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Motor imagery based electroencephalogram signals have been used for developing brain-com-
puter interfaces because of their ease of execution and low-risk profile. These systems have
achieved reliable performances with the emergence of machine learning. However, these ma-
chine-learning approaches are not focused on optimizing energy efficiency. Yet, energy efficiency
is crucial for implementing portable devices since the continuous operational time depends on it.

The spiking neural network based classifiers are suitable and promising for achieving energy
efficiency compared to the conventional machine learning algorithms while maintaining the same
level of accuracy. Unlike traditional systems, where all computing units operate at each clock
cycle, spike based systems process information asynchronously only when there are sufficient
inputs to activate neurons; thus, these algorithms can be utilized on specialized hardware chips
which can process spikes for achieving higher energy efficiency.

The primary objective of this thesis was to develop a spiking neural network based pipeline
that incorporates a spatial filtering method called the common spatial pattern. Since motor im-
agery tasks are highly correlated with unique spatial areas, the common spatial pattern method
can improve the separability between the motor imagery classes by enhancing the spatial fea-
tures of the electroencephalogram channels. With a higher separability, input signals can be ef-
fectively encoded into spikes without losing the critical information for classification tasks.

To achieve this objective, three types of pipelines (rate coding, latency coding and delta cod-
ing) were implemented to classify the labelled (“left hand” and “right hand”) motor imagery signals
in a widely used open electroencephalogram dataset. In addition, to evaluate the contribution of
the common spatial pattern method comparatively, another set of pipelines was implemented with
the same steps, excluding the use of the common spatial pattern method. By using each pipeline,
the classifier models were trained on different datasets (five individual and one multi-subject da-
taset) using a surrogate gradient decent based back propagation algorithm. 5-fold cross-valida-
tion was used to validate the performance of each pipeline model on each dataset.

Each trained model has demonstrated acceptable classification accuracy with the common
spatial pattern method compared to conventional methods. Among them, the rate coding pipeline
models recorded the highest mean accuracies on training and testing datasets, while latency
coding pipeline models reflected the best energy efficiency. Results from the pipelines which do
not utilize the common spatial pattern showed a drastic decrease in performance, highlighting the
effectiveness of spatially filtered signals for the overall classification process. These findings di-
rect future research to explore spike-friendly spatial filtering techniques and novel spiking neural
network architectures to further enhance classification accuracy and energy efficiency in motor
imagery electroencephalogram classification.

Keywords: Motor imagery (Ml), electroencephalogram (EEG), spiking neural networks (SNN),
Common Spatial Patterns (CSP), Spike encoding
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1.INTRODUCTION

This thesis mainly suggests an innovative approach to classify motor imagery (Ml) elec-
troencephalogram (EEG) signals with spiking neural networks (SNNs) by incorporating
common spatial patterns (CSP). The outcome inspires future work to explore spike-

friendly spatial filters for MI-EEG signal classification tasks, providing a solid approach.

Firstly, this chapter introduces MI-EEG signals based brain computer interfaces (BClI).
After that, it explains how the SNNs can improve the energy efficiency of BCls and the
impact of building energy efficient BCls. At the end of the chapter, the objective of this

work and the thesis structure are included to provide a concise outline.

1.1 Overview of Thesis Topic

EEG is a non-invasive neuroimaging method used to explore the brain's electrical activ-
ities. It is commonly used in clinical diagnostics and neuroscientific research for obtaining
the effects of brain functions underlying human cognition and behaviors [1], [2]. Not only
because of the non-invasiveness, EEG has been widely used for studying neural pro-
cesses due to its high temporal resolution and comparatively low cost (both hardware

production and operating cost) [3].

Because of these advantages, EEG has been widely utilized in specific studies such as
MI studies. Ml studies are a specific domain of brain sciences which focuses on the brain
functions related to the imagination of movement without physical execution. Different
MI actions correlated with different EEG activity patterns which are generated in certain
brain areas [4]. Hence, MI-EEG signals can be used to translate Ml actions to command
signals. The ease of rendering MI activities makes MI-EEG a viable candidate for BCI
applications (e.g., Motor rehabilitation therapies [5], assistive device controlling [6], gam-
ing [7]) to produce command signals. Figure 1 illustrates the common steps of MI-EEG
based BCI systems which produce commands for the applications.

Signal Processing
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Figure 1. Common pipeline of MI-EEG based BCI systems.



Despite the potential of MI-EEG signals for BCls, the processes of classification pose
significant challenges due to the intrinsic properties of the EEG. The primary challenges
arise from high noise susceptibility, high signal pattern variability (both within subjects
and across subjects), and the complex temporal dynamics of EEG signals due to diverse
brain activities. To overcome these challenges and to implement reliable and accurate

methods for MI-EEG signal classification, specialized methods are essential [8].

Conventional EEG signal analysis methods employ time, frequency, and spatial domain
features to implement MI-EEG classification models. Wavelet transformations and time
frequency spectrograms are examples of using time and frequency domain features, and

CSP is an example of using spatial domain features [9]-[11].

Since EEG signal patterns related to Ml tasks are generated from spatially different brain
regions, utilizing spatial features is more applicable to classify MI-EEG signals. Hence,
the CSP method is one of the most suitable candidates for feature extraction. In brief,
the CSP method enhances the EEG signals' spatial features by maximizing the signals'
variance corresponding to the target classes while minimizing the variance for other clas-
ses [12].

In previous studies, the extracted MI-EEG features have been classified by using widely
employed machine learning (ML) algorithms. Among these, Support Vector Machines
(SVM) and Linear Discriminant Analysis (LDA) have been widely adopted for their effec-
tiveness in handling the complexities and non-linearities within EEG data [13],[14]. How-
ever, the high variability and the high non-stationary nature of EEG signals make it diffi-
cult to adapt and achieve reliable accuracy performance within a subject and across the
subject. This necessitates alternative methods with high adaptability and generalization
capability [15]. Neural networks are ideal candidates for satisfying those requirements.
However, conventional neural networks are often not optimal in terms of energy effi-

ciency.

As a neural network variant, SNNs are also capable of achieving both adaptability and
generalization with improved energy efficiency. Like conventional neural networks, SNNs
achieve the handling of the variability and the non-stationarity of EEG signals with (syn-
aptic) weights dependent neural network architectures [16], [17]. However, unlike other
conventional neural network types, SNNs mimic how biological neurons send information
through discrete spikes. This bio-inspired, spiking approach allows SNNs to process
temporal patterns more energy efficiently than conventional neural networks that work
with continuous values. However, the true energy efficiency of SNNs can only be

achieved when they are used spike based hardware processing units, also known as



neuromorphic hardware systems. These hardware systems are designed as networks of
neurons and propagate information from inputs to outputs as electric spikes. While con-
ventional systems consume energy in every clock cycle, neuromorphic systems con-

sume energy only when there is enough potential to produce spikes [18].

Thus, it is clear that using SNNs as the classification algorithms for MI-EEG based BCI
systems makes it possible to achieve improved energy efficient models while maintaining
reliability. Previous SNN based MI-EEG studies have achieved accuracy levels similar
to or higher than those of conventional MI-EEG classification methods, proving the reli-
ability of SNN models for classifying MI-EEG signals [19]-[24]. However, SNNs require
effectively encoded spike trains to represent MI-EEG signals to reach that level of accu-
racy. This thesis proposes an approach incorporating the CSP method for effective spike

encoding, aiming to achieve reliable MI-EEG classification accuracy with SNN models.

1.2 Objectives
The primary objectives of this thesis are as follows:

Objective 1 : To design and implement a classification pipeline for motor imagery EEG

signals using SNNs that integrate CSP spatial filtering techniques.

Objective 2 : To evaluate the effectiveness of the developed pipeline by analyzing its

performance with respect to a motor imagery EEG dataset.

In this thesis, the goal of using SNN is to improve the energy efficiency of the MI-EEG
classification process, and the goal of using the CSP method is to boost classification
accuracy. Evaluating the effectiveness of the pipeline ensures the reliability of the ap-

proach and inspires future work to utilize spatial filtering for MI-EEG applications.

1.3 Thesis Structure

This thesis is organized into seven chapters. Following this introduction (Chapter 1),
Chapter 2 provides background on EEG signals, Ml tasks and the use of neural networks
focusing on SNNs. Chapter 3 provides a comprehensive literature review of conventional
and SNN based studies on classifying MI-EEG signals. The methodology adopted for
developing the SNN based pipelines is detailed in Chapter 4, including dataset, prepro-
cessing, and model training. Chapter 5 reports the transformations of each stage of pipe-
lines and the overall results. Comprehensive discussions of each pipeline and the tech-
niques employed have been included in Chapter 6 to interpret the obtained results and
outline potential future work. The thesis concludes with Chapter 7, summarizing the key

implications and contribution of the study.



2.BACKGROUND

This chapter provides an in depth overview of EEG signals, MI tasks, and SNNs. By
reviewing relevant literature and recent advancements, this chapter delivers a basis for

understanding the potential of SNNs in classifying MI-EEG signals.

2.1 Principles of EEG Signals

As mentioned in Section 1.1, EEG is a non-invasive neuroimaging technique that records
electrical changes on the scalp resulting from cellular level activities in the brain. The
communication activities which happen within the neuronal cells move charges from one
place to another depending on the synaptic currents [25]. This creates electrical dipoles
(see Figure 2) between neurons’ bodies and apical dendrites. When a large population
of neurons’ synaptic communications occur simultaneously, the summed-up dipole ef-
fects can induce electromagnetic (EM) waves that can penetrate the surface of the scalp.
As an effect, the potential of the scalp changes accordingly. The EEG electrodes record

these potential changes as time varying signals [26], [27].
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Figure 2. Generation of EEG signals. Image is adapted from [19].

EEG signals have a higher temporal resolution compared to the other neuroimaging

techniques. This is mainly because of the short reaction time of the EEG systems and



the travelling speed of the induced EM waves (EEG signals) [28]. Current EEG acquisi-
tion systems can measure and record potential changes on the scalp on a millisecond

or a microsecond scale [29].

However, EEG signals’ spatial resolution is inherently low compared to other neuroim-
aging techniques like functional magnetic resonance imaging (fMRI) [30] and functional
near-infrared spectroscopy (fNIRS) [31]. The major cause of this limitation is the diffuse
nature of electrical fields as they travel through the insulation barriers such as brain tis-
sues, cerebrospinal fluid, skull, and scalp (see Figure 2) before reaching the electrodes.
Hence, the signal detected at the scalp represents the activity of thousands or millions
of neurons over a relatively large area. This makes it difficult to find the exact source of
brain activity. With multiple electrodes, EEG systems can overcome this limitation up to
some extent and localize the region of the sources by using spatial filters [32]. Figure 3
shows the performance of EEG compared to other neuroimaging techniques in terms of

temporal and spatial resolutions.
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Figure 3. lllustration of temporal and spatial resolutions of different neuroimaging tech-
niques, adapted from [33]. EEG — Electroencephalogram, fNIRS — Functional Near In-
frared Spectroscopy, fMRI — Functional Magnetic Resonance Imaging, PET — Positron
Emission Tomography.

Apart from the lower spatial resolution, maintaining a good signal-to-noise ratio (SNR) in
EEG signals is also challenging, mainly because of their low amplitude range. Hence,
EEG signals are susceptible to various types of noise [34] and artefacts, such as muscle

movements, eye blinks, and external electromagnetic interference [35]. This susceptibil-



ity demands preprocessing steps to increase the SNR, otherwise enhancing the signifi-
cant information. Common preprocessing steps include frequency domain filtering to re-
move high frequency noise components and direct current (DC) voltage offset. In addi-
tion, various types of filtering techniques, such as adaptive filtering techniques, optimal
filtering techniques, and wavelet based filtering techniques (continuous wavelet transfor-
mation [CWT], discrete wavelet transformation [DWT]), are employed to reject artefacts
and exclude signal components from unrelated sources depending on the application
[36].

2.2 Motor Imagery (MI) Tasks

MI tasks are a type of cognitive task which refers to the mental simulation of movement
without physical execution. This process activates neural pathways in the brain similar
to the actual performance during the movement, excluding the pathways responsible for
motor execution [37]. Studies have shown that this mental simulation can produce dis-
tinguishable patterns in EEG signals corresponding to different voluntarily imagined
movements [38], [39]. Hence, MI tasks are perfect candidates for the development of

BCI technologies intended to produce control commands.

The neural executions of both Ml tasks and actual motor tasks happen within the motor
cortex. Hence, the motor cortex is a key region in the brain when analyzing the MI-EEG.
[40]. The motor cortex is located in the frontal lobe and is divided into three areas: 1.)
The primary motor cortex, 2.) the premotor cortex, and 3.) supplementary motor areas
(SMA) [41]. While the primary motor cortex is directly involved in the execution of move-
ment, the premotor cortex and SMA are involved in the planning and preparation of
movements. During motor imagery, these areas show activation patterns that closely
match the patterns observed during the actual motor movements [42], [43]. These unique
electrical activity patterns in the cortex generate EEG signals on the scalp, which can be
detected as event-related desynchronization (ERD) and event-related synchronization
(ERS) patterns, which mainly lie within the mu (~8 - ~13 Hz) and beta (~14 -~30 Hz)
frequency bands. These signals exhibit transient oscillations, highlighting the dynamic
nature of the brain's activity during motor imagery [44]. This synchrony allows us to pin-
point the timing of these activities, which is highly beneficial for implementing reliable

BCI systems.

2.3 EEG Signal Analysis with Neural Networks

As mentioned in Section 1.1, the complex and dynamic nature of brain activities and the

way EEG captures them necessitates the use of complex non-linear algorithms, such as



neural networks, to analyze and categorize Ml EEG signals in the context of BCls [40],
[41], [42]. Traditional linear models often fall short of capturing the intricate patterns and
non-linear relationships inherent in EEG data [43]. However, Neural networks are well-
suited for decoding MI-EEG signals because of their ability to learn high-dimensional
relationships and flexibility for non-linear mappings. This capability is beneficial for BCls,
where the goal is to translate these signals into precise, reliable commands for external

devices.

In classifying MI-EEG signals, feature extraction is also a crucial step because of the
stochastic nature of the EEG signals. Feature extractions involve transforming raw EEG
data into a set of representative features that capture the essential characteristics of
brain activity associated with motor imagery. Effective feature extraction methods sup-
port the neural networks in distinguishing different classes with less effort. Power spectral
densities (PSDs) of specific frequency bands (mu and beta bands) [39], time-domain
statistical measures (mode, mean, variance) [44], connectivity measures between elec-
trodes [45] and CSP components [45] are examples for commonly used feature extrac-
tion methods in MI-EEG classification tasks. These features have been selected for tasks
by considering their relevance to the underlying neural processes and their discrimina-

bility in classifying MI tasks.

Moreover, advanced neural network architectures, such as convolutional neural net-
works (CNNSs) [46] and recurrent neural networks (RNNSs) like long short-term memory
(LSTM) [47] networks, have the capability to perform automatic feature extraction by
learning. These advanced architectures identify the most informative features directly

from the data during the training process.

As in traditional methods, SNN based classification processes need extracted features
from the preprocessed signals for achieving better accuracy performance. However,
these extracted features must be converted into spikes before they feed to the SNN
architecture. Hence, when selecting the features, it is essential to ensure that those fea-
ture values can be converted into spikes without losing significant information. If the gen-
erated spike trains are separable between classes, the spike driven neural processing

mechanism in SNNs can accurately predict the classes.



2.4 Spike Driven Neural Processing

SNNs were introduced as the third generation of neural network models [16]. Figure 4
shows an abstract comparison of the first, second and third generations of Artificial Neu-
ral Networks (ANNS).

First-generation ANNs Second generation ANNs 1 Third generations SNNs

MP neuron Spiking neuron

Binary value Real value Spike train

Figure 4. lllustrative comparison of neurons in first, second and third generations [46].

As mentioned in Section 1.1, the uniqueness of SNNs is that they try to mimic neural
communication biological systems more closely than conventional neural network archi-
tectures [16]. SNNs employ spikes (discrete events in time which mimic the effects of
action potentials) to communicate between neurons. This spike based communication is
the major differences between SNNs compared to conventional neural networks [17]. As
a result, neurons in SNNs do not transmit information at every cycle but rather send
output spikes only when a specific membrane potential threshold is exceeded. This ap-
proach to information processing makes SNNs more biologically plausible and potentially
more energy efficient, especially in tasks involving temporal data processing, like EEG

signal analysis [18].

Like conventional neural networks, SNNs also require training to adjust their synaptic
weights and perform specific tasks such as classification, prediction, or pattern recogni-
tion. The inherent operational dynamics of SNNs need suitable learning methodologies
compatible with spike based communication mechanisms. Among such methodologies,
Spike-Time Dependent Plasticity (STDP), Backpropagation using spikes (with surrogate
gradients) and spiking time, and ANN-to-SNN conversion (often referred to as Shadow
Training) stand out as prominent strategies with unique advantages (and also chal-

lenges) for different kinds of applications [17], [47].



Despite the theoretical advancements in SNNs' low power performance, applying them
in real world encounter specific challenges due to the hardware which they needed.
Firstly, their unique computation model, which includes time in processing and relies on
the timing or frequency of events, demands novel architectural designs for implementing
them on a large scale [48]. Secondly, the requirement for event based data (primarily
available from specialized neuromorphic sensors like neuromorphic retinas) restricts the
types of data SNNs can process and producing event based data is also challenging as
these type of sensors are not widely available [49]. Lastly, while SNNs have the potential
for high energy efficiency in neuromorphic hardware, the pace of developing suitable
training algorithms lags behind the advancements in hardware [50], [51]. These issues

underscore the need for continued research to harness the full potential of SNNs.



3.LITERATURE REVIEW

10

This chapter reviews previous works which have already been done on MI-EEG classifi-

cation and the use of SNN in classification tasks and neuromorphic computing platforms.

Additionally, the emerging neuromorphic infrastructure highlights have been mentioned

here to prove the value of introducing spiking-based pipelines.

3.1 Performance of Second Generation ANNs as MI-EEG Classifiers

As mentioned in the previous chapters, machine learning methods have mainly been

used to classify MI-EEG signals into separate classes. With deep learning architectures

like CNNs, accurate and robust models have been introduced for classifying MI-EEG

signals [52], regardless of their complexity and energy consumption. The table below

presents a few works that have used second-generation ANNs for MI-EEG classifica-

tions.

Table 1. Prior works that use second generation ANNs for classifying MI-EEG signals.

Architecture L. * Input Mean
Study Type Optimizer Dataset Features Accuracy
BCIC IV 1 Reqularized 81.6%
[53] | SVM - BCIC Ill 4a csgP 87.4%
BCIC Il 3a 91.9%
Gradient t. o
[54] | CNN decent BCIC IV 2a CWT!' images 83.2 %
BCIC IV 2a . , 75.7%
[55] | CNN Adam HGD Time series 95 4%
[56] | DBN Adadelta BCIC IV 2b Time series 83.55%
[57] | LSTM Adam BCIC IV 2a 1d-AX" 71%
pwTT, FT,
[58] | CNN+SVM - BCIC lll 4a o 96.34%
EEMD™, CSP
Gradient BCIC Il 3 t. 77.6%
[59] | CNN+SAE | jecent BCICIV2b | STFT images | ggo,
[60] | CNN+LSTM | Adam PhysioNet Time series 98.3%

* Gradient decent, Adam and Adadelta optimizers are algorithms which are used to update the weights in
neural networks [61].
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T CWT, DWT and short time Fourier transform (STFT) are signal processing techniques that provide time-
frequency representations of signals.

# One dimension-aggregate approximation (1d-AX) is a feature extraction technique for time-series data that
normalizes and approximates each channel.

+ Fourier Transform (FT) which is a technique that decomposes a time domain signal into its frequency
components.

o Ensemble Empirical Mode Decomposition is a signal processing technique that breaks non-stationary
signals into simpler oscillatory components called intrinsic mode functions.

All the datasets included in Table 1 are publicly available for download. These datasets
have often been used for MI-EEG studies [52],[62]. This consistent usage across various
studies ensures the reliability of these datasets for training and testing MI-EEG classifi-
cation models. The following table includes the key information of these datasets related
to MI-EEG studies.

Table 2. Publicly available MI-EEG datasets.

No of No of No. of
Dataset Class labels EEG . .
Channels | Subjects | Trials
e Left Hand
BCI C tition 1l 3 [63 3 1 280
ompetition 1 3[63] 1 | piaht Hand
e Left Hand
BCI Competition Ill 3a [64] | © RightHand 60 3 240
e Foot
e Tongue
BCI Competition Ill 4a [65] | = dntHand 118 5 1400
e Foot
e Left Hand
BCI Competition IV 1 [66 59 7 1400*
pett 061 |, Right Hand / Foot
e Left Hand
s ¢ Right Hand
BCI C tition IV 2a [67 22 9 576
ompetition a[67] e Both Feet
e Tongue
e Left Hand
BCI ition IV 2 24
Cl Competition b [68] « Right Hand 3 9 0
e Left Hand
¢ Right Hand
HGD [11 12 14 14
GDI11] e Both Feet 8 000
e Rest
e Open a Fist
EEGMMID [69] e Close a Fist
: 64 109 1500+
(PhysioNet) e Open both fists or feet
e Close both fists or feet
e Left Hand
OpenBMI [70 20 54 ~21600
penBMI [70] « Right Hand
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* 1400 is the number of trials which are included in the selected subset of the complete

dataset.

For this thesis work subset of “BCI Competition IV 1” dataset has been used (see Section
4.1).

3.2 SNNs in MI-EEG Classification

Compared to second-generation ANNs and other machine learning methods, fewer stud-
ies have employed SNNs for classifying MI-EEG signals. However, despite a smaller
research community, robust SNN based models have been developed that achieve suf-
ficient classification accuracy in MI-EEG signal classification. Table 3 provides examples

that highlight the performances in MI-EEG task classification achieved by SNNs.

Table 3. Examples of works related to MI-EEG classification tasks that use SNNs

Study | Dataset Input Features Learning Rule A Mean
ccuracy
(19] | EEGMMID 2D matrices spatially Spatlo-temporal back 79 95%
mapped channels propagation
[20] | BCIC IV 2b | Band Power Values | 7 |reshold Based Spike 75%
Rate Potentiation
Spike representation | Mapping a trained CNN to 0
[21] | BCICIV2b of time-frequency a SNN (Shadow training) 75.63%
[22] | BCIC IV 2a | PSD, DWT E::'C'e Swarm Optimiza- | g4 470,
Time-frequency Gradient based optimiza- o
[23] | BCICH3 PSD distributions tion with backpropagation 93.9%
Time domain sianal A surrogate gradient
[24] | OpenBMI . 9 based backpropagation 72.83%
windows
method

Even though there are several works that use SNNs to classify MI-EEG signals, we could
not find any that use the CSP method to condition the signals. The CSP method effec-
tively transforms temporal MI-EEG signals into a space (by emphasizing the differences
in the variances of their amplitudes) where they are more easily separable into classes
[12]. This quality allows the signals to be encoded into spikes without losing critical infor-
mation. This is the major reason that this thesis focuses on CSP when building the clas-

sification pipeline.
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3.3 Spike Encoding, Learning Rules and types of SNN architecture

From the software perspective, researchers in the neuromorphic domain mainly examine
encoding methods, learning rules and architecture for neural networks [17]. A good en-
coding method can select only the critical information from input signals while minimizing
spike counts, which are proportional to energy consumption at the system level. Good
learning rules and architecture act energy efficiently in the train phase as well as infer-
encing phase by finding the best (or better) solution for the classification task (For exam-
ple, some learning algorithms promote sparsity or efficient activation patterns, which re-

duce the number of computations required during both training and inference).
There are three commonly used efficient spike encoding methods [17] :
¢ Rate Coding — Information is encoded with the firing rate over a time interval.
e Latency Coding — Information is encoded in the timing of the first spike

¢ Delta Coding — Information is encoded according to the change compared to the

previous sample (mostly used to encode time series data)

In Section 4.3.2, these methods are comprehensively explained. It is worth noting that

novel encoding methods are mostly built upon these methods.

There are studies which have focused on inventing and modifying learning rules for train-
ing spike based neuromorphic architectures. Compared to the conventional learning
rules, these rules focus on working with spikes to optimize the performance of SNNs
while preserving energy efficiency. Table 4 presents a few learning rules introduced for

training spike intelligence systems.

Table 4. Learning rules for training SNNs and their biological plausibility

. Biological
Study Learning Rule Remarks Plausibility
Surrogate gradient o .
Use approximation to handle non-differ-
[7] | based backpropa- | - ity of spikes Low
gation through time y P
[72] | SpikeProp psg temp(?ral difference errors for ad- Low
justing weights
. Inspired by natural selection, where po-
Evolutionary algo- . : .
[73] fithms tential solutions evolve generation by Low
generation
(74] | BCM Rule Adjusts synapt!c strengtﬁ d.e.pendlng on High
the postsynaptic neuron's firing rate
75] | sTDP Adjusts _syngptp strength dept_andlng on High
the precise timing between spikes
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In this work, surrogate gradient based backpropagation through time was employed to
optimize the SNN architectures by considering its effectiveness on updating weights over

other methods in general computational architectures.

Like the conventional neural networks’ architectures, SNNs are also emerging with vari-
ous types of architectures such as feedforward SNNs, recurrent SNNs, convolutional
SNNs, liquid state machines and spiking DBNs by providing versatile options for ad-
dressing challenges [76]. These different architectures provide a range of flexible and
powerful approaches to addressing various challenges. Consequently, many fields (such
as pattern recognition, sensory processing and decision making) can harness the energy

efficiency advantage of neuromorphic systems.

The optimal energy efficiency of SNNs cannot be accessible with conventional compu-
ting architectures (such as Von Neumann architectures), which are designed to work
with synchronous digital signals. A major mismatch is that conventional architecture op-
erates with clock signals, consuming power regardless of whether important information
is being processed. In contrast, neuromorphic systems activate asynchronously and con-
sume power when there is enough potential to produce spikes. Hence, implementation
of SNNs in hardware requires new architectures. To address this need, several neuro-
morphic hardware chips have been developed specifically to process spikes and update
weights. Table 5 includes some of these chips that are available in the market or availa-

ble to use for research groups.

Table 5. Neuromorphic hardware chips

Ref. | Name of the Chip Designer/Manufacturer

[77] | Loihi Intel Labs

[78] | TrueNorth IBM

[79] | SpiNNaker2 Technische Universitat Dresden
[80] | Xylo SynSense

This section and the entire chapter highlight the significant emergence of the neuromor-
phic field in both software and hardware. By mimicking biological neurons, this field is
set to drive the development of energy efficient intelligent systems. Such advancements
promise to make reliable, energy efficient wearable devices (like MI-EEG based weara-

ble BCI systems) more accessible and affordable in the near future.
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4. MATERIALS AND METHODS

This chapter presents the materials (dataset and software libraries) and methods (exper-
imental procedures) utilized and implemented in this study. The purpose of this chapter
is to provide a comprehensive understanding of the approach that was used to achieve

the objectives of this thesis.

4.1 Dataset

The calibration dataset from the “BCl Competition IV—Dataset 1” was selected for this
study to train and test the SNN based classifiers [66]. This sub-dataset consists of la-
beled EEG signal trials corresponding to two classes (right and left hand Ml ), recorded
from five healthy subjects, with 100 trials available for each class per subject. Each rec-
orded trial has a duration of 8 seconds. Figure 5 illustrates the paradigm which has been

used to record the signals with visual cues (symbols in the black boxes).

Right Left
B /
Black Fixation Cue Motor Imagery Cue
Screen
r T ! I ] | | | >
0 1 2 3 4 5 6 7 8 ts)

Figure 5. An illustration of the paradigm of recorded calibration trials. Black boxes show
the symbols that appeared on the monitor as a visual cue for the subject. This figure has
drawn according to the description provided by [66].

In general the time period between 4.5 s to 6.5 s shows dominant neural activities related
to MI tasks [44]. Hence, for the development of classifiers in this thesis work, only the

trimmed time windows from 4.5 s to 6.5 s were considered.

In this dataset, the EEG signals were acquired using 59 Ag/AgCl electrodes densely
distributed over the sensorimotor areas to capture the electrical activities of the brain
related to the motor imagery tasks. A “BrainAmp MR plus” amplifier was used to record
the signals coming from the electrodes. The amplifier originally sampled the data at 1,000

Hz with 16-bit quantization, providing a 0.1 yV accuracy. For post analysis the data were
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down-sampled to 100 Hz. Additionally, they used a low-pass filter with a cutoff frequency
at 49 Hz to eliminate powerline noise as well as other high-frequency noises. This da-
taset is publicly available for download at https.//www.bbci.de/competition/iv/down-
load/index.html.

4.2 Used Software Libraries

This thesis work is conducted in a software environment based on the Python (version

3.8.18) programming language. The following Python libraries were used :
e NumPy (version 1.24.3)

For numerical computing tasks, NumPy is a fundamental library in Python. It is primarily
used for manipulating data structures such as arrays and matrices. NumPy provides a
wide range of operations, including sorting and selecting data, reshaping arrays and ma-
trices, and performing mathematical operations. In this work, NumPy was mainly used
for preprocessing steps (especially for selecting the signal windows and constructing the

CSP filter for spatial filtering).
e SciPy (version 1.10.1)

SciPy is a package built on NumPy. It provides high-level syntaxes for using the funda-
mental algorithms for scientific computing. In this work, SciPy was used to load EEG

data from the data files and build the IIR filters to condition the EEG signals.

e SnnTorch (version 0.6.4)

This Python library is designed to implement SNNs and train them with gradient based
learning methods. SnnTorch is built on PyTorch which is an open-source deep learning
framework renowned for its intuitive Python interface and the capability to use GPU-
accelerated tensor computation. Since SnnTorch inherits the functionalities from
PyTorch, it is efficient for implementing SNN based pipelines and testing their perfor-

mances.


https://www.bbci.de/competition/iv/download/index.html
https://www.bbci.de/competition/iv/download/index.html
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4.3 Implementation of Pipelines

The first objective of this thesis is to implement a feasible SNN based pipeline for MI-
EEG classification. As with conventional methods, the implementation of pipelines starts
with the preprocessing steps, namely, applying BPF and CSP methods to the data. In
contrast to conventional methods, preprocessed signals must be converted into spikes
before feeding the SNN based classifiers. There are three major spike encoding methods
(rate encoding, latency encoding and delta encoding) that convert signals into spikes.
Each method has its own benefits and drawbacks. Hence, to find out the effect of each
encoding method for the SNN based MI-EEG classifiers and to select the most suitable
one for future works, three types of pipelines have been implemented based on each
spike encoding method, as illustrated in Figure 6. This section provides detailed descrip-
tions of each step in these pipelines to describe their implementation and discuss their

suitability.

Pre-Processing

—_—— e e e e = — — —

EEG Rate Classification
Signals Coding Result

Latency Classification
Coding Result

Time
domain
Signals

Figure 6. Block diagrams of the three implemented pipelines. Pipelines A, B, and C
correspond to the rate coding, latency coding, and delta coding approaches, respec-
tively.

4.3.1 Preprocessing Methods

Due to the non-stationary behavior of EEG signals, preprocessing techniques are essen-
tial for extracting relevant features from MI-EEG signals to make them separable into
classes [30]. Preprocessing methods are intended to mitigate unwanted noises and en-
hance the feature selectivity in the signals, boosting the overall performance of systems.
The types of preprocessing steps that are employed to condition the signals depend on
the application and the type of noise affecting the signals. In the context of MI-EEG sig-
nals, frequency domain filters are essential for removing unwanted noise to improve the
SNR value of the signals, while spatial filters are needed to enhance spatial features for

the identification of the dominantly active brain regions [30].
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e Band-Pass Filter (BPF)

The frequency bands of interest are roughly 8 Hz to 13 Hz and 14 Hz to 30 Hz for the
MI-EEG signals (see Subsection 2.2). However, when analyzing the MI-EEG signals in
the dataset, we observed that some of the low frequency components (lower than 8 Hz)
correlate with Ml activities. Thus, the 2 Hz — 30 Hz frequency band was selected as our
frequency region of interest instead of 8 Hz — 30 Hz. To filter data in this selected band
region from the other data, we integrated 6th order IIR Butterworth filters with a passband
of 2 Hz to 30 Hz to the pipelines. The order and type of the filters were selected consid-
ering the widths of pass and stop bands and the previous experiments [81], [82]. These
BPFs cut the DC offsets and slow wave artifacts from the lower end of the spectrum and

reduce the effects of the noise components beyond 30 Hz.
e Common Spatial Pattern (CSP)

Since the MI-EEG signals from different classes are generated in different brain areas,
spatial filtering can potentially increase the separability of the data between classes. The
CSP algorithm was used in the implemented pipelines as another preprocessing step
after the BPFs. The main expectation was that the CSP algorithm would enhance the
spatial features of MI-EEG signals associated with each class [45]. Along with Figure 7,

the numerical implementation of the CSP algorithm is described below.

(a) X eft Xright
_ ///\/v\_—«__/—\f\__ .\”//\/\/\-—\/“\f\——
= ﬂAMA/\I\J\WV ¢ _.#‘,MW c
N%\/—, : N&'\/ .
T T
(b) Z ot Lpight
1 AWV T
j ’ = M C \ \ ‘ : c

N " | \‘\/W\N"\N\f\/

T

Figure 7. Demonstration of the input and output signals of the CSP algorithm. (a) Xieft
and Xgignt matrices represent the prepared matrices that include each class's trial data.
(b) Zrer and Zrign: matrices represent the output signals of the CSP algorithm. N, T, and
C denote the number of trials, sample points per trial, and EEG channels, respectively.
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Figure 7(a) shows the matrices that should be prepared to execute the CSP algorithm.
The number of trials per class (N, which is 100 in this work) proportionally affects the
effectiveness of the CSP spatial filters and should be nearly equal for each class. Other-
wise, spatial filters will be biased to the class with the larger value. The number of chan-
nels (C, which is 59 in this work) also has a positive effect on the filters’ output since the
high number of channels provides more information about the signal sources. The num-
ber of sample points (T, which is 200 in this work) should be selected carefully, consid-
ering the period in which activation of relevant sources (relevant areas in the motor cor-

tex) is dominant.

Firstly, the demeaned signals in trimmed 2-second time windows by the BPFs were in-
cluded in the two 3-dimensional matrices as illustrated in Figure 7(a) considering their
labelled classes (Left and Right). After that, the following operations were performed on

them sequentially, as explained in [12].

Operation 1 - Computing the average covariance matrices:

— Compute the covariance matrix for each trial

PR .
' trace(XXT) (1),

— Compute the average covariance matrix for each class

1 N-1
Riepe = ()% Y. R @)
i=0
1 N-1
Reigne = (37) X D R @),

i=0

In Equations 1, 2 and 3, i denotes the trial number. R; represents the covariance matrix
of the i*" trial and X; represents the input data of the i*" trial (T number of time samples
from C number of EEG channels as illustrated in Figure 7). N is the number of trials in a
class. Rpight and Ry, are the average covariance matrices of each class which sum-

marize each class’s overall spatial variance patterns.

Operation 2 - Forming composite covariance matrix (R.):
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R, = RRight + Riere (4)

The composite covariance matrix provides a unified reference for whitening the data,

ensuring that both classes are normalized in the same spatial domain.

Equation 1 makes R; matrices symmetric (which have same number of columns and
rows). Hence, the matrices Rgjgne, Rrerr and R, inherit this property according to Equa-

tion 2-4, and become symmetric matrices too.

Operation 3 — Since R, is a symmetric matrix, it can be decomposed by using the “ei-

genvalue decomposition”:

R.=UAUT (5),

where U is an orthogonal (UUT = I) matrix of eigenvectors and A is the diagonal matrix

which has corresponding eigenvalues [83]..

Operation 4 - Compute the whitening transformation matrix P:

p= A0S T (®).

Calculation of A~%° can be performed using the piece-wise square-root operation on A,
since it is a diagonal matrix and all the elements in it are non-zero positive values. Whit-
ening transformation simplifies the elements in the R, by normalizing them and eliminat-

ing their statistical dependencies (decorrelation) [84].

Operation 5 - Whiten one of the average Covariance Matrices using P :

Sieft = P Rpeft PT o1 Spigne = P Rrigne PT (7),

where S;.rr and Sg;gpn, are the whiten average covariance matrices of each class which

can be produced by using matrix P.

Operation 6 - Performing the eigenvalue decomposition again on one of the whiten av-

erage covariance matrices :

SLeft =B FLeft BT or SRight =B FRight BT (8).
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Here, B is the matrix of eigenvectors of Sy and Sgigne, [Lefe @Nd Igign are the diag-
onal matrices of eigenvalues of Sy.rr and Sgigne. Since Spere + Spighe = PRP =1,

Siest and Spigne Share the same eigenvectors, that is the reason for having same eigen-

vectors for both left and right equations.

Operation 7 - Computing the projection matrix (W):

W= BTP (9).

The elements of W are spatial filters. They increase the variance of the unique set of

output signals and minimize the variance of the other set of output signals.

Operation 8 - Projecting the original signals (X,.s; and Xg;4n¢) Onto the spatial filters:

Ziepr = W Xiert (10)
ZRight =W XRight (11),

where Z . and Zpgigne are the matrices that contain spatially filtered signals from the

CSP filters. These Z matrices have the same shape (N x T x C) of the signal matrices
that are prepared to build the CSP filters (see the shape of matrices in Figure 7(a) &
Figure 7(b)). The output signals from a set of CSP components should exhibit higher
amplitudes (indicating higher sample variances) for one class and lower amplitudes (in-
dicating lower sample variances) for the other class. Conversely, the other set of CSP
components should display the opposite pattern. Figure 7(b) demonstrates this graph-

ically.

4.3.2 Spike Encoding Schemes

After the preprocessing steps (BPF and CSP), the signals were uniquely processed in
each pipeline to generate spike patterns in order to feed the SNN classifiers. This section
discusses these schemes. Figure 8 presents a summarized overview of each spike en-
coding scheme and Figure 9 visually demonstrates the process of each spike coding

method.
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Output of CSP Input to the Spike Encoder Encoder Output of the Spike Encoder
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Figure 8. Spike encoding schemes intergrated in each pipeline. N, T, and C denote the
number of trials, sample points per trial, and EEG channels, respectively. Number of
timesteps (niimesteps) IS @ manually defined integer for limiting the length of the outputs.
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Figure 9. Visual demonstration of each spike encoding method. Figure is adapted from
[14]. (a) Left column shows how the rate coding produces spike trains for different gray
color values. (b) Middle column shows how latency coding embeds the data values into
the spike times. (c) Right column shows how the delta coding method produces spikes
according to the changes of input signals.
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¢ Rate Coding — Pipeline A

Rate coding produces spike patterns over a defined number of steps (which is 14
(Ndimesteps) iN this work) based on a probability distribution influenced by input values.
Figure 9(a) graphically explains the process of rate coding by showing the effects on the

spike train according to the different input values (probability values).

In the rate coding pipeline, the spike encoder receives 59 (C) input values for generating
spike patterns relating to a trial window. These input values are the sample variances of
the 59 signals projected from the CSP spatial filters for that particular trial window (see
Figure 8 which clearly illustrates this). To ensure these values can effectively represent
probabilities, all sample variances are normalized within trials, limiting their range be-

tween 0 and 1 before starting the encoding process.

In this rate encoder, the Bernoulli distribution (which is a special case of the binomial
distribution) was chosen to generate spike patterns because of its simplicity and its com-
patibility with the binary nature of spikes. The Bernoulli distribution outputs a 1 (spike) or

0 (no spike) based on a single probability value as expressed in Equation 12:
out;~ Bernoulli(p = x) (12),

where out; is spike information in the it" position of the spike train and x is the input
value which is assigned as the probability of succeeding (receiving 1) in Bernoulli distri-

bution.

To generate a spike train with a length of nsimesteps fOr a given input value, Equation 12 is

executed in Neimesteps times repeatedly with the same input value.

e Latency Coding — Pipeline B

In latency coding, input values are embedded into the time delay for occurring the first
spike (see the middle column of Figure 9). The delay time is inversely proportional to the
magnitude of the input value. In contrast to rate coding, only one spike is produced in
the latency coding approach. This work used Equation 13 to generate spikes according
to latency coding (see APPENDIX A for the derivation of Equation 13):

X
tdelay = Tln(X—V )
th

where t;e14y is the time to happen first spike of a leaky integrate and fire (LIF) neuron

when providing a constant current which has an x (input value) magnitude. T and V;
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are fixed parameters which represent the time constant and the membrane threshold

voltage of the neuron. The achieved t4.4, values from Equation 13 for the inputs are
rounded to nearest integer values to determine the time steps for assigning spike occur-
rences. When encoding the data, the values 1 and 0.5 have been assigned to T and V,
in this work (in SnnTorch these parameters are defined as unitless parameters for sim-
plicity). In the case of X is smaller than V,, it is recorded as an input without a spike.

Hence, Equation 13 has not been used in such a case.

Similar to the rate encoding pipeline, the encoder in latency pipeline uses the normalized
variances (within trials) of projected outputs from CSP filters as the input value x for
determining the tge;4,. Therefore, in the latency coding also, only 59 input values are

used to produce output spike patterns for one trial window (see Figure 8).

The number of timesteps was limited tO Nemesteps (Which is 14 in this work) to remove the
inefficiency of the encoding method due to long delay times. However, this does not
affect the overall performance of the pipeline since long-term delays represent the least

significant information.

¢ Delta Coding — Pipeline C

Compared to the other two methods, spike encoding in delta coding pipeline is compu-
tationally less complex. It considers the difference between the adjacent time samples
and if the change exceeds the defined threshold value, it produces a spike at that time
step. The process of delta encoding can be stated as Equation 14:
1; x[i] —x[i—1] = Vg
out; = (14),
0; x[i] —x[i —1] < Vyp
where out; is the i** position of the spike train and x is the preprocessed signal in the

time domain. The left column of the Figure 9 illustrates of this process.

In contrast to the other two pipelines where the variances of the CSP signals were used
as inputs, the delta coding pipeline uses the projected signals from CSP method as they
are. Consequently, the output of the delta coding produces the spike trains which have
the exact shape of the input which is 59 x 200 for a trial window in this work. Having such
a long input and output dimension (200 time points), which correspond to each other
sample by sample, gave us the opportunity to study the performance of an SNN-based
classifier that runs online, in contrast to the other two batch classification methods. Figure
8, illustrates the differences in the inputs and outputs of the delta encoding process com-

pared to the other two methods.
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4.3.3 SNN based Classifiers

The primary classification process in the designed pipelines occurs within the SNNs. In
these SNNs, the input spike trains are processed to indicate the class of the input signals.
To elaborate how the SNNs act, this section covers key components of the SNN classi-
fiers including the neuron model used for the networks’ neurons, network architecture,

training process, and testing method used to evaluate the classifiers' performance.

e Neuron model

For simplicity, a first-order LIF neuron model was used in every layer of SNN structures
in all three pipelines. LIF is one of the simplest neuron models closely representing bio-
logical neuron activations. The membrane potential of the LIF neuron is updated accord-
ing to Equation 15, and produces spike given a crossing of a membrane-potential thresh-

old as expressed in Equation 16.

V[t +1] = BV[t] + L[t + 1] — RVpp, (15)
(1 ifVE Vg
S‘R‘{o ifv< VZ:r (16)

Here, I;, is the sum of the input currents, V is the membrane potential of the Neuron, S

represent the decay rate of the membrane potential (here f reflects the quality of time
constant T) and Vi, is the threshold membrane potential to mark a spike. R is there to

represent the reset mechanism.

The spikes (from spike encoding schemes or previous layer neurons) that come toward
the neurons in SNNs are converted to different current values with the multiplication of
synaptic weights. Thereafter, at the neurons, these currents are summed together and
given as input to the neuron as described in Equation 15. When V > V,,., neurons pro-
duce a spike (S = 1) and assigns R = 1 to update the V subtracting it by V;,. Other-

wise, R and S remains as “0” as expressed in Equation 16.

e Network architecture

Each SNN architecture in this works’ pipelines has three fully connected layers of neu-
rons with learnable weights. Input layers of SNNs have 59 neurons to acquire the 59
spike trains which feed to the networks. Secondly, each SNN has a hidden layer. Number
of neurons in these hidden layers were empirically adjusted to enable them to handle the
complexities of the input data. In the output layers two-neurons are employed for repre-
senting “Left-MI” and “Right-MI”. Ideally, one of these neurons will be dominantly acti-

vated at the inferencing stage to represent the predicted class by the SNN.
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e Training Process

The employed training method for SNNs was very similar to the traditional deep learning
algorithms. As in traditional methods, weights were updated with backpropagation to
minimize the loss (a measure of error between models’ predictions and actual values).
In contrast to traditional neural networks, SNNs do not produce outputs with continuous
values. Thus, gradients cannot be calculated for SNNs. Therefore, SNNs require an al-
ternative method for calculating gradients to adjust the weight values according to the
backward error propagation. An alternative solution for this is surrogate gradient method
which introduces a differentiable approximation for the activation function of the spiking
neurons. So, instead of Heaviside step function (H(V)), it introduces a differentiable
function ( f(V)) for gradient calculation in the backward propagation. In this work, the
arc-tan function in Equation 17 was used as the approximated function. The first deriva-

tive of the arc-tan function ( f'(V)) is shown in Equation 18.

HV) = f(V) = % arctan (m(V — V) (17)
o L 1
PO G a7 (18)

Figure 10 shows the behavior of the heavy sidestep function, surrogate function and its

first derivative.
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Figure 10. The graphical illustration of Heaviside step function H(V) (green), surrogate
function f(V) (blue) and its first derivative f'(V) (red). Note that the horizontal axis is
shifted by V,, for achieving symmetricity and the vertical axis has no units for values but
represents numeric scale to express the behaviors of functions relative to the others.
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e Loss Functions

In ML algorithms, loss refers to a measure of error between models' predicted outputs
and target output values, indicating how well the model performs. A loss function is a
mathematical formula used to compute this error for the optimization processes to mini-
mize the total error during training. By evaluating the loss function's value, training algo-

rithms adjust the models' weight to improve predictions.

In this work, two different loss functions provided by PyTorch were employed individually
in each pipeline. The Cross Entropy (CE) Loss function was utilized in the rate coding
(A) and latency coding (B) pipelines [85]. The Binary Cross-Entropy (BCE) with Logits
Loss function was applied in the delta coding (C) pipeline [86]. Each of these loss func-
tions was selected for pipelines based on their suitability for computing losses from the

respective outputs, as evaluated by the overall accuracy levels achieved.
e Hyperparameters

Hyperparameters are configurations that control the training process and model archi-
tecture but are not learned from the data. Manually set hyperparameters in this work are
mentioned in APPENDIX B. The hyperparameters not mentioned in APPENDIX B use
the default values given by PyTorch.

e Testing Method (Performance Measure)

To measure the overall performance of the pipelines, we used the classifier models
which were built by using the pipelines. In this process, we evaluated the classifiers' test
accuracies using a 5-fold cross-validation method on each dataset. Each dataset was
divided into five unique folds. For each of the five iterations, we trained a classifier using
four folds for training and one fold for testing, rotating the test fold each time. By averag-
ing the accuracy values obtained from these iterations, we ensured that the results are
validated and not overfitted to a particular train-test split. This testing method provides a
robust assessment of the pipelines' effectiveness in constructing classifier models across

different subsets of the data.

80% of the encoded trials were used for training the weights of the classifier network
based on the obtained values of the loss function, and the remaining 20% were used for
testing the obtained classifier. Accuracy of the M| event predictions were considered as
the performance measure. The process can be explained in brief with the following Equa-

tion 19, Equation 20 and Equation 21.
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§; = argmax( SC(0,);,SC(0g);) (19)
1, if §; = target class
Prediction; = { .f };l 7 (20)
0, if §, # target class
N Prediction;
Accuracy = = N = X100 % ().

In Equation 19-21, [ denotes the trial number, and N denotes the number of trials in the

test datasets. SC(0;); and SC(0y); represent the spike counts of the left and right output
neurons and the class of output neuron which produces the highest spike count identified
as the classifier’s prediction. Predictionis a one-dimensional array. Its i*" element rec-
ords whether the classifier’'s prediction for it" trial is correct. The Accuracy for test da-
tasets are calculated after recording the prediction of each trial and expressed as a per-
centage of accurate predictions compared to the total number of trials in the considered

test dataset.

4.4 Pipelines without the CSP algorithm

To evaluate the effectiveness of the CSP algorithm on these particular pipelines, we
employed the same experimental procedures described in Section 4.3 but excluded the
CSP step from the pipelines. This modification can be identified as a control experiment
of the original pipelines. The aim of this control experiment is testing the ability of our
SNN based pipelines to classify MI-EEG data in the absence of the CSP preprocessing
step, which has previously been widely used in conventional EEG classification applica-
tions [87] without additional adjustments to our pipelines. Figure 11 illustrates the steps

in the pipelines of these control experiments.

Pre-Processing  _— - - - _ _ - - - _ .
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Figure 11. Block diagrams of the three implemented pipelines for the control experi-
ments. Pipelines A, B, and C correspond to the rate coding, latency coding, and delta
coding approaches, respectively. In contrast to the proposed pipelines, the CSP method
has been removed from here.
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5.RESULTS

The raw MI-EEG signals were transformed into spike trains for feeding the SNN classifi-
ers using preprocessing methods and spike encoding schemes in the developed pipe-
lines. This chapter presents their effects and the pipelines' overall performances with
illustrations of the data at different stages of the pipelines. The insights gained from these

result figures are included in the Discussion.

5.1 Preprocessing of Raw MI-EEG Signals

As discussed in the Materials and Methods section, BPF and CSP filters were employed
to preprocess the raw MI-EEG signals (see Subsection 4.3.1). These two steps have
been employed to increase the overall accuracy of the pipelines by enhancing the rele-
vant features in the signals. The plots in Figure 12 illustrate the need for these prepro-

cessing steps and the advantage gained through their use.
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Figure 12. Transformation of raw EEG signals through preprocessing steps. The left and
right columns show signals associated with left and right Ml events respectively. The first
row presents the raw signals, the second and third rows display signals after applying
BPF and CSP. Legends represent the names of the electrodes or CSP components.
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The significant displacements from the origin axes of the raw signals shown in Figure 12
indicate that the raw signals have large DC offsets. After applying the 2 Hz to 30 Hz BPF,
those DC offsets are removed since BPF filters the 0" frequency component. Addition to
that, the BPF has reduced the noise components which are beyond 30 Hz. In result,

irrelevant fast fluctuations also have been mitigated from the signals as shown in below

Figure 13.
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Figure 13. A comparison of power spectra before and after applying BPF. The left and
right columns respectively represent the signals associated to left and right Ml events
while first and second rows represent power spectrum of signals before and after apply-
ing BPF. Legend indicates the name of the electrodes.

Usually, slower frequency components (less than 2 Hz) of MI-EEG signals contain the
effect of heart activities, breathing artifacts, eyeblinks and other physical movements.
Faster frequency components (greater than 30 Hz) of MI-EEG signals usually contain
effects of powerline noises, muscle activities and ambient EM waves [88]. As shown in
Figure 13, after the BPF, these irrelevant frequency components have been diminished
from the MI-EEG signals. With the BPF, the SNR of the MI-EEG signals has been in-
creased while preserving key information related to Ml activities, such as mu (~8 Hz - 13
Hz) and beta (~14 Hz - 30 Hz) band powers.

The time domain signals in the third row of the Figure 12 illustrates the effect of CSP
spatial filters (which were implemented by using Eq. 1-11). It can be observed that CSP
filters have increased the amplitudes of certain signals while decreasing the amplitude
of other signals corresponding to the class of MI-EEG signals. This increases the sepa-

rability between classes, which is a core feature of the CSP algorithm [89]. The effect of
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this can be clearly interpreted by using the mean variances of signals as shown in Figure
14.
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Figure 14. Difference of signal variances before and after the CSP filtering. (a) Average
variance of the EEG signal components after the BPF and before the CSP filtering and
(b) average variance of the EEG signal components after the CSP filtering. Blue and red
color bars correspond to left trials and right trials respectively.

The CSP components, acting as virtual electrodes, are constructed through linear com-
binations of each electrode. The variances of signals corresponding to these compo-
nents show distinguishable differences between classes, as shown in Figure 14(b). For
the left Ml signals, lower variance values can be found in CSP components closer to 0,
while higher variance values can be found in CSP components closer to 58. For the right

Ml signals, the output of the CSP has the exact opposite pattern.
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5.2 Effectiveness of Spike Encoding Schemes

After the preprocessing steps, the signals were encoded into spike trains using the spike
encoding schemes specific to each pipeline (see Figure 8). The encoded signals (as
described in Eq. 12-14) also demonstrated class separability through distinguishable

CSP components. Figure 15 shows sample raster plots after the CSP method.
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Figure 15. Examples of visually illustrated spike trains. These plots are related to two
trials (left Ml and Right MI) which are obtained from one subject. Employed coding meth-
ods have been mentioned at the right side of each row. Regions with comparatively high
spike counts have been surrounded by red rectangles.

The raster plots of Figure 15, show a clear distinguishability between the CSP compo-
nents for all encoding methods. The red rectangles highlight the areas with higher spikes,
indicating that corresponding CSP components are crucial for predicting the associated
class labels (mentioned at the top of the column). These qualitative observations prove
that each employed spike encoding is capable of preserving the class distinguishing fea-
tures. The quantitative interpretation of the distinguishability of the generated spike trains

is shown with the illustrated histograms in Figure 16.
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Figure 16. Histograms of spikes across multiple subjects’ data. Subfigures are associ-
ated with each spiking method: (a) rate-coded spike trains, (b) latency-coded spike
trains, and (c) delta-coded spike trains. Blue and red color bars represent the spike
counts of CSP components corresponding to left trials and right trials respectively.

Figure 16 illustrates that the generated spike trains also exhibit class separability across
subjects and demonstrates the capability of implementing generalized classifiers using
all three pipelines to classify both single subject and multi subject data. The visually ap-
parent results in these plots provide sufficient justification for effectively using SNN clas-
sifiers in classification tasks.
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5.3 Learning Curves

As explained in Subsection 4.3.3, the training process of the SNN based classifier utilized
80% of the entire dataset considered for implementing the classifier. The remaining 20%
of the dataset was used to test the model. During training, loss and accuracy values were
recorded after each batch iteration for both the training and test datasets. The evolution
of these values through the training iterations (learning curves) reflects the effectiveness

of the training process.

Figure 17 shows how the learning curves from each type of classifier were reduced dur-
ing the training phase when the models were trained on data from a single subject (sim-
ilar behaviors were also observed with data from other individual subjects, which are not

presented here).
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Figure 17. Example set of learning curves related to the classifier models which are
trained with a single subject data. Columns (a), (b) and (c) correspond to the rate coding
pipeline, latency coding pipeline and delta coding pipeline, respectively. The top row in-
cludes the loss curves, and the bottom row includes the accuracy curves.

While the loss curves quantify the model performance on classifying the data used for
training, accuracy curves mark the final performance of the models. As shown in Figure
17, the loss curves for each classifier tend to decrease, while the accuracy curves tend
to increase. These trends in the learning curves indicate that the implemented pipelines
are capable of learning to predict single-subject Ml EEG tasks without overfitting to the

training data.
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In this work, besides using only single-subject data, we implemented generalized models
across subjects that can adapt to multiple subjects and predict the labels of trials from
multiple subjects by using the same pipelines. Similar to the single subject models, learn-
ing curves have been obtained for these generalized models to evaluate the pipelines’
applicability across multiple subjects. Figure 18 present the learning curves of the gen-

eralized models.
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Figure 18. Example set of learning curves related to models which are trained with data
from multiple subjects. (a), (b) and (c) columns respectively correspond to the rate coding
pipeline, latency coding pipeline and delta coding pipeline. The top row includes the loss
curves, and the bottom row includes the accuracy curves.

It can be seen that the learning curves of the generalized models are closely similar to
the learning curves of the single-subject models. This suggests that the pipelines are
capable of training the MI-EEG classifiers for multiple subject data as well as the single
subject data.

5.4 Activations of SNN Layers in Testing Phase

It is important to evaluate the final performances of the models qualitatively. This sub-
section presents how the activations of neurons have been occurred in the each SNNs
models. Figure 19 in below shows examples of the activations of neurons in each layer

of a SNN model which is trained with a single subject data.
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Figure 19. An example of neuron activations in each layer of a SNN trained with a single
subject data. The left and right columns display samples from the left and right classes,
respectively. The first, second, and third rows represent the types of models: rate coding,
latency coding, and delta coding, respectively.

These figures visualize the overall spiking dynamics happening in each layer of SNNs
for completing a classification task. It can be seen that the delta coding pipeline has
shown the least number of spikes compared to the latency coding method. However, the
delta coding pipeline has shown the highest number of spikes because it produced out-
puts for 200 time steps, while other two methods produced spikes for 14 timesteps.

Hence, when comparing the performance of each, that also needs to be considered. As
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seen in Figure 19, Figure 20 shows the same information on the SNNs that are trained

with multiple subject data.
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Figure 20. An example of neuron activations in each layer of a SNN trained with data
from multiple subjects. The left and right columns display samples from the left and right
classes, respectively. The first, second, and third rows represent the types of models:
rate coding, latency coding, and delta coding, respectively.

The “L” and “R” output layer neurons of each subplot in Figure 19 and Figure 20 repre-
sent the left Ml and right MI classes, respectively. The predicted class from the SNN
classifiers are determined according to Equation 19 and Equation 20, which compare

the total spike counts of “L” and “R” neurons.
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5.5 Performance Measures

The classification performance of each train model was obtained by recording their ac-
curacy performances on both the training data and test data for further analysis. Table 6

presents the result of all pipelines that use the CSP method.

Table 6. Accuracy performance of the pipelines (with CSP)

Pipeline Rate Coding Latency Coding Delta Coding

Train Test Train Test Train Test
Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy

Model (%) (%) (%) (%) (%) (%)
Subject 1 96.96 91.67 90.84 87.25 72.87 66.92
Subject 2 98.99 94.91 92.38 93.94 75.82 72.20
Subject 3 99.49 97.47 93.44 92.99 77.96 73.94
Subject 4 98.99 97.98 92.46 87.31 74.58 75.69
Subject 5 96.44 92.45 84.35 79.80 71.91 65.10
Multi-Subject 95.36 93.83 92.09 88.73 72.43 72.28
Average 97.69 94.69 90.87 88.21 74.23 70.92

Table 7 presents the accuracy performances recorded from the control experiment’s

pipelines which do not include the CSP algorithm for enhancing the spatial features prior

to the spike encoding schemes.

Table 7. Accuracy performance of control experiments’ pipelines (without the CSP)

Pipeline Rate Coding Latency Coding Delta Coding

Train Test Train Test Train Test
Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy

Model (%) (%) (%) (%) (%) (%)
Subject 1 53.30 47.79 49.24 49.97 50.91 50.00
Subject 2 51.92 47.18 48.41 50.00 49.53 50.00
Subject 3 50.00 48.76 55.94 50.00 46.27 50.00
Subject 4 49.49 50.88 51.12 50.00 48.48 50.00
Subject 5 54.35 56.80 55.50 56.88 46.88 50.00
Multi-Subject 51.57 51.42 49.44 50.20 47.38 50.00
Average 51.74 50.37 51.52 51.12 48.22 50.00

The lower accuracy performances presented in Table 7 compared to the values in Table
6, it is evident that all three pipelines rely on the CSP technique to achieve proper per-
formance. The values reported in both Table 6 and Table 7 represent the average per-

formance of multiple models, each trained using 5-fold cross-validation on the dataset
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under consideration. The use of 5-fold cross-validation ensures that the results are ro-
bust and less prone to have erroneous results, as each model is evaluated on different
subsets of the data. Figure 21 shows the comparison between the distributions of all the
accuracy values which were obtained through the 5-fold method on both training and

testing datasets by using the pipelines with and without the CSP method.
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Figure 21. A compatrative illustration of accuracy performances on testing datasets with
and without the CSP method in pipeline. Green, blue, light red color box and whisker
plots show accuracy value distribution related to rate coding, latency coding and delta
coding respectively. Dark red horizontal lines represent the mean value of each distribu-
tion.
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6. DISCUSSION

This chapter provides an in-depth analysis of the insights obtained from the results of
this work. Beginning with the purpose of thesis, this chapter highlights key findings of the
project and their impact on further advancement of SNN based approaches for imple-
menting MI-EEG classifications. Additionally, this chapter addresses the limitations of

the outcomes and discusses potential future directions for continuing the project work.

6.1 The Potential of CSP for SNN based MI-EEG classifiers

As detailed in Introduction, the use of the SNN based pipeline in MI-EEG classification
can offer a significant advantage in terms of energy efficiency, particularly for portable
devices. These energy efficient advancements can be used in various practical applica-
tions including developing exoskeletons, wheelchairs, and other assistive devices in
healthcare applications. Nevertheless, implementations of SNN based pipelines for M-
EEG classification have to pose the same challenges as conventional approaches due
to the properties of the EEG signals, such as low SNR and complex temporal dynamics
[90].

The CSP algorithm has been widely used in MI-EEG classification to address the inher-
ent issues in EEG signals [91],[92]. Since the CSP algorithm transforms the signals into
a new set of components (a new set of signals) that maximize the signal variance for one
class and minimize the signal variance for the other class, it can increase the separability
of the MI-EEG classes. With this outcome, conventional ML approaches can efficiently

train models to classify the EEG signals [45].

These differences in the sample variance of the CSP output signals can be seen in the
time domain signals. For one class, one set of CSP components shows time domain
signals with higher amplitude values, while the other set of CSP components shows time
domain signals with lower amplitude values. And for the other class, time domain signals
show the opposite of this behavior (see time domain signals in Figure 12). This unique
feature shows the potential of CSP output signals to convert into spikes by using all three
major spike encoding methods without distorting critical information. Inspired by this, this
thesis work was focused on evaluating the suitability of using CSP spatial filters to boost

the performance of SNN classifiers for MI-EEG task classifications.

However, the CSP method is not a spiking-friendly algorithm. Therefore, it is not ideal to

implement a complete pipeline for deploying on a neuromorphic chip. The results of our
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work emphasize the necessity of a preprocessing step resulting in a set of signals similar

to the output of CSP signals.

6.2 Evaluation of each Pipeline

Based on the three major spike encoding methods (rate coding, latency coding and delta
coding), this work has implemented three pipelines to train SNN based MI-EEG classifier
models as elaborated in the Materials and Methods. Also, as mentioned there, the “BCI
Competition IV—Dataset 1” was used to train the classifier models and assess the per-
formance of the pipelines in terms of training efficiency, accuracy, and energy efficiency

(the recorded performances of each pipeline are presented in the Results).
¢ Training efficiency

Both loss and accuracy curves of the single subjects’ models from all three pipelines
(see Figure 17) have shown that they are trying to learn something from training data to
predict test data accurately. However, when considering training efficiency, the rate cod-
ing pipelines have performed well by minimizing the loss and maximizing the accuracy
with the minimum training iterations. Compared to the rate coding pipelines, the latency
coding pipelines have underperformed by showing slow convergence. In addition to that,
there is an offset between the test and training curves of latency coding, which means
there is an overfitting issue when we use the latency coding pipelines for training the
models. And the learning curves related to delta coding have shown a very chaotic os-
cillating behavior. However, those have still shown some positive changes (a decrease

in losses and an increase in accuracy).

In multiple subject models (see Figure 18), learning curves related to each pipeline have
shown similar performance like in single subject models with bit of an underperformance.
One possible reason for that is the inability of the basic SNN architectures to adapt to
the variability of the multiple subjects. This could be handled with advanced SNN archi-

tectures and using model optimizers with the regularization techniques.

However, the overall training efficiencies are depended on the used surrogate gradient
based backpropagation algorithm. Hence, these behaviors may change when a biologi-
cally plausible learning algorithm that is more compatible with spiking neurons is em-
ployed for optimizing the weights. While backpropagation algorithms aim to optimize syn-
aptic weights to minimize loss, biologically plausible algorithms may pursue different ob-

jectives in weight optimization.
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e Accuracy performance

Even though the primary goals of using the spiking based algorithms are focused on the
energy consumption of intelligence systems, maintaining an acceptable accuracy perfor-
mance is also important. According to the accuracies presented in Table 6, all proposed
pipelines have shown their potential to produce classifiers for classifying MI-EEG signals
with good accuracy levels. When comparing with conventional works, which achieved
average accuracy from ~70% to ~99 % (a set of examples are shown in Table 3) and
considering the objectives and the scope of this work, the accuracy performances of this

work can be considered as acceptable.

Not only conventional methods based studies, but there are also SNN based approaches
(examples shown in Table 3) that have achieved similar performances in MI-EEG clas-
sifying with different methods on different datasets [19]-[24]. That also implies that the
performances which have been achieved by this work are acceptable. In contrast to
those SNNs, these CSP based pipelines produce spiking trains with higher separability,

allowing SNNs to adapt with a small amount of data.

The best average accuracy has been recorded from the rate coding pipeline by achieving
94.69% average test accuracy from all the datasets that have been used. The latency
coding pipelines have recorded slightly less accuracy performance compared to the rate
coding pipelines. The delta coding pipelines have reported the lowest accuracy perfor-
mance by showing the necessity for further improvements. It could be improved by ad-
dressing its associated high variability in input spiking patterns, which is highly depend-
ent on the threshold level used to generate the spikes. This could be handled with a 2nd
order input neuron layer as those neurons can adapt to the input signals/spikes accord-

ingly and produce spikes only when they carry significant information.
e Energy efficiency

Energy efficiency associated with spiked based processing is the main reason for tran-
sitioning from conventional computing architectures to spiking neural architectures. Un-
like traditional digital systems, spiking based processing units do not require a clock sig-
nal to process the information. Spiking based processing units process information asyn-
chronously only when there is significant information to cause a spike. So, the spikes are
the events that are responsible for energy consumption in spiking based processing
units. In ideal situations, these units consume zero energy in no-spike conditions. Due
to these behaviors, the spiking counts in operations are directly proportional to the en-

ergy consumption of those operations.
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According to the outcomes of each spike encoding scheme (see Figure 16) in this work,
the latency coding has shown the lowest number of spiking counts as the inputs to the
SNNs. Thus, the latency code has shown the highest energy efficiency in producing the
spike trains compared to the other two methods. In the same way, the rate coding has
shown 2™ best energy efficiency associated with the spike encoding methods. The delta
coding has shown the worst energy efficiency in encoding results. The main reason for
this is that delta coding produces spikes for 200 time steps in a trial, while rate coding

and latency coding methods only produce spikes for 14 time steps.

The outcome of the spike encoding method directly affected the number of neuronal
action potentials (spikes) in the layers of SNN, because input spikes propagate along
with the neurons. This can be observed in Figure 19 and Figure 20. As those spiking
activations imply, the overall best energy performances also have been achieved by the
latency coding pipeline models. The rate coding pipeline models have achieved the sec-
ond best overall energy efficiency, making the delta coding pipeline models as the worst

models for energy efficiency.

Despite delta coding exhibiting lower accuracy and energy efficiency performance in this
work, its hardware circuitry is simpler and more efficient than those of latency coding and
rate coding. Delta coding can capture data directly in spike form, which is more energy
efficient than methods that convert captured signals into spikes [17]. In this study, delta
coding has shown its capability of producing continuous spike trains effectively from con-
tinuous (although preprocessed) input signals. This is especially beneficial for building
SNN classifier models to produce output spikes in real-time without having any opera-
tional level delay. Therefore, addressing the issues of delta coding to improve the accu-

racy level and energy efficiency is highly advantageous for making hardware systems.

6.3 Impact of the CSP method

In order to understand the contribution of the CSP method, within this work, we had done
a set of control experiments by using the pipelines without incorporating the CSP method
(see Section 4.4). As originally proposed pipelines, these modified pipelines were used
to implement classifier models and to test them on different datasets. After training the
classifiers (without the CSP), the obtained accuracy values on different datasets have

been presented in Table 7.

For a bi-class classifier, achieving a 50% accuracy on a balanced dataset is the weakest
performance. Even a bi-class classifier which is completely biased to one class can

achieve 50%. According to the values in Table 6 and Table 7 and the distributions of the



44

obtained accuracy values illustrated in Figure 21, it is clear that without the CSP algo-
rithm, the classifiers have completely lost their capability for adapting to MI-EEG signals
and predicting the class of the Ml tasks. Further, this necessitates a spiking based spatial
feature enhancing method for our overall pipelines which can perform similarly to the
CSP method.

6.4 Limitations

Although the implemented pipelines have shown promising results, their applicability is
limited to this study due to the scope of the thesis. Therefore, it is important to understand
the limitations of this work and consider the robustness and applicability of the pipelines

before using and improving them in future work.

One significant limitation pertains related to the data set used for this study. For imple-
menting and evaluating the pipelines, only the ‘BCl Competition IV — dataset 1’ was uti-
lized in this thesis work. Since this dataset was collected from the same experimental
setup, the results obtained from this experiment could be overfitted to this experimental
setup. Although it can be presumed that these pipelines will work on different datasets
due to the solid structure, it cannot be guaranteed. MI-EEG patterns can vary significantly
between subjects according to their mental status, their familiarity with the paradigm and
also the paradigm that is used to record the signals (e.g., some paradigms solely use
visual cues - calibration dataset from [66], some paradigms use acoustic cues instead of
visual cues - evaluation dataset from [66], some paradigms use acoustic alerts along
with visual cues [67],[68]). Furthermore, technical aspects of the recording device (such
as electrode placement, resolution, and signal precision) can impact the data quality and
ultimately affect the accuracy and reliability of the results. Hence, the performance of
pipelines should be validated across the datasets (a few sets of datasets are included in
Table 2).

In addition to dataset limitations, the weight initializing of the CSP filters is another con-
cern. The CSP method uses the samples of labelled trials to initialize the weights, and
the number of these used trials positively affects the performances of the CSP filters [89].
Here in this work, considering the limited number of available trials in the datasets, all
the trials were used to initialize the spatial filters to achieve high separability through the
CSP filters. Consequently, newer signals to the pipelines might not show the same level
of separability after passing through the CSP filters, which could also change the pipe-

lines' overall performance.
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Another limitation is related to our selections of methods for encoding schemes. When
implementing encoding schemes, the rate and latency coding methods can also be ap-
plied directly to time-domain signals to generate spikes instead of using single-entry fea-
ture values. However, achieving effective encoding with these methods requires consid-
ering multiple time steps to generate spikes for a single input sample (see Subsection
4.3.2). This increases the amount of data to process and adds complexity to the pipeline,
necessitating further modifications to improve classifier performance. Considering that
and the scope of this work, the variances of single trials were used as single entry fea-
tures to obtain spike trains. Nevertheless, these rate and latency coding methods may
achieve greater accuracy and efficiency by directly dealing with time-domain signals

compared to delta coding pipelines.

6.5 Future Directions

Ultimately, this project will lead to the implementation of a complete neuromorphic pipe-
line that can be used to build MI-EEG classifiers in neuromorphic hardware. So, as for

future work, there are mainly three things that need to be worked on.

1. Replacing the CSP method with spiking friendly algorithm which mimics the trans-
formation happening in the CSP method.

2. Changing the learning algorithm of SNNs to a neuromorphic (biologically plausi-

ble) learning algorithm.

3. Validate the complete pipeline in a neuromorphic simulation environment and de-

ploy it on a neuromorphic hardware chip.

Through the spike based spatial filters, which can alternate the CSP method, the sepa-
rability of the MI-EEG signals can be enhanced to allow the use of energy efficient spike
based learning algorithms to train SNN based classifiers optimally. That will lead to the
implementation of the complete spike neuromorphic pipeline for building the MI-EEG
classifier models. Validating such a pipeline in a simulation environment will ensure the
way for seamless deployment on neuromorphic hardware chips, demonstrating its prac-

tical capabilities as well as challenges.
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7.CONCLUSIONS

This thesis work was initiated with the primary intention of developing an SNN based
pipeline to implement an MI-EEG classifier, with a focus on harnessing the energy effi-
ciency of spiking based algorithms. In our preliminary studies, we have understood that
the CSP algorithm has the potential for transforming MI-EEG signals into a form that can
be effectively encoded into spike trains and that facilitate the separability of the MI-. To
validate this, three novel types of pipelines were designed based on the spike encoding
method (rate coding, latency coding, and delta coding) by incorporating the CSP algo-

rithm to analyze the performances (see Materials and Methods).

According to the designed pipelines, a set of MI-EEG classifier models were imple-
mented and evaluated using the calibration dataset of the “BCI Competition [V—Dataset
1” (which has labelled trials). A surrogate gradient decent based backpropagation algo-
rithm was used to update the (synaptic) weights in the SNN classifier models according
to the training datasets. After that, the trials in the testing datasets were classified using
the trained SNN models to evaluate the performances of the pipelines. Table 8 briefly
presents outcome of these performance analysis (for comprehensive details see Results

and Discussion).

Table 8. Performances of each pipeline in brief.

Pipeline Training efficiency Accuracy (%) Energy Efficiency
Rate Coding + Minimizes loss + Highest + Medium
+ Maximizes accuracy
+ Fast convergence
Latency Coding | + Minimizes loss + Medium + Highest
+ Maximizes accuracy
- Slow convergence
- Exhibits overfitting
Delta Coding + Decreasing loss - Lowest but - Lowest
+ Increasing accuracy acceptable (Requires
- Chaotic oscillating .(Requires improvements)
learning curves improvements)
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The performance results in this study show that the proposed pipelines are able to clas-
sify the MI-EEG signals. Additionally, a comparative study done in this work suggests
that without the CSP method, all three pipelines were unable to achieve acceptable ac-
curacy performance. This validates our presumption about the CSP algorithm. In these
experiments, the CSP algorithm transformed the MI-EEG signals into a newer set of
signals that can effectively encode into spike trains without losing the critical information
to separate them. Nonetheless, the CSP algorithm is not a spiking friendly algorithm.
Hence, it needs to be alternated in future work with a spiking friendly algorithm which

can produce similar outcome to implement complete neuromorphic pipeline.

In summary, this work successfully demonstrates that integrating the CSP algorithm to
enhance spatial features enables SNNs to achieve excellent accuracy in MI-EEG clas-
sification. Future efforts to develop comprehensive neuromorphic pipelines can build on

this study as a valuable foundation.
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APPENDIX A : Determining the time of the next
spike in LIF neurons

1. The LIF neuron model equation :

dv(t)
dt

T =-V(t) + x,

Where,

t = Time

V(t) = Membrane potential

T = Time constant (the time that need to take for V(t) to change by 1 —e™1)
x = The constant input current

2. Solution of the equation :
Rearranging the equation, we have

dv(t)
dt ?V( )=

t
Multiplying both sides of the equation by ez, the equation becomes

t dV(t)
T

V() = et
et — —er—x.
T
Then the left side of the equation can be simplified to
t
dv|etV(t)
dt T

Integrating both sides of the equation by t, gives the solution

de(e: V(t)> . =f »

et—xdt
dt T

t t
ecV(t)=xer+C,

where C is the integration constant.
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Rearranging the solution, gives

t
Vit)=x+Ce=.
Considering the initial condition at t = 0 and V(0) =V, , C can be found as
Vi)=x+C =>C=V,—x.

Thus, the solution becomes,

t
Vit) =x+(Vy—x) e 7.
Determining the time of the next spike in LIF neurons

When the LIF neurons are used for spike encoding, their initial membrane potential
is always 0. So, we can consider V, = 0.

Hence the solution can be written as

t
Vit) =x—x e 7.

Considering V(tg4eiay) = Vin » the solution can be modified to

_tdelay
Vih=x—-xe <

tdelay

Vth=x(1— e_ T )

_ tdelay _ X — Vth

e T = x
_ tdelay —In (x _Vth)
T X
X _Vth
tdelay =—7ln ( X )

X
tdelay =Tln (x——Vh) .
t
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Table 9. Hyper parameters related to the training phase of the SNN architectures.

Rate Coding Latency Coding Delta Coding
Single Multi Single Multi Single Multi
subject | subject | subject | subject | subject | subject
models | model | models | model | models | model
Number of input
59 59 59 59 59 59
neuron
Number of hidden
1 1 1 1 1 1
layers
Number of hidden
1000 1000 1000 1000 200 200
Neurons
Number of output
2 2 2 2 2 2
neuron
Optimizer Adam Adam Adam Adam Adam Adam
Learning rate 0.0001 | 0.0001 | 0.0001 | 0.0001 | 0.0001 | 0.0001
B1 0.9 0.9 0.9 0.9 0.9 0.9
B2 0.99 0.99 0.99 0.99 0.999 0.999
Batch size 40 200 40 200 40 200
Number of epochs 400 400 400 400 400 400




