance as Hybrid, it consistently improved
accuracy and stability over SNN-only, confirming its role as a meaningful middle-ground
compromise. With its simpler integration of convolutional and spiking dynamics, SpikingTCN
remains a promising direction for future research, particularly for lightweight and neuromorphic-friendly
applications.



Chapter 6

Conclusion

This dissertation has presented an in-depth investigation into the design and evaluation of
spiking-based neural controllers for sEMG-driven neuroprosthetic systems. By systematically
benchmarking LSTM, TCN-only, SNN-only, SpikingTCN, and Hybrid TCN-SNN models, the
study aimed to identify an architecture that balances accuracy, and energy efficiency—key
requirements for real-time neuroprosthetic applications.

Extensive experiments on the NinaPro DB6 dataset revealed several important findings.
Classical deep learning models such as LSTM and TCN demonstrated strong recognition
capability, with TCN in particular achieving high accuracy and stable convergence due
to its convolutional backbone. However, both models exhibited limited energy efficiency,
constraining their deployment in neuromorphic and wearable contexts. In contrast, SNN-only
models demonstrated low power consumption through sparse firing rates (5-20%), but their
discriminative capacity and training stability remained restricted.

The Hybrid TCN-SNN architecture achieved the best overall performance, reaching 87.8%
Top-1 accuracy and macro-F1 while reducing spike counts by more than an order of magnitude
compared to SNN-only. This confirms that hybrid architectures can effectively combine the
strengths of convolutional feature extraction and spiking efficiency, offering a highly practical
solution for neuroprosthetic control systems.

SpikingTCN provided a biologically plausible compromise. Although moderately less
accurate (76.6%), it consistently outperformed SNN-only while preserving event-driven computation
and membrane integration dynamics. Notably, SpikingTCN achieved this within a simpler
architecture compared to the Hybrid model, avoiding the parallel dual-branch structure.
This highlights its potential as a lightweight and neuromorphic-friendly design, with scope for
future refinement through optimized spike encoding, residual connections, and hardware-oriented
pruning or quantization.

A key contribution of this work lies in its analysis of spike statistics and firing rates.
All spiking-based models maintained firing rates within 1-26%, aligning with biologically
plausible activity and the principle that energy consumption scales with spike /synapse events.
For instance, the Hybrid TCN-SNN exhibited the lowest spike activity (e.g., 80 spikes/sample
under delta encoding, with a mean firing rate of 1.56%), whereas SNN-only generated more
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than 1100 spikes/sample. While this suggests a favorable balance for the Hybrid design,
claims regarding energy efficiency must ultimately be validated through hardware experiments
or neuroprosthetic simulators.

This study also presents several limitations. While the parallel structure of the Hybrid
model effectively improves accuracy, it may introduce computational redundancy. Moreover,
the anticipated energy-saving effects require validation at the hardware level. In addition,
since both training and evaluation were conducted on a single dataset, further verification on
additional datasets is necessary to ensure broader generalizability.

Future research directions include: (1) deployment on neuroprosthetic platforms such as
Intel Loihi and SpiNNaker to empirically validate energy efficiency, and (2) model compression
and refinement through advanced hybrid techniques such as confidence gating and zero-spiking
skipping.

In conclusion, this thesis has demonstrated that hybrid neural controllers, particularly
the TCN-SNN fusion, represent a promising pathway toward real-time, energy-efficient,
and biologically inspired neuroprosthetic systems. At the same time, SpikingTCN shows
meaningful potential as a lightweight and neuromorphic-friendly alternative, offering a valuable
middle ground between accuracy and efficiency. These findings contribute both to the
academic understanding of spiking-based time-series modeling and to the practical development
of next-generation assistive technologies capable of operating under strict power and latency
constraints.
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Appendix A

Appendix: Additional Figures by
Encoding Method
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Figure A.1: Ts = 20, Encoding = rate
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