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Abstract

Electroencephalography (EEG) is an essential non-invasive technique for monitoring and
analyzing brain activity, widely used in both clinical and research domains to investigate
physiological and pathological states. It offers high temporal resolution, affordability, and
portability, but its inherent nonlinear, non-stationary nature, coupled with susceptibility to
noise and artifacts, makes signal processing highly complex, also for the high-density, multi-
channel EEG dataset, the processing is often computationally expensive. The advent of
advanced signal decomposition techniques and high-performance computing solutions, such
as Graphics Processing Units (GPUs), has opened new avenues for efficient and accurate
EEG signal processing. This thesis explores advanced signal decomposition methods
combined with high-performance GPU-based parallel computing to enhance the efficiency
and effectiveness of EEG analysis.

First, | present a GPU implementation of the Improved Complete Ensemble Empirical Mode
Decomposition with Adaptive Noise (CEEMDAN) algorithm. The CEEMDAN algorithm
retains the original EMD's strength in decomposing EEG signals without relying on a
predefined function, while effectively mitigating mode mixing issues caused by intermittent
noise through the use of adaptive noise. However, the inclusion of adaptive noise increases
the computational complexity significantly. The GPU-optimized approach dramatically
accelerates the time-frequency analysis of EEG signals using CEEMDAN by parallelizing the
processing of noise-signal combinations and minimizing function startup overhead, thereby
enabling more efficient extraction of oscillation patterns. The proposed method demonstrates
significant performance improvements over CPU-based implementations, paving the way for
efficient processing of large-scale, noise-containing EEG signals in neuroscience and clinical
diagnostics.

Second, | focus on the Multivariate Empirical Mode Decomposition (MEMD) method,
tailored for multi-channel EEG data. Multi-channel signal decomposition requires projection
in a high-dimensional space, where the computational load increases with the number of
direction vectors used for projection. Leveraging the parallel processing capabilities of GPUSs,
the MEMD algorithm executes the projection of multi-channel signals onto different direction
vectors and their subsequent decomposition in parallel, significantly enhancing efficiency.
The optimized GPU implementation not only achieves a substantial reduction in processing
time but also preserves the inter-channel correlations critical for functional connectivity
studies. This advancement facilitates efficient network analysis of large-scale multi-channel
bioelectric signals.

Finally, 1 introduce an innovative application of GPU tensor cores to the Independent
Component Analysis (ICA) algorithm, a foundational technique for artifact removal in EEG
processing. The performance of ICA is often limited by the extensive matrix multiply-add
operations it requires. Tensor cores are specifically designed to handle these operations with
high efficiency, delivering enhanced computational performance and memory throughput of
the algorithms. By leveraging tensor cores for these operations in ICA, the proposed GPU
implementation substantially boosts its efficiency, making it feasible to process large-scale,



high-density EEG datasets. This contribution effectively addresses a critical bottleneck in
EEG preprocessing pipelines, particularly for applications that demand rapid artifact removal
and data cleaning.

By combining GPU parallelization with advanced signal decomposition methods, this thesis
achieves a significant advancement in EEG processing efficiency, facilitating applications
such as neurofeedback, seizure detection, cognitive workload monitoring, and brain-computer
interfaces. The integration of scalable, high-performance computing empowers researchers to
analyze large EEG datasets from multi-center studies or public repositories with unparalleled
speed and accuracy.



Osszefoglalo

Az elektroencephalogréfia (EEG) az agyi aktivit& monitoroz&&a & elemzé&sée szolgdd
non-invaz v mé&éstechnolia, amelyet szées k&ben alkalmaznak klinikai vizsgdatokban
illetve az agykutatasban. Az EEG nagy iddébeli felbontdssal rendelkezik, megfizethetd és
hordozhatd azonban a mét jelek feldolgoz&a — a jel nemline&is, nem stacion&ius jellege,
valamint a zajra ¢és mitermékekre valo érzékenysége miatt — komplex folyamat, ami
sokcsatorn&d EEG-mééek esetén gyakran szam i&igényes is. A fejlett jel-dekompoz Ti&
modszerek és a nagyteljesitményli szamitastechnikai megoldasok — p@dal a grafikus
feldolgoz6 egységek (GPU-K) — megjelenée (j utakat nyitott a hatékony & pontos EEG-
jelfeldolgoz&ban. Ez a dolgozat azt vizsgdja, mikéat lehet fejlett dekompozEis
modszereket kombinalni a nagyteljesitményt GPU-alaptp&ahuzamos szan i&technikaval az
EEG-elemzé&ek hatékonys&gdnak & eredményessegének ndvelése &dekében.

A dolgozatban el6szor bemutatom az Improved Complete Ensemble Empirical Mode
Decomposition with Adaptive Noise (CEEMDAN) algoritmus GPU megval&iad. A
CEEMDAN algoritmus megtartja az eredeti Empirical Mode Decomposition (EMD)
algoritmus léyegé az EEG-jelek felbontdsaban, azaz, hogy nem elére definialt
b&isflggvényekre & i, mikéxben hozz&dott adapt v zaj haszndatéval hatéonyan enyh i az
idészakos zaj miatt az EMD moddszerben jelentkezé modkeveredési problémakat. Az adaptiv
zaj beépitése azonban jelentdsen megnoveli a szamitasi komplexitast. A GPU-ra optimalizat
implement&ié a zaj-jel kombin&ick feldolgoz&&ak pahuzamosid&val & a
fliggvényhivasi koltségek minimalizalasaval jelentésen felgyorsitia az EEG-jelek 1d6-
frekvencia elemzését, ezaltal lehetové téve az EEG jelet felépitd oszcillacios komponensek
hatékonyabb kinyerését. A javasolt mddszer jelentds teljesitményjavulast mutat a CPU-alapU
megvalositasokhoz képest, megnyitva az utat a nagyméreti EEG mérési adathalmazok
hatékony feldolgoz&éhoz.

Ezt kovetéen a Multivariate Empirical Mode Decomposition (MEMD) modszerre
&Gszpontos ok, amit kimondottan tébbcsatornd adatok dekompozEiGgaa terveztek. A
mdlszer lényege, hogy az egyes elektr&&k jeleit &sszehangolva bontja komponensekre,
ezdtal biztosiva, hogy az a felbont& minden elektrdld&n azonos szanu & frekvencigu
komponens sorozatot eredményez. A tcbbcsatorn& jelbont&hoz az adatokat sokdimenziés
té&be kell vetieni, ami miatt a szani&i kdtséy a projekcidhoz haszndt irdonyvektorok
szamaval aranyosan n6. A MEMD algoritmus a GPU-k p&huzamos feldolgoz&i képessé&geit
kihasznalva parhuzamosan hajtja végre a tobbcsatornas jelek kiilonb6z6 iranyvektorokra
Az optimalizalt GPU implementacio nem csak a feldolgozasi id6 jelent6s csokkenését
eredményezi, hanem meg6rzi a funkciondlis konnektivitasi vizsgédlatok szdmara kritikus
csatorn& kcxdti korrel&ickat is. A lérejdt pahuzamos program Dy megkdny i a
nagymeéretli tobbcsatornas bioelektromos jelek hatékony halozati elemzését is.

Vé&ezetd bemutatom a GPU tenzor magok innovatv alkalmaz&& az Independent
Component Analysis (ICA) algoritmusban, ami az EEG-feldolgozas soran a miitermékek
eltavolitasanak alapvetd technikaja. Az ICA algoritmus teljesitményét gyakran korlatozza a
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vegrehajtéa sor&n sziksées nagyszanu mdrix szorz&-osszeadas miiveletek. A tenzor
magokat Kifejezetten arra tervezté, hogy nagy hatékonys&ggal hajts& végre ezeket a
miveleteket, igy javitva az algoritmusok szamitasi teljesitményt és memoria
ateresztoképességét (throughput). A tenzor magok felhasznalasaval a javasolt GPU
megvalositas jelentdsen megnoveli ezekhez az ICA miiveletek hatékonysagat, lehetéveé téve
nagyméret{i, sokcsatornas EEG adathalmazok gyors feldolgozasat. Ez a hozzajarulas
hatékonyan javitja az EEG el6feldolgozasi feladatsor (pipeline) sziik keresztmetszetét jelentd
ICA végrehajtasat, kiilondsen az olyan alkalmazasok esetében, amelyek gyors miitermék-
eltévol i&st & adattiszt it igényelnek.

A GPU-alapu p&huzamoss&y & a fejlett jel-dekompoz Eics mdalszerek kombind&aval a
dolgozat jelents eldrelépést ért el az EEG feldolgozas hatékonysdganak novelésében,
megkd&nny ive az olyan alkalmaz&ok, mint a neurofeedback, az epilepszia rohamok &zlelése,
a kognitv terhelé& monitoroz&a, vagy az agy-szanicyé interfészek, hatéonyabb
megvalositasat. A skaldzhatd, nagy teljesitményl szamitastechnika integraldsa ezen feliil
lehetové teszi a kutatok szamara, hogy paratlan sebességgel és pontossidggal elemezzék a
kiilonbozo kutatokdzpontokbodl szarmazo, publikus Interneten elérhetd adattarakbol szarmazo
nagyméreti EEG adatkészleteket.
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1 INTRODUCTION

Electroencephalography (EEG) is a non-invasive technique for recording the electrical
activity of the brain, widely used in clinical and research to study neural processes. The
physiological basis of EEG lies in the synchronized activity of large populations of neurons,
particularly pyramidal cells in the brain cortex. When these neurons charge/discharge, they
generate post-synaptic potentials that sum to produce voltage fluctuations detectable on the
scalp. These electrical signals, which contain rich physiological and pathological information,
are recorded through electrodes placed on the scalp, capturing neural activity in real time.

In 1875, Richard Caton recorded the electrical activity of the cerebral cortex of animals
through experiments [1]. In 1924, Hans Berger invented the term electroencephalogram and
recorded electrical activity on the human scalp for the first time [2], laying the foundation for
modern EEG technology. Over time, EEG has evolved significantly, with advances in
electrode technology, signal processing, and computational techniques enabling more precise
and detailed analyses of brain activity.

The brain is a complex and rapidly changing system, and its physiological state transitions
may occur within milliseconds. Brain imaging technologies like functional Magnetic
Resonance Imaging (fMRI) [3], or Positron Emission Tomography (PET) [4] can provide
high spatial resolution but their temporal resolution is poor, which means difficulty in
capturing the dynamic characteristics of the brain. In contrast, the high temporal resolution of
EEG, on the order of milliseconds, makes it ideal for studying fast neural dynamics, such as
Event-Related Potentials (ERPs) [5]. Additionally, EEG is cost-effective, portable, and non-
invasive, making it accessible for a wide range of applications, from clinical diagnostics to
cognitive neuroscience. However, EEG also has limitations, such as low spatial resolution and
susceptibility to noise and artifacts, which increase the complexity of data processing.

EEG signals are typically weak, with amplitudes ranging from a few microvolts to tens of
microvolts, and contain several key frequency bands: delta (0.5-4 Hz), theta (4-8 Hz), alpha
(8-13 Hz), beta (13-30 Hz), and gamma (30-100 Hz), each associated with different neural
states and cognitive processes [6], [7], [8], [9]. The brain's electrical activity arises from
intricate neural interactions, including synaptic transmissions, neuronal charging/discharging,
and network oscillations. These processes are governed by nonlinear dynamics, meaning that
small changes in inputs can lead to disproportionately large or unpredictable changes in the
outputs, making EEG signals inherently nonlinear [10], [11], [12]. EEG signals are also non-
stationary [13], [14], meaning their statistical properties, such as mean, variance, and
distribution, vary over time. This non-stationarity arises from the brain's constantly changing
states, influenced by cognitive processes, sensory inputs, physiological conditions, and
external stimulations. The nonlinear and non-stationary nature of EEG signals reflect the
brain’s dynamic adaptability and complexity, requiring advanced processing methods to
unlock their full potential in research and clinical applications.



1.1 EEG Signal Processing

EEG signal processing involves extracting meaningful information from noisy, non-stationary,
high-dimensional signals. From the 1940s, research on EEG signal processing gradually
developed and began to be applied in the clinical field [15], and over the decades, EEG
processing methods have evolved to address the challenges posed by the complexity and
variability of EEG data. Initially, EEG signals were analyzed using a manual time-domain
method, i.e., clinicians analyzed EEG waveforms with their naked eyes based on their clinical
experience, which is intuitive but inefficient, and the subjectivity of the doctors may cause
misjudgment. As one of the earliest attempts to apply computational methods to EEG
processing, Dietsch first used the Fourier transform to analyze EEG signals in 1932 [16],
which enabled the identification of dominant rhythms (e.g., alpha waves) and their association
with various states of consciousness. Since the 1940s, with the development of computer and
digital signal processing technologies, a series of classic time domain, frequency domain,
time-frequency domain, and time-space domain analysis methods have emerged.

Time domain analysis is typically intuitive and has a clear physical meaning, and its main
focus is extracting the waveform features of EEG signals in the time domain. Commonly used
methods include correlation analysis [17], histogram analysis [18], waveform parameter
analysis [19], variance analysis [20], waveform recognition [21], coherency analysis [22], etc.
Additionally, statistical-based parametric models [23] can also be used to extract EEG time
domain features which can then be used for classification and recognition. However, given the
inherent complexity of EEG signal waveforms, waveform-based EEG analysis methods are
not universally effective.

The purpose of frequency domain analysis is to separate the oscillations of different
frequencies in EEG and extract their distribution feature. Given that EEG signals are
stochastic, their energy is infinite over infinite time, and their average power is not zero.
Therefore, stochastic signals must be power signals. On the contrary, if the energy is finite
and the average power is zero, the signal is an energy signal. According to the Dirichlet
condition, if a signal f(t) has a Fourier transform, it should satisfy the following conditions:

(i) f(t) must be absolutely integrable over a period.
(ii) £(t) has a finite number of maxima and minima.
(iii) f(t) has only a finite number of discontinuities in any finite.

Evidently, as a stochastic signal, the period of the EEG signal is infinite, so it cannot be
directly Fourier Transformed. Therefore, one way to get the distribution of different
frequencies of the EEG signal is to start from its power distribution, i.e. Power Spectral
Density (PSD). Fortunately, the Wiener-Khinchin theorem proves that the PSD of a stochastic
signal is equal to the Fourier transform of the autocorrelation function of this signal.
Therefore, the process to obtain the PSD of the EEG signal is: first find the autocorrelation
function of the given EEG signal, and then perform Fourier transform on the autocorrelation
function to obtain the PSD. Another method is to take the length of the given EEG signal as
its period, that is, to cutoff the stochastic signal, so that it becomes an energy signal. Fourier
transform can be can be directly performed for energy signals and its square can be taken to
2



obtain the Energy Spectrum Density (ESD) which also reflects the distribution of different
frequencies. These two methods are usually called the indirect method and the direct method.
Spectrum features are important features of EEG signals, and many studies have been carried
out based on the frequency domain analysis [24], [25], [26], [27]. Unfortunately, spectrum
analysis only reflects the frequency distribution of the signal, but loses the temporal
information of the signal.

Time-frequency domain analysis can profile the frequency distribution of a signal while
retaining its time information, i.e., the time-varying frequency distribution, which is
particularly valuable for studying the non-stationary nature of EEG signals, where oscillatory
patterns and transient events vary over time. Commonly used time-frequency analysis
methods in EEG signal processing include: Short-Time Fourier Transform (STFT) [28], [29],
Wavelet Transform (WT) [28], [30], [31], Hilbert-Huang Transform (HHT) [32], [33], [34],
etc.

STFT divides the signal into overlapping segments (windows) and computes the Fourier
Transform for each segment. This approach offers a time-frequency representation of the
signal and is computationally efficient, essentially a repetition of the FFT. However, due to
the fixed window size, time and frequency resolution are conjugate to each other and the
trade-off between them becomes difficult (Heisenberg uncertainty principle). WT uses
wavelets—Ilocalized oscillatory functions of varying scales—to analyze the signal. Unlike
STFT, WT adapts to both high and low-frequency components, offering multi-resolution
analysis, which makes it well-suited for non-stationary signal. Nevertheless, WT still uses a
matching mechanism between pre-set functions (wavelets) and signals to extract time-
frequency features, and the choice of wavelet basis will affect the results. HHT decomposes
the signal into Intrinsic Mode Functions (IMFs) using Empirical Mode Decomposition (EMD)
and applies the Hilbert Transform to derive instantaneous frequency and amplitude. The time-
frequency analysis method based on EMD and the Hilbert Transform not only removes the
constraints of the uncertainty principle, but can also use the adaptability and data-driven
nature of EMD to decompose the signal to narrowband components to describe the time-
frequency characteristics of the non-stationary signals more accurately. However, compared
with STFT and WT, HHT is computationally intensive and sensitive to intermittent noise.

Since EEG signals are multidimensional signals recorded by electrodes at different locations,
in addition to time and frequency information, EEG also contains spatial information. For the
third-dimensional feature of EEG signals, spatial domain analysis plays an important role in
brain network construction and analysis [35], [36], EEG source localization [37], [38], [39],
brain state recognition [40], [41], etc. Spatial decomposition methods based on the statistical
features of multidimensional signals, such as Independent Component Analysis (ICA) [42],
[43], [44], Principal Component Analysis (PCA) [45], [46], and Common Spatial Patterns
(CSP) [47], [48], have been widely used in EEG signal processing.

The 1990s and early 2000s marked the integration of machine learning techniques into EEG
analysis. Algorithms like Support Vector Machines (SVMs) Random Forest (RF), and k-
Nearest Neighbors (k-NNs) were applied to classify EEG patterns [49], [50], [51], particularly
in applications like seizure detection [52] and brain-computer interfaces (BCIs) [53]. Since
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the 21st century, with the development of high-performance computing hardware and
software, deep learning has emerged as a transformative force in EEG processing. Neural
network architectures, such as Convolutional Neural Networks (CNNs) and Long Short-Term
Memory (LSTM) networks, have been used for tasks ranging from emotion recognition to
motor imagery classification [54], [55], [56].

Nowadays, EEG signal processing involves a multi-step pipeline, encompassing
preprocessing, feature extraction, analysis, and interpretation. Pipelines combining time,
frequency, statistics, and spatial information have become an effective way of EEG research.

Preprocessing is a critical step in enhancing the quality of the acquired raw EEG data by
reducing noise and artifacts. This process employs several techniques to ensure clean and
interpretable signals. Filtering, for instance, utilizes band-pass filters to isolate specific
frequencies while eliminating unwanted components like low-frequency drifts and high-
frequency noise. Artifact removal methods, such as ICA or regression-based methods, help
eliminate disturbances caused by eye blinks, muscle activity, and environmental interference
[571, [58], [59]. Additionally, re-referencing—choosing an appropriate reference electrode or
applying an average reference—improves the clarity and interpretability of the data [60], [61].
Segmenting further organizes the EEG data by dividing it into epochs, often aligned with
specific events or stimulation, to facilitate event-related analyses.

Once the EEG data is preprocessed, feature extraction focuses on identifying meaningful
patterns or features in the EEG signals. These features are important for understanding neural
activity and can be categorized into different types. Time-domain features, such as amplitude,
peak latency, and event-related potentials (ERPS), offer insights into temporal dynamics [62].
Frequency-domain features analyze spectral power and activity within specific frequency
bands (e.g., alpha, beta) to reveal oscillatory patterns [63]. Spatial features, enhanced through
techniques like ICA, PCA, and CSP, improve the signal-to-noise ratio for targeted tasks or
brain regions [64], [65]. Lastly, time-frequency features, derived from methods like STFT,
WT, and HHT, provide a comprehensive view that combines temporal and spectral
information [66].

The extracted features are subsequently analyzed to address specific research or clinical
guestions. Connectivity analysis methods, such as coherence, phase synchronization, and
graph metrics, are used to examine functional interactions between brain regions [67], [68],
[69]. Statistical analysis also plays an important role [70], [71], enabling hypothesis-driven
studies to uncover relationships between neural activity and cognitive or behavioral variables.
Additionally, classification algorithms are often employed in this stage, including SVMs, RF,
k-NNs, or deep learning algorithms, to classify EEG patterns for applications like seizure
detection or mental state identification [72], [73].

Visualization methods aid in result interpretation and play an important role in presenting

findings effectively, ensuring clear illustrations of complex data. Topographic maps provide a

spatial representation of neural activity across the scalp, while time-frequency plots illustrate

the oscillation changes over time. Connectivity graphs, on the other hand, highlight

interactions between different brain regions, offering a comprehensive view of the brain's

functional dynamics [74]. Together, these visualization methods facilitate a deeper
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understanding of the results and a better interpretation of their implications.

1.2 GPU Parallelism

1.2.1 Development of HPC and GPU

High-performance computing (HPC) is a technology that uses powerful processor clusters to
process massive amounts of data and solve complex problems at extremely high speeds. Its
related software and hardware research has become a hotspot in the field of computer science,
offering potential solutions to the complex computing challenges encountered in the fields of
natural and engineering sciences [75], [76], [77], [78], [79]. Since the birth of the first
general-purpose Electronic Numerical Integrator And Computer (ENIAC) in 1945, high-
performance computing and supercomputers have evolved significantly over the past half
century. The CDC 6600, released in 1964 by Control Data Corporation, is considered the first
true supercomputer, reaching 3 mega floating-point operations per second (MFlop/s). In the
1970s and 1980s, Cray Research dominated with machines like the Cray-1 (80 MFlop/s) and
Cray-2 (1.9 GFlop/s). The 1990s saw the rise of massively parallel processing (MPP),
exemplified by the ASCI Red, the first supercomputer to surpass 1 TFlop/s in 1997. In the
21st century, IBM’s Roadrunner (2008) was the first to exceed 1 PFlop/s, and Fugaku,
developed by RIKEN and Fujitsu in 2020, reached over 442 PFlop/s. As of November 2024,
the peak performance of the El Capitan supercomputer (operated by Lawrence Livermore
National Laboratory, U.S. Department of Energy), which ranks first in the TOP500
supercomputers list and is equipped with 11039616 CPU and GPU cores, has reached 2.7
exaFlop/s.

Due to their energy efficiency advantage, heterogeneous architectures consisting of general-
purpose processors and accelerators have become the development trend of high-performance
computing system architecture. As shown in Figure 1-1(a), among the TOP500
supercomputers, 209 are heterogeneous computing systems, and their accelerators are mainly
provided by NVIDIA, AMD, and Intel. The computing power ratios provided by different
heterogeneous systems are shown in Figure 1-1(b), which shows that the computing power
provided by heterogeneous systems is almost four times that provided by homogeneous
systems.

106.8
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291 = Nvidia = Nvidia
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Figure 1-1: (a): The number of systems equipped with different accelerators in the TOP500
supercomputer ranking; (b): The ratio of computing power (PFlop/s) provided by systems
equipped with different accelerators.



The mainstream accelerators include FPGA (Field-Programmable Gate Array) [80], GPU
(Graphics Processing Unit), APU (Accelerated Processing Unit) [81], MIC (Many Integrated
Core) [82], etc. These advanced accelerators not only provide development opportunities for
large-scale scientific computing and engineering simulation, but also bring challenges to
algorithm development and implementation. Among them, GPU, as the most commonly used
accelerator in major supercomputers, has developed from a single-purpose graphics
processing unit to a high-speed parallel computing unit. In addition, due to the excellent
energy efficiency ratio and advantageous usability, the heterogeneous computing system of
“CPU+GPU” has been widely used in engineering fields such as physical simulation [83],
molecular dynamics [84], signal processing [85], etc.

Nvidia first proposed the concept of Graphics Processing Unit (GPU) in 1999 with the release
of its GeForce256 based on Celsius architecture. Compared with the previous Fahrenheit
architecture, Celsius architecture increased the number of image processing pipelines,
specifically for accelerating graphics rendering. In the subsequent generations, Nvidia used
fixed-point pixel shaders and vertex shaders to replace the image processing pipeline design,
greatly improving the programmability of GPU and expanding its graphics rendering
capabilities. In 2006, NVIDIA released the first architecture with a unified shader model, the
Tesla architecture. The original shader units (pixel shaders, vertex shaders) for processing
vectors were replaced with a homogeneous collection of universal scalar-based floating-point
processors (Stream Processors, SPs) that can perform a more universal set of tasks. The
following year, the Compute Unified Device Architecture (CUDA), a general-purpose
computing programming model for GPUs, was released, which opened up a wide range of
applications for GPUs in parallel computing.

Since the launch of CUDA, Nvidia has made a major shift in the design of GPUs regarding
functionality and capability. It has begun to focus on improving the efficiency of GPUs for
general-purpose parallel computing. Nvidia implemented dynamic parallelism and Hyper-Q
features [86] in the Kepler architecture, further improving the GPU's computing efficiency
and parallelization. In the Maxwell architecture, the GPU's computational efficiency in low-
power mode was increased, solving the energy efficiency ratio problem of large multi-GPU
systems. The NVLink and Unified Memory were introduced in the Pascal architecture, which
improved the efficiency of CPU-GPU and GPU-GPU data transfer, providing solutions for
data-intensive computing tasks while also improving the scalability of GPUs. With the
development of artificial intelligence and neural networks, Nvidia introduced the tensor core
in the Volta architecture, which is dedicated to matrix multiply-add operations that are most
involved in machine learning algorithms. The Ray-tracing core, first introduced in the Turing
architecture, greatly improves the GPU's game performance. The Hopper architecture,
launched in 2022, can be fused with Nvidia's Grace CPU into a single die, called the Grace-
Hopper Superchip, which further reduces the overhead of GPU and CPU data exchange and
improves the scalability of heterogeneous computing systems.

Since the release of its first product, STG-2000, in 1995, Nvidia has released more than one
thousand GPU products. The architecture and main features of each generation of products
are shown in Table 1-1.



Architecture Time Products Important features
Fahrenheit 1995 Riva TNT series Ir}tegrates 3D computing and 2D
display
GeForce2 series .
GeForce4 MX series DirectX 7.0
Celsius 1999 GeForce4 Go series OpenGL 1.2
128MB VRAM
Quadro4 NVS series First GPU
GeForce3 series DirectX 8.0
GeForce4 series OpenGL 1.5
Kelvin 2001 Shader Model 1.3
Quadro4 series Vertex Shader 1.1
128 MB VRAM
GeForce FX (5xxx) series DirectX 9.0
GeForce FX Go 5 series OpenGL 2.1
Rankine 2003 _GeForce PCX series Shader Model 2.0a
Quadro NVS series Vertex Shader 2.0a
Quadro FX (x000) series 256MB VRAM
GeForce 6 (6xxx) series DirectX 9.0c
. GeForce 7 (6xxx) series OpenGL 2.1
Curie 2004 Quadro FX (x500) series Shader Model 3.0
Quadro FX (x600) series 256MB VRAM
GeForce 8 (8xxx) series
GeForce 9 (8xxx) series .
GeForce 100 series DirectX 10.0
GeForce 200 series OpenGL 3.3
GeForce 300 series Shader Model 4.0
GeForce 405 Stream processors (SPs, CUDA
Tesla 2006 cores)
Quadro FX (x700) Streaming Multiprocessors
Quadro FX (x800) (SMs)
CUDA support
C870, D870, S870, C1060, Compute capability 1.0-2.0
S1070, S1075,
GeForce 400 series
GeForce 500 series
GeForce 600 series 40 nm process
Fermi 2010 Quadro (x000M) series 16 SMs
32 SPs/ SM
C2050, MZ2050, C2070, Compute capability 2.0-2.1
C2075, M2070, M2090,
$2050, S2070
GeForce 600 series 28 nm process
GeForce 700 series 15 SMs
Kepler 2012 Quadro (Kxxx) series 192 FP32 SP/ SM
64 FP64 SP/ SM
K10, K20, K40, K80 Compute capability 3.0-3.7
GeForce 900 series 28 nm process
16 SMs
Maxwell 2014  Quadro (Mxxx) series 128 FP32 SP/ SM

M4, M6, M10, M40, M60

64 FP64 SP / SM
Compute capability 5.0-5.2




GeForce 10 series

16 nm process

60 SMs
uadro (Pxxx) series 64 FP32 SP/SM
Pascal 2016 Q (Pxxx) 29 FPBA SP / SM
P4, P6, P40, P100 NVLink support
Compute capability 6.0-6.2
- 12 nm process
Nvidia TITAN V 80 SMs
uadro G100 64 FP32 SP/SM
Volta 2007 Q 32 FP64 SP/ SM
V100 8 Tensor cores / _SM
Compute capability 7.0-7.5
GeForce 16 series 12 nm process
RTX 20 series 72 SMs
GeForce (MX 4xx) series 64 FP32 SP/ SM
Turing 2018 . 2 FP32/SM
Quadro (Tx000) series 8 Tensor cores / SM
Ray-tracing cores support
T4, 710,740 Compute capability 7.5-8.6
RTX 30 series 7 nm process
GeForce RTX 4010 108 SMs
: 64 FP32 SP/ SM
Ampere 2020 Quadro (Ax000) series 32 FP64 SP / SM
4 Tensor cores / SM
A2, AL0, A30, A40, AL00 Compute capability 8.0-8.6
4 nm process
132 SMs
128 FP32 SP/ SM
Hopper 2022 H100, H800 64 FP64 SP / SM
4 Tensor cores / SM
Superchip support
Compute capability 9.0
. 4N process
RTX 40 series 144 SMs
Ada uadro (x000A) series 128 FP32 SP/ SM
Lovelace 2022 Q ( ) 4 FP64 SP/ SM
L4, .20, L40 4 Tensor cores /_S_,M
Compute capability 8.9
) 4NP process
RTX 50 series 192 SMs
Blackwell 2024 128 FP32 SP/ SM
B200 4 Tensor cores / SM

Compute capability 10.0

Table 1-1: The GPU architectures released by Nvidia as of January 2025, their corresponding

product families, and key features.

1.2.2 GPU hardware hierarchy and CUDA programming

The heart of GPU chip architecture is the Streaming Multiprocessor (SM). As an example,
Figure 1-2 shows the hardware composition of the AD102 chip (used in the RTX4090,
RTX6000, and L40) based on the Ada Lovelace architecture. The full AD102 GPU includes
12 Graphics Processing Clusters (GPCs), 72 Texture Processing Clusters (TPCs), 144
Streaming Multiprocessors (SMs), and a 384-bit memory interface with 12 32-bit memory
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controllers. Like prior GPUs, each SM in AD102 is divided into four processing blocks (or
partitions), with each partition containing a 64 KB register file, an LO instruction cache, one
warp scheduler, one dispatch unit, 16 CUDA Cores that are dedicated for processing FP32
operations (up to 16 FP32 operations per clock), 16 CUDA Cores that can process FP32 or
INT32 operations (16 FP32 operations per clock or 16 INT32 operations per clock), one Ada
Fourth-Generation Tensor Core, four Load/Store units, and a Special Function Unit (SFU)
which executes transcendental and graphics interpolation instructions.

RT CORE
3rd Generation

Figure 1-2: Block diagram of the AD102 chip and its interior SM [87].

Physical location

Components Units INOUTSM __ ON/OFF CHIP
SP/CUDA core IN ON
Double-Precision (DP) units IN ON
Execution SFU IN ON
LD/ST IN ON
Tensor cores IN ON
RT cores IN ON
Registers IN ON
LO / Instruction cache IN ON
Memory L1 cache / Shared memory) IN ON
L2 cache ouT ON
Texture cache IN ON
Global / Local / Constant memory ouT OFF
Giga thread engine ouT ON
Control Warp scheduler IN ON
Instructions dispatcher IN ON

Table 1-2: The hardware units that make up the GPU architecture, and their physical locations
in the GPU chip.

For the memory system, Each SM in the AD102 chip contains a 256 KB (64KB for each
processing block) register file, and 128 KB of L1/Shared Memory, which can be configured
for different memory sizes depending on the needs of the graphics or compute workload.
Outside of SM but still on-chip, the AD102 chip has been outfitted with 98304 KB of L2
cache, and all data loaded from the off-chip memory are first cached by the L2 cache.
Compared to the on-chip memory, off-chip memory has higher access latency and lower
bandwidth, but larger size, GPU products based on the Ada architecture can be equipped with
9



up to 80 GB of off-chip memory. In general, the GPU hardware architecture is composed of
three components: execution, memory, and control. Their detailed units and physical locations
are outlined in Table 1-2.

Unlike CPUs optimized for low latency, GPUs are designed for high throughput, which
means their programming and execution model is completely different from that of CPUs. As
shown in Figure 1-3, in a heterogeneous computing system composed of CPUs and GPUs,
CPUs and GPUs execute different parts of the code (blue and green boxes) respectively to
accomplish the computation task jointly. The CPU side (host side) is responsible for program
flow control, memory allocation and copying, and launching functions running on the GPU
side (device side). The GPU side is responsible for high-throughput intensive computing tasks,
and when the computation is completed, the results on the device side will be returned to the
host side. Therefore, a typical execution pattern is: memory initialization (executed on host),
memory copy (from host to device), execution (executed on device), and memory copy (from
device to host).

The function running on the GPU is called the kernel function, and it is launched from the
host side as follows:

dim3 gridDim(x, y, z);
dim3 blockDim(x, y, z);
functionName<<<gridDim, blockDim, sharedMemSize, streamIdx >>>(inputParam);

Block 1 Block N
SrEE Thread 1 Thread N-1 ~ Thread N
__global__ void KernelFun()
|:'> {
e 2 H E— S ek KernelFun KernelFun
> I @ag
13
&
°rYy } 2
N SMEM ‘
] GMEM \

Figure 1-3: The programming pattern for the GPU in heterogeneous computing systems: the
launch and execution of kernel function.

Unlike functions executed on the host side, launching a kernel function requires specifying
the thread grid and block size, the amount of shared memory to allocate, and the execution
stream. The essence of a kernel function is the definition of a single thread’s behavior. When
the host launches a kernel function, it is necessary to specify the number and shape of threads
to be started, that is, thread blocks and thread grids. As illustrated in Figure 1-3, since all
threads are defined by the same kernel function, their behaviors are the same, i.e., they
perform the same calculations and flows, but they can index different addresses in memory
(shared and global memory) based on their unique index numbers in the grid and block. This
mode is called Single Program Multiple Data (SPMD). In addition, each thread has its own
register space, which means that for a variable defined in a kernel function, depending on how
many threads are launched, there will be that many variables allocated in the register file. For
10



thread blocks, they have their own shared memory, which means that only threads in the same
thread block can access each other's shared memory.

Thanks to the numerous computing cores in the GPU, all launched threads can be executed in
parallel. However, threads are not mapped to computing cores one-to-one, they are executed
dynamically based on the software and hardware hierarchy. In CUDA programming, the
corresponding relationship between the GPU hardware and software hierarchy is shown in
Figure 1-4.

Software Hardware

0 B

Thread

A ——

Thread Block

Grid Device

Figure 1-4: The hierarchy correspondence between software and hardware in CUDA
programming [88].

The processing object of SM, the heart of GPU, is the thread block, and it should be noted
that one SM can handle multiple blocks simultaneously instead of just one block. The exact
number of blocks does not depend on how many SPs are in one SM or how many threads are
in a block, but on how many threads can be processed by one SM at the same time, that is, it
depends on the hardware resources (registers, shared memory, etc.) required by one thread
and the total hardware resources that one SM can provide. An SM can run several concurrent
blocks, and all threads in the blocks are organized into fundamental units, warps (32 threads
per one), and handed off to SPs/CUDA cores. Further, the processing of blocks by SMs is not
synchronous, that is, when an SM finishes processing its resident blocks, it will dynamically
look for other unprocessed blocks to process. The processing object of SP is the single thread,
which means one SP processes only one thread at a certain moment. In Practice, SPs are
organized to process warp, and the 32 threads in a warp will strictly execute the same
instruction simultaneously by SPs, but for different data. This mode is called Single
Instruction Multi Data (SIMD).

The principle of execution mode in CUDA is that the hardware should not be idle. For
example, when threads in a warp or block are engaged in memory operations (e.g., loading or
writing) which are very time-consuming, SPs and SMs will switch to other resident warps or
blocks to execute their computing operations instead of waiting for the end of the memory
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operations. To keep the hardware units in the GPU as busy as possible (i.e., maximum
utilization), the number of thread blocks launched for the kernel function should be much
larger than the number of SMs in the GPU, and the total number of threads should
significantly exceed the total number of SPs, and preferably by an integer multiple of 32.

1.2.3 Necessity of GPU computing in EEG processing

EEG signal processing is an important cornerstone of neuroscience, cognition, psychology
and other brain-based research fields. The rich physiological and pathological information of
brain activity contained in EEG is crucial for diagnosing neurological diseases, understanding
brain function and developing brain-computer interfaces. However, due to the complexity,
high density and real-time processing requirements of EEG signals, processing EEG signals
effectively is computationally intensive. Graphics processing units (GPUSs), with their parallel
processing capabilities, have emerged as potential game changers in this field. Despite the
bright prospects, the application of GPUs in EEG signal processing remains an open question,
full of opportunities and challenges.

The unique characteristics of EEG data and the limitations of conventional processing
methods are the motivation for implementing EEG processing using GPUs. EEG is usually
measured at a high sampling rate (1024Hz, 2048Hz) and in the high-density EEG
measurement, the number of electrodes can reach 256. In the practical EEG experiment, the
minimum number of subjects is 20, and each subject needs to be measured from minutes to
hours depending on the task. These factors can make the measurement easily accumulate
several gigabytes of data, which requests robust computational resources for processing. On
the other hand, the processing pipelines of EEG signals are complex and involve several
computationally demanding steps. First, in the preprocessing stage, operations such as artifact
removal, filtering, and normalization are required for massive EEG data. Secondly, in feature
extraction, time-consuming algorithms such as Wavelet Transform (WT) [89], Independent
Component Analysis (ICA) [90], Empirical Mode Decomposition (EMD) [91], and
Modulation Index (MI) [92] are involved in extracting the time domain, frequency domain,
spatial domain, and statistical features of EEG signal. Finally, classification and prediction
operations based on machine learning algorithms [93] might be involved in interpreting the
signal. GPUs, with their massively parallel architecture, excel in handling such complex and
time-consuming tasks, making them an ideal choice for implementing EEG processing
algorithms. Applications such as brain-computer interfaces (BCI) [93], neurofeedback [94],
epileptic seizure detection [95], and measurement visualization [96] require real-time
processing to ensure timely intervention or interaction. Traditional CPU-based computing
systems designed for sequential processing often cannot meet the throughput requirements of
these applications.

Modern neuroscience research increasingly relies on large-scale EEG datasets, such as those
collected in multi-center studies [97] or publicly available repositories [98]. Processing such
large-scale datasets using any algorithm is computationally expensive, and GPUs not only
provide higher computing power but also support scalable processing, enabling researchers to
analyze these datasets more efficiently. Extracting effective features or information from
massive EEG data often requires advanced algorithms. For example, the rise of deep learning
models such as Convolutional Neural Networks (CNNs) and Recurrent Neural Networks
12



(RNNSs) are increasingly used for tasks such as emotion recognition [99], mental workload
estimation [100], and neurological disease diagnosis [101]. These models are computationally
intensive and usually require GPU acceleration for effective training and deployment. By
reducing computation time and cost, GPU-accelerated EEG analysis can enhance precision
medicine approaches, tailoring interventions based on individual unique neural patterns. For
example, personalized neurofeedback therapy for ADHD or epilepsy can become more
accurate and effective [102], [103]. For researchers, GPUs can make the development of EEG
processing algorithms more efficient, allowing them to validate ideas and get feedback faster,
thereby facilitating efficient EEG research.

Despite their potential, GPU implementation of EEG signal processing algorithms is not
without hurdles. These challenges underscore why this remains an open problem, ripe for
exploration. First, many traditional EEG signal processing algorithms are not inherently
parallelizable. Adapting these algorithms to take full advantage of GPU architecture requires
extensive redesign, including redesigning workflows and optimizing memory usage. Although
GPUs offer high throughput, high-performance EEG processing is still very difficult to
implement due to the complex hardware-software hierarchy and the GPU programming
model that is completely different from that for sequential devices. Especially on
heterogeneous computing systems composed of GPUs and other processors, high-
performance implementation requires a deep understanding of GPU hardware and software.
Additionally, GPUs are resource-intensive and may not be suitable for all environments,
especially in portable or wearable EEG systems where energy efficiency is important.
Developing lightweight and power-efficient GPU-based solutions is a critical area of research
[104]. Last but not the least, most of the EEG processing scripts used in the EEG community
are implemented by MATLAB, and the use of GPUs requires expertise in parallel computing,
which may not be common among EEG researchers. Bridging this knowledge gap is critical
to advancing GPU implementation in the field of EEG processing.

The application of GPUs in EEG signal processing represents a frontier with immense
potential to revolutionize neuroscience, cognition, psychology, and other brain-based research
fields. The parallel processing capabilities of GPUs offer a path to overcoming the
computational bottlenecks inherent in EEG analysis. However, algorithm adaptions, overhead
optimization, energy efficiency, and knowledge gaps between different research communities
highlight that this field remains an open problem, requiring concerted efforts from researchers
and engineers. By developing GPU implementations for EEG processing algorithms,
accelerating pipeline processing, and enhancing energy efficiency, the research community
can unlock the full potential of GPUs in EEG signal processing.

1.3 Thesis Organization

This section describes the structure of the thesis. Chapter 1 starts with the physiological
background knowledge and fundamental signal characteristics of EEG. It then explores the
development and methods of EEG signal processing, followed by an introduction to the
principles of GPU parallelization. This includes a discussion on the development of GPU and
high-performance computing, an overview of GPU hardware architecture and CUDA
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programming model, and an explanation of the critical role of GPU computing in EEG signal
processing.

Chapter 2 begins by proving the development history of signal decomposition, highlighting
its applications across various fields, along with its advantages and the challenges it faces. It
also provides an overview of the algorithms used in frequency decomposition and spatial
decomposition.

In Chapter 3, | design and develop a massively parallel and performance-optimized GPU
implementation of the Improved Complete Ensemble EMD with the Adaptive Noise
(CEEMDAN) algorithm that significantly reduces the computational time (from hours to
seconds) of time-frequency analysis and oscillation extraction of EEG signal.

An efficient GPU implementation of the Multivariate Empirical Mode Decomposition
(MEMD) method is presented in Chapter 4, which is used for speeding up the process of
decomposing non-stationary multi-channel bioelectric signals into different oscillation modes.

In Chapter 5, | introduced an innovative application of GPU tensor cores to the EEG spatial
decomposition algorithm, Independent Component Analysis (ICA), the de facto standard for
EEG artifact removal. This method, while highly effective, is computationally expensive. By
using tensor cores, | significantly enhanced its computational efficiency.

Finally, in Chapters 6 and 7, | conclude and summarize the results of the thesis work and list
my publications related to the presented work in the final chapter.
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2 SIGNAL DECOMPOSITION METHODS

2.1 Introduction to Signal Decomposition

Signals are carriers of information. In reality, most of the signals measured are usually not
carriers of a single piece of information but contain multiple pieces of information or even
unwanted noise, that is, mixed composite signals. The mix and complexity of signals make it
challenging to analyze signals and extract useful information. Signal decomposition is a
fundamental concept in the field of signal processing, allowing mixed complex signals to be
broken down into simpler components (e.g. sine/cosine waves). This methodology is pivotal
across various domains, including engineering, medicine, economics, and environmental
sciences [105], [106], [107], [108]. By transforming complex signals into manageable parts,
researchers can uncover hidden patterns, enhance clarity, and improve overall system
performance. Such capabilities make signal decomposition indispensable in the modern era of
signal processing.

The concept of signal decomposition has its roots in mathematical theory and early
developments in Fourier theory. In the 19th century, Jean-Baptiste Joseph Fourier proved that
any periodic signal could be expressed as a sum of sinusoidal components. This insight set the
stage for modern signal decomposition techniques and foundationally changed how signals
were analyzed, providing the basis for frequency-domain representation. With the
development of signal processing technology, Fourier's theory has been extended to
accommaodate more complex signals. Methods like the Short-Time Fourier Transform (STFT)
and Wavelet Transform (WT) emerged to address time-varying signals, offering both time and
frequency resolution. Hilbert-Huang Transform (HHT) [109] and Empirical Mode
Decomposition (EMD) [110] later expanded the toolkit, enabling the effective decomposition
of non-linear and non-stationary signals. These advances have broadened the applicability of
signal decomposition, allowing it to address the challenges of increasing complexity of
signals in various scientific and engineering fields.

The main purpose of signal decomposition is to extract useful information from complex
signals by breaking them into simpler components. By simplifying complex signals, the
underlying structure and patterns of the signal can be effectively revealed. It helps reduce
noise, isolating and removing unwanted components to enhance the quality of the signal for
further analysis [111], [112]. Signal decomposition also facilitates feature extraction,
revealing hidden patterns or characteristics that may not be immediately visible in the raw
data [113], [114]. Furthermore, it enables data compression by representing signals with their
fundamental components, making storage and transmission more efficient [115], [116].
Finally, the simplified components often correspond to more intuitive physical or practical
phenomena [117], improving the interpretability of results and making the theories more
applicable to real-world scenarios.

A wide range of techniques is available for signal decomposition, each suited to different

types of signals and analytical objectives. but they can basically be categorized into

frequency-based and space-based decomposition methods. The Fourier Transform (FT)
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converts time-domain signals into frequency-domain representations [118], making it ideal
for identifying periodic components in stationary signals. Short-Time Fourier Transform
(STFT) offers a localized frequency analysis by segmenting signals into overlapping time
windows, providing a dynamic view of frequency variations [119]. The Wavelet Transform
(WT) provides both time and frequency localization, enabling the analysis of non-stationary
signals by capturing variations in both domains [120]. Empirical Mode Decomposition (EMD)
is particularly effective for non-linear and non-stationary data, breaking signals into Intrinsic
Mode Functions (IMFs) that reflect their unique oscillatory modes [121]. For multi-channel
signals collected simultaneously by different channels at different locations, each channel
collects a mixed signal from all signal sources, and the spatial decomposition method is used
to unmix the multi-channel signal. Independent Component Analysis (ICA) is a statistical
method used to decompose a multivariate signal into its underlying independent source
components by assuming that these source signals are statistically independent and non-
Gaussian in nature [122]. Each technique has its strengths and limitations, requiring careful
selection based on the nature of the signal and the goals of the analysis.

Signal decomposition has diverse applications in various fields, enabling more effective
analysis and interpretation of complex data. In biomedical signal processing, it is used to
analyze electroencephalograms (EEG), electrocardiograms (ECG), and functional magnetic
resonance imaging (fMRI) data by separating meaningful components like frequency bands or
removing artifacts such as eye blinks and muscle noise [123], [124], [125]. In
telecommunications, it facilitates efficient signal modulation, demodulation, compression, and
error detection [126], [127]. In audio and speech processing, signal decomposition techniques
improve noise reduction [128], enable speech recognition [129], and optimize audio
compression formats like MP3 [130]. In seismology and geophysics, they help differentiate
between seismic wave types, remove background noise, and detect microseismical events for
earthquake monitoring and resource exploration [131], [132], [133]. In economics and finance,
signal decomposition analyzes time-series data to uncover trends, cycles, and irregularities,
aiding in forecasting and decision-making [134], [135]. Additionally, in image and video
processing, it supports tasks like compression, feature detection, and motion analysis by
breaking down visual data into spatial and temporal components [136], [137], [138]. These
applications highlight the multi-functionality and significance of signal decomposition in
extracting meaningful insights in diverse domains.

Despite its adaptability, signal decomposition is not without challenges. Selecting the
appropriate method requires a deep understanding of the nature of the signal and the intended
application. Computational complexity, particularly with advanced methods like EMD and
ICA, can be unaffordable for large datasets. Interpreting decomposed components remains a
challenge in certain domains, requiring domain-specific professional knowledge. Additionally,
for the decomposition algorithm itself, ensuring the separation of meaningful signals and
noise demands careful numerical validation and tuning of parameters.

The foreseeable future of signal decomposition lies in integrating emerging technologies to

address current limitations. Powerful parallel computing capabilities provided by CPU-GPU

based heterogeneous computing systems are increasingly being employed to improve the

efficiency of signal decomposition, particularly for high-dimensional and complex signals
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[139], [140], [141], [142], [143]. A comparison of several successful applications is presented
in Table 2-1.

Papers Application domains Key techniques Performance gain
[139] EMG processing Bayesian filtering ~100x
[140] 3D image processing Convolution ~5x

[141] Neural data processing MEMD 6X-16X
[142] Structural health monitoring FDD ~100x
[143] Moving object detection Tensor decomposition 3.8x

Table 2-1: Applications of CPU-GPU systems in signal decomposition and their comparisons.

Decomposition methods based on machine learning algorithms, capable of dynamically
adapting to signal characteristics, are also on the rise, promising greater flexibility and
accuracy, which of course requires the support of high-performance computing device. Real-
time signal decomposition is becoming feasible with lighter algorithms and low-power
devices, enabling applications like wearable health monitoring. In summary, signal
decomposition is increasingly becoming an indispensable tool in various disciplines, and its
applications are far-reaching and impactful. As new techniques and technologies emerge, the
potential of signal decomposition to address the challenges of increasingly data-driven
scientific research will only grow, cementing its role as a cornerstone of signal processing.

2.2 Frequency Decomposition Methods

In 1822, Fourier proved that any function can be decomposed into several sinusoidal signals
of different frequencies [144]. This decomposition method was named Fourier Transform (FT)
and is widely used in signal frequency analysis. For a continuous signal f(t) € L?(R), its
Fourier transform is as follows:

F(w) = f+oof(t)e‘j‘“tdt (2.1)

e /9t = cos(wt) — jsin(wt) (2.2)

where w is the continuous frequency. Usually, analog signals (i.e. continuous signals) need to
be sampled before they can be stored and processed by computers, that is, the input signal
will be discretized in the time domain. For a discrete sequence x(n), its Discrete Time Fourier
Transform (DTFT) is:

+00
X(ej“’) = z x(n)e Jjon (2.3)
Where w is still a continuous frequency, but if the frequency information of the input signal

needs to be stored and processed in a computer, it should also be discretized. Therefore, for a
discrete sequence x(n) of length N, its Discrete Fourier transform (DFT) is:

17



N

X(k) = Z x(n)e I W

n=0

(2.4)

Where k is the index of the discrete frequency, and essentially, DFT is the accumulated
correlation between the discrete input signal and discrete multi-frequency sinusoidal signals.
The most commonly used fast Fourier transform (FFT) is a fast implementation of DFT,
which can convert the time domain information of the input signal into the frequency domain.
However, equation 2.4 shows that the accumulation scope of FFT is the entire time domain of
the signal, so the result of FFT does not contain any time domain information. As shown in
Figure 2-1, signals s1 and s2 are completely different in the time domain, but after
performing FFT on them, their frequency domain information is the same, that is, FFT cannot
provide us with information about how frequency changes over time.
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Figure 2-1: Two different signals and their Fourier transform result.

In order to solve the problem of the Fourier transform not providing information about
frequency changes over time, Dennis Gabor proposed a technique that introduces time
windows into the Fourier transform [145], the short-time Fourier transform (STFT). The basic
principle of STFT is to introduce a window function g(t) sliding along the time axis in the
Fourier transform, and then perform the Fourier transform on the product of function g(t —
7) (7 is the midpoint of the time window) and input signal, that is, perform Fourier transform
on the part of the input signal within the time window range. In this way, the frequency
information in different sliding time windows can be obtained.

Although STFT can combine the time domain information and frequency domain information

of the input signal to provide time-frequency information by sliding the time window and

decomposing the signal within the time window, it is not adaptive due to the fixed time

window size and the pre-defined sinusoid function. If the time window is too large, the

temporal resolution will be low, and if the time window is too small, the frequency resolution
18



will be low, especially the low-frequency information may be lost. Therefore, as shown in
Figure 2-2, STFT is not suitable for processing non-stationary signals whose frequency or
distribution varies with time, such as EEG signals.

‘ Deterministic signal ‘

‘ Periodic signal ‘ ‘ Aperiodic signal ‘ ‘ Stationary signal ‘ ‘ Non-stationary signal ‘

Yes No Yes

Figure 2-2: The signal classifications and properties.

In order to extract more accurate time-frequency information of non-stationary signals,
Morlet proposed wavelet transform (WT) [146], which uses variable-sized sliding time
windows and wavelets to analyze signals. As shown in Figure 2-3, different from the pre-
defined sinusoid sinusoidal basis function of Fourier transform, WT uses wavelet basis
functions with different scales to convolve the signal.

Morlet Wavelet basis function Sine basis function

-15 -1.5
-4 -4

-3 -2 -1 0 1 2 3 -3 -2 -1 0 1 2 3 4

Figure 2-3: The wavelet basis function (Morlet wavelet) used in wavelet transform and the
sine/cosine basis function used in Fourier transform.

Since the basis function is variable, WT can strike a balance between time resolution and
frequency resolution, that is, long time windows and lower frequency wavelets are used to
convolve the low-frequency components in the signal, while short time windows and higher
frequency wavelets are used to convolve the high-frequency components. For a function
Y(x) € L*>(R), if its Fourier transform satisfies:

+oo 2
P O @

o o]
Then ¥ (x) is a wavelet basis function or mother wavelet function. Furthermore, by shifting
and stretching or shrinking function ¥ (x), a set of wavelet sequences can be represented:

1 x—>b

Yop(x) = —‘I’( ) (2.6)
Vlal a

Where a is the scale factor a to represent the “stretching” or “shrinking”, and b is to represent

the “shifting”, i.e., the position of the wavelet basis function. Therefore, for a continuous

function f(x) € L2(R), its wavelet transform is:

1 [+ s
W(a,b) =5 f(x)‘P(xa )dx 2.7)

— 00
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Where a and b are continuous scale factors, so the above equation is called Continuous
Wavelet Transform (CWT) [147]. As shown in Figure 2-4, the CWT results of signal s1 and
s2 can differentiate the distribution of different frequencies in the time domain.

CWT of S1 CWT of S2

35

30

]
]

Frequency
Frequency

t (seconds) t (seconds)

Figure 2-4: CWT results of signal s1 and s2 in Figure 2-2.

CWT can extract the time-frequency information of the non-stationary signal in a more
accurate way, which is helpful in the comprehensive analysis and reconstruction of signals,
but it also produces redundancy in results. For example, signals s1 and s2 contain only four
distinct frequency components respectively, but CWT will continuously compute a wide
frequency range, which may be problematic in signal decomposition and compressing, and
also increase the computational cost. Therefore, the scale factors a and b can be discretized to
solve these problems. Taking a = ay’, b = kay’by, and j,k € Z. Then the discretized
wavelet sequence is:

J .
Wk (x) = ag 2% (ag™/x — kby) (2.8)
Correspondingly, the Discrete Wavelet Transform (DWT) [148] of f(x) € L2(R) is:

W@, k) = ao_% +oof(x)‘l’(a0‘jx — kby)dx (2.9)

Unfortunately, both the Fourier and the wavelet transform require pre-defined basis functions
of fixed frequencies given by analytic formulae as templates, which is not a suitable approach
for natural signals, such as EEG, where the signal shape, amplitude, and frequency can
change arbitrarily. In fact, in a non-stationary, non-periodic signal, there are multiple
oscillation modes at any time instance, which means that the signal at each time point
contains multiple instantaneous frequencies [149] so, the Fourier-based or wavelet-based
time-frequency analysis of non-stationary signals has only mathematical but no physical
meaning. Empirical Mode Decomposition (EMD) is a signal decomposition algorithm
proposed by Huang et al. [110] in 1998 that decomposes the signals into a finite number of
narrow-band intrinsic mode functions (IMFs) [121]. EMD can decompose the signal
according to the time scale features of the data itself, without any pre-defined basis functions,
which makes it fundamentally different from the Fourier or wavelet decomposition. The
produced narrow-band IMFs can be analyzed using the Hilbert transform for the exact
instantaneous frequency and phase information, which is significant in non-stationary signal
analysis, such as EEG signals.

The exact process of the EMD computation is depicted in the flowchart of Figure 2-6. First,
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the extreme points of the input signal are detected (as shown in Figure 2-5), then cubic spline

interpolation is used to generate the upper and lower envelopes based on the maximum and
minimum points, respectively.

M\ [ - . \ -
ﬁ Al \'\I NN i 1l o [ Te—
A w| N II‘ N 'R —Q—a—gﬂ ‘._f "I" ‘ml‘ I ‘II| |‘II‘ i ‘I\I‘ H N

VYV ANANANARANEEAY
"!‘#I\JI\I‘I“'"\“'\I“"“\"‘Illlllll ‘ #II ||‘I
\"HNHH".‘H\"' | 'weuﬁﬂrﬂcggl"\\‘ll“u‘

\ [ | [

U\ "we‘ A N AR R

2t %1—6—3 ‘l L ! i S -
9

—t

Amplitude
. o

1 1 1 - a——
] 1 2 3 4 5 6 7 8
Time

Figure 2-5: Extreme points detection and envelope generation of input signal in EMD
algorithm.

Next, the mean envelope is calculated from the upper and lower envelopes and subtracted
from the original signal, creating a residual signal. This residual is regarded as a potential IMF.
A proper IMF should satisfy two conditions; (i) the number of extreme points and the number

of zero-crossings must be equal or the difference should not exceed one, (ii) the mean of the
mean envelope should be approximately zero.

» | Signal

Identify extremes
Cubic spline interpolation

2 2
Generate upper envelope ‘ ‘ Generate lower envelope
[

Mean envelope

Residue = signal — mean envelope

Is residue an IMF?

a. Number of extrema and zero-
crossing different at most by 1
b. Mean of the envelope is zero

Signal — IMF

Yes
Does this IMF differ Stop
from the previous one? iterating

Figure 2-6: The flowchart of the EMD processing steps.

In fact, it is very difficult for the residue to satisfy the two conditions at the same time, so

standard deviation, SD, between two residues is usually used as the criterion for stopping the
sifting process:

Z|R(k () — Rk(t)|
i=0 (R(k 1)(t))

where R,_; and R, are the final residual signal in the sifting iteration k —1 and k,
respectively. If the residue is an IMF, then it will be compared with the IMF generated by the
previous iteration. If they are the same, the process will be stopped, if not, the IMF will be

subtracted from the input signal creating a new input signal for the next iteration round. After
21

(2.10)



finishing the decomposition, the original signal can be represented as:

N
X(6) = ZIMFi(t) + Ry(b) 2.11)
i=1

At any time point, each IMF represents a single instantaneous frequency value, i.e., each IMF
describes a single oscillatory mode, consequently using the Hilbert transform analysis of the
IMF, the time-dependent instantaneous frequency of the given IMF can be obtained.

Hilbert transform is a powerful tool for signal time-frequency analysis. The Hilbert spectrum
can reflect the relationship between the instantaneous frequency of the signal and time, but
due to the mixing of instantaneous information in non-stationary and nonlinear signals, the
Hilbert transform cannot fully characterize its instantaneous phase and frequency features.
The EMD method can stabilize the non-stationary signal by decomposing it into IMFs,
therefore, the Hilbert transform (HT) of the IMFs can describe the time-frequency features of
the signal more accurately:

! fmIMF(t’) dt’ (2.12)

HT(t) = —P
() T t—t’

where P indicates the Cauchy principal value. Using this formula, the analytical signal Z(t)
of the IMF can be obtained as:

— 0o

Z(t) = IMF(t) + iHT(t) = a(t)e ?® (2.13)
where 9(t) is the instantaneous phase function. Based on the rate of change of the phase, the
instantaneous frequency is represented as:

dy(t)
=7 2.14
f&)=— (2.14)
This method of combining EMD and Hilbert transform is called Hilbert-Huang transform
(HHT).

The EMD method, unfortunately, is not robust enough in the presence of noise. As shown in
Figure 2-7, intermittent noise can result in mode mixing, i.e., one IMF contains oscillations of
largely disparate scales. Mode mixing will not only lead to wrong time-frequency distribution
but also may make IMF lose its physical meaning.

———VWIWAWANIA——

Figure 2-7: Mode mixing problem caused by intermittent noise in the input signal.
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Figure 2-8: High-level structure of the EEMD calculation process.

In order to deal with the mode mixing problem, Wu et al. proposed a noise-assisted signal
decomposition method in 2009 [150], the Ensemble Empirical Mode Decomposition (EEMD),
shown in Figure 2-8. Based on the uniform distribution of white noise spectrum, the
algorithm adds white noise to the raw signal before decomposition, so that the intermittent
noise is submerged in the added noise. Therefore, the distribution of extreme points of the
signal will be more uniform, which can effectively suppress the mode mixing caused by
intermittent factors. The EEMD method replicates the signal by adding to it random white
noise. Then, these signals will be decomposed individually. The number of IMFs generated by

each signal group may be inconsistent, which will lead to the inability to align each IMF
during the averaging operation.
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Figure 2-9: High-level structure of the CEEMDAN calculation process

In order to solve the IMF alignment problem and improve the decomposition efficiency,

Torres et al. proposed the complete EEMD with adaptive noise (CEEMDAN) in 2011 [151].

Compared with the EEMD method, CEEMDAN first adds noise to the raw signal to create
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the set of input signals, then calculates only the first IMF corresponding to each group, and
averages these IMFs to obtain the first real IMF. Next, the real IMF will be subtracted from
the raw signal and the next iteration is started. Figure 2-9 shows the flow of on iteration.
Since the averaging operation is performed after the first IMF of signals with white noise is
calculated in each iteration, CEEMDAN solves the IMF alignment problem, and by
controlling the parameters of the white noise added in different iterations, faster iterations can
be achieved. However, the CEEMDAN method is still a decomposition method for single-
channel signals. Although it solves the alignment problem of multiple groups of IMFs
obtained from single-channel signals with different noise, it cannot solve the alignment
problem of IMFs obtained by multi-channel decomposition.

Rehman et al. proposed the multivariate empirical mode decomposition (MEMD) method in
2010 [152], [153] to solve the alignment problem of multiple IMFs obtained from multi-
channel signal decomposition. As shown in Figure 2-10, the MEMD method regards the input
N-channel signal as a curve in (N + 1) dimensional space, where the extra dimension is the
time, and then sets a uniformly distributed set of direction vectors in the N-dimensional space.
Curves are projected onto planes composed of different direction vectors and time axes to
generate upper and lower envelopes of the projected signal on each direction vector, and the
mean envelope is calculated from the envelopes along all directions, next comes the process
of iteration and sifting. Although MEMD solves the problem of IMF alignment of multi-
channel signals, it still suffers from the problem of mode mixing that is present in the one-
dimensional EMD method.

multidimensional space curve Stop iterating

|

—>{ Project along direction vectors

I

Generate the envelopes of the
projected signals

The number of extremes of
each projected signal < 3

l ’ Identify extremes of each projected signals ‘
Calculate mean envelope with T
multivariate envelopes ’ Project along direction vectors ‘

Residue = curve — mean envelopes ‘ Curve — IMF

Does Residue meet
IMF conditions?

Figure 2-10: The flowchart of the MEDM processing steps.

As an improvement, Rehman et al. proposed the noise-assisted MEMD (NA-MEMD) method
[154] to solve the mode mixing problem in MEMD. NA-MEMD does not add noise to the
original multi-channel signal directly, but adds noise to the (N+1)-dimensional curve
composed of the multi-channel signals, so it adds several noise channels and performs
MEMD on the new multi-channel signals composed of the original multi-channel signals and
the noise channels. Among all the IMFs obtained by decomposition, the IMFs corresponding
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to signal channels can be obtained by eliminating the IMFs corresponding to the noise
channels.

EEG signals are generally multi-channel signals measured by multiple electrodes. Also, the
signal of each channel is non-stationary, non-periodic and nonlinear, with certain level of
correlations among channels. Since the MEMD method solves the alignment problem of
IMFs, it can also preserve the mutual information among channels on the basis of analyzing
non-stationary and nonlinear signals.

Signal frequency decomposition methods represented by EMD and its variants are commonly
used in the preprocessing or feature extraction stage of the EEG signal processing pipeline.
Their adaptive and data-driven nature enables them to efficiently decompose non-stationary
signals into IMFs, each containing only a single oscillatory mode. These methods provide
higher resolution in capturing transient and localized EEG signal dynamics as compared to
conventional fixed-base techniques (e.g., wavelet or Fourier transform). However, they also
introduce a significant computational bottleneck in end-to-end EEG processing pipelines. The
iterative sifting process inherent to EMD, which involves repeated extrema detection and
envelope interpolation, is computationally intensive and challenging to parallelize.
Furthermore, the time complexity grows with the number of EEG channels and signal length,
making EMD methods less scalable for high-dimensional datasets. Their sensitivity to noise
and lack of a universal stopping criterion often necessitate the use of ensemble averaging or
post-processing, further increasing computational load. Therefore, without significant
optimization, EMD is not suitable for large-scale applications in end-to-end EEG signal
processing pipelines. These constraints highlight the need for high-performance EMD
implementations that can retain the benefits of EMD while reducing latency and
computational cost—which is important for accelerating end-to-end EEG signal processing
pipelines.

2.3 Spatial Decomposition Methods

The focus of contemporary signal processing technologies is shifting from Gaussian,
stationary, linear signals to non-Gaussian, non-stationary, nonlinear signals, that is, blind
signals. The most challenging part of blind signal processing is how to separate the signals
generated by different sources in the collected mixed signal, this is the Blind Signal
Separation/Blind Source Separation (BSS) problem. The BSS problem originated from the
cocktail party problem proposed by Cherry [155] in 1953. As shown in Figure 2-11, at a
cocktail party, there are different sound sources (speaker #1, #2, #3) that exist simultaneously,
and they are recorded by several microphones (#1, #2, #3) at the same time. Therefore, each
microphone actually records the mixed signal generated from three speakers, that is, three
mixed signals will be produced. In this case, how to decompose the recorded mixed signals to
obtain the original signals of the three sound sources is an interesting topic. When people are
interested in a certain speaker and pay attention to him, the brain can automatically extract the
voice of the corresponding speaker and block out other voices. The spatial decomposition
method is used to achieve a similar function, and the most effective method is the
Independent Component Analysis.
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Figure 2-11: Illustration of the cocktail party problem, multiple sound sources are recorded by
multiple microphones.

The idea of ICA originated from the work of Ans et al. [156] in neurophysiology and Barness
et al. [157] in communications in the 1980s. Herault and Jutten proposed a neural network-
based method [158] to solve the BSS problem. Although this method can solve the problem of
separating mixed signals containing two sources, it does not point out the role that the higher-
order statistics (HOS) information plays in blind signal separation. But the algorithm is
already taking shape as the ICA algorithm. Comon noticed the importance of higher-order
statistics information in the ICA problem and defined it using the information theory
framework [159]. He also gave an iterative algorithm for the two-source mixed signal
separation problem and expanded the algorithm to the multi-source mixed signal situation. In
1991, Comon, Jutten et al. described the BSS/ICA problem in detail and gave algorithms as
well as its stability analysis in paper [160], [161], [162]. In 1994, Comon summarized the
previous work [163], gave the mathematical model of ICA, and answered the following
important questions: (i) Does the ICA problem have a solution? (ii) Is the solution unique? (iii)
How to quantify the independence between source signals? (iv) How to approach the solution
of ICA based on independence? (v) How to measure the effectiveness of the solution? This
paper laid the theoretical foundation for ICA and facilitated the development of its variants
and applications in various fields.

To address the blind identification problem in beamforming, Cardoso et al. proposed a variant
of ICA: Joint Approximation Diagonalization of Eigenmatrices [164], [165] (JADE)
algorithm, which uses directional vectors for estimation instead of restoring the hypothesized
value of the original signal, and fourth-order cumulants are used as an indicator to quantify
the statistical independence of the source signal. Moreover, Cardoso improved the calculation
of gradient in ICA by introducing a relative gradient and proposed the equivariant adaptive
source separation method [166]. Belouchrani et al. [167] proposed another ICA variant, the
Second Order Blind Identification (SOBI) algorithm. This algorithm exploits the time
coherence of the source signals and relies only on stationary second-order statistics based on a
joint diagonalization of a set of covariance matrices.

Oja and Karhunen et al. conducted an in-depth study of nonlinear PCA in the 1980s and noted

the connection between nonlinear Principal Component Analysis (PCA) and BSS/ICA in the

1990s [168], [169], [170], [171]. Based on these works, they proposed an efficient variant of

ICA, Fast-ICA [172], [173], also called Fixed-point ICA, which is one of the most used
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algorithms. Bell and Sejnowski et al. proposed the Infomax-ICA [174] algorithm in 1995 and
successfully separated a mixed signal containing 10 speech signals. The algorithm introduces
the activation function used in neural networks into ICA and constructs a loss function based
on information entropy. The nonlinear activation function can effectively handle the HOS
correlation between different independent components, and the introduction of information
entropy allows people to understand ICA from the perspective of information theory. Similar
to artificial neural networks, Infomax-ICA can efficiently separate the independent
components of mixed signals through the convergence of the loss function by the
backpropagation algorithm.

The purpose of Infomax-ICA performing iterations to converge the loss function is to update
the unmixing matrix to remove the dependencies between components. Before removing the
dependencies, it is necessary to remove the correlation, which is also called signal whitening,
and the correlation between channels is expressed in terms of covariance. Given signals X and
Y with n samples, their covariance is expressed as:

n

1
Cov(X,Y) = ;Z(xi —ECO)(yi — EO)) (2.15)

i=1

Where E(X) and E(Y) represent the average values of the input signals, and:

>0 Positive correlation
Cov(X,Y)4{< 0 Negative correlation (2.16)
=0 No correlation

Therefore, for a multi-channel signal, denoted by matrix A, the correlations between the
channels can be expressed by its covariance matrix:

Var(CH1)  Cov(CH1,CH2) Cov(CH1,CH3) - Cov(CH1,CHn)
Cov(CH2,CH1) Var(CH2) Cov(CH2,CH3) - Cov(CH2,CHn)
Cov(CH3,CH1) Cov(CH3,CH2) Var(CH3) - Cov(CH3,CHn) (2.17)

Cov(CHn,CH1) Cov(CHn,CH2) Cov(CHn,CH3) Var(CHn)

According to equation 2.15, if each channel subtracted from its own mean value in advance,
the covariance matrix of the multi-channel signal can be easily obtained by AAT. This process
of removing the mean value is also called signal centralization.

If there is no correlation between the channels of the multi-channel signal, then its covariance
matrix should be diagonal, but this is not the case. This means that some transformations
should be done on the raw signal to diagonalize its covariance matrix, i.e., to remove the
correlation between the channels, which requires singular value decomposition (SVD). For
the matrix A, its SVD is expressed as:

A =UzVT (2.18)

Where X is a diagonal matrix, and the elements on the diagonal are the singular values of
matrix A. U and VTare unitary matrices, which satisfies:
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uuT =1

2.19
Vv =1 ( )

By multiplying both sides of equation 2.18 by AT, the following derivation can be obtained:

AAT = UZVT « (UzvT)"
AAT = UzvT «vUT
AAT = uz2yT (2.20)
AATU = Ux?
UTAATU = UTuz?
Then let Y = UTA, the following expression can be obtained:
Yy =32 (2.21)

YYT is consistent with the covariance matrix expression of the centralized multi-channel
signal A. More importantly, X is a diagonal matrix, which means that there is no correlation
between the channels of the matrix Y. Therefore, the decorrelated multi-channel signal A can
be expressed as:

Ageco = VUTA (2.22)
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Figure 2-12: The flowchart of ICA’s decorrelation preprocessing of raw signals.

Therefore, before the backpropagation algorithm is iterated to converge the loss function, the
preprocessing flow of the raw data is shown in Figure 2-12. The raw data needs to be
centralized and whitened first.

Raw data Centralized data Whitened data

Figure 2-13: The shifting, rotation and stretching during raw signals whitening.

From a geometric point of view, as shown in Figure 2-13, for a 2-channel (2-dimensional)
signal, data centralization actually shifts the data to the origin in the coordinate system, and
data whitening rotates and stretches the data to decouple each dimension in terms of
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correlation. Data whitening can reduce the redundancy of the input signal and improve the
convergence of the ICA algorithm.

Figure 2-14 demonstrates the processing flow of preprocessed data. The whitened data x;(t)
is computed by the unmixing matrix W and a nonlinear function g(-), then the independence
between the components y; (t) will be evaluated by the independence criterion (loss function).
If the result does not meet the requirements, the backpropagation algorithm is performed
according to the learning rate and gradient to update the unmixing matrix W. Following a
series of iterations, the dependencies between the components in the output data s;(t) will be
eliminated.

Update

x1 () uy (8) y1(8) s1(t)

Whitened Unmixing matrix Independence
data %2 (6) w Ua(6) 90) ¥2() criterion s2(t)

X, (t) un(t) Yn(t) sn(t)
Figure 2-14: The processing flow of solving the unmixing matrix and separating independent
components using whitened data.

The mathematical description of ICA is as follows. Assuming an unknown source signal
vector s(t) and an unknown mixing matrix A, the signal x(t) measured by the electrodes can
be expressed as

x(t) = As(t) (2.23)

The goal is to determine the original, unknown source signal s(t) from x(t) using the inverse
of matrix A, W = A~1. The ICA algorithm is used to compute the unmixing matrix W to
determine the estimate y(t) of the source signal s(t) as

y(t) = Wx(t) = WAs(t) (2.24)

To determine whether the calculated components are statistically independent, three
commonly used criteria can be used based on: maximum non-Gaussianity, minimum mutual
information, and maximum likelihood estimation. In this thesis, the minimum mutual
information method (Infomax ICA) is used. Mutual information is defined as

1(X;Y) = H(X) — HX|Y) (2.25)
where H(X|Y) represents the conditional entropy, defined as follows
HX|Y) =HX,Y) — H() (2.26)

where H(X,Y) is the joint entropy of X and Y, and the calculation formula for the entropy of a
given variable and the joint entropy of two variables is defined as follows:

H(X) = —z P(x)logP(x) 2.27)

H(X,Y) = —z P(x,y)logP(x,y) (2.28)
x,y
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where P(x) is the probability distribution function of variable X. The process of minimizing
the mutual entropy of X and Y means that the uncertainty of X is continuously reduced after Y
is observed. The ICA algorithm based on the minimum mutual information method is called
Infomax ICA, which was proposed by Bell and Sejnowski [9]. The pseudocode of the
computational algorithm of Infomax ICA is shown in Table 2-2
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Figure 2-15: The decomposition of a 128-channel EEG recording. (a): The first four channels
of input EEG signal. (b): The first four ICs from the decomposition results. The red box
highlights the separation of the alpha wave component. The topographic view on the right
illustrates the distribution of the ICs across the scalp.

Infomax Independent Component Analysis

1. Initialize W (0)
2. while (not converged and t < limit)
2.1'Y = permutate(X)
2.2 for each block B in signal Y
2.2.1 U = WY + bias /I Step 1
222 Y =tanh(U) /Il Step 1
223 W '=W+n(I-YUT-UUT)W  //Steps 2,3
2.2.4 update bias I Step 4
end for
end while

Table 2-2: Pseudocode of Infomax Independent Component Analysis

In the pseudocode above, W is the weight matrix and n represents the learning rate. A high
learning rate may accelerate the iterative process, but it may cause non-convergence. A lower
learning rate helps convergence but requires more iterations and spend more time. I and Y
represent the identity matrix and the observed signal, respectively. The non-linear function
tanh(Y) is used for signals with super-Gaussian distributions, while Y — tanh(Y) is used for
sub-Gaussian ones. Figure 2-15 presents an example of EEG signals decomposed into
independent components (ICs). After applying ICA to the original signal, the mixed source
signals are separated. As highlighted in the red box, the alpha waves distributed across
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different channels are extracted into a distinct independent component, 1C3. The topographic
view on the right further illustrates that this component corresponds to alpha wave activity
recorded by the occipital electrode.

ICA, as a representative spatial decomposition method, plays a critical role in EEG processing
pipelines, primarily during the artifact removal and source separation stages. By separating
multichannel EEG recordings into statistically independent components, ICA allows for the
identification and removal of artifacts such as eye blinks, muscle noise, and cardiac signals, as
well as the isolation of putative neural sources. While this improves signal quality and
interpretability, ICA introduces notable computational and practical bottlenecks in end-to-end
EEG processing pipelines. The algorithm's computational complexity increases with the
number of channels and the length of recordings, and the batch-based backpropagation
algorithm introduces a large number of iterations, which greatly increases the computational
intensity. Moreover, ICA assumes stationarity and linear mixing, which may not hold for all
EEG datasets, potentially reducing its reliability and necessitating manual inspection or
further processing steps. Another major bottleneck is the lack of fully automated and
generalizable approaches for identifying artifact components, making ICA-dependent
pipelines semi-automated at best. These constraints are especially limiting in end-to-end EEG
processing pipelines. As a result, while ICA is powerful for spatial decomposition and artifact
removal, its integration into fully automated, low-latency, end-to-end EEG processing
pipelines remains a key challenge, often requiring simplifications, approximations, or
replacement with more computationally efficient alternatives.
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3 GPUIMPLEMENTATION OF ICEEMDAN

This chapter describes a massively parallel GPU implementation of the Improved Complete
Ensemble Empirical Mode Decomposition with Adaptive Noise (ICEEMDAN) algorithm, a
crucial tool for precise time-frequency analysis of non-stationary EEG signals. Due to the
data-driven nature, Empirical Mode Decomposition (EMD) and its variants are more suited to
extract different oscillations from non-stationary signals, but are too time-consuming for
practical use. The proposed implementation significantly reduces the computational time
compared to the most widely used MATLAB implementation and enables researchers to
perform EMD-based EEG analysis routinely, even for high-density EEG measurements.

3.1 Materials and Methods

3.1.1 Related works

The Improved CEEMDAN algorithm (referred to as ICEEMDAN in the rest of the paper)
was developed by Colominas et al. [175]. This algorithm solves the mode mixing problem,
provides an invertible decomposition and eliminates early noise IMF components from the
IMF set. Unlike in EEMD, where the IMFs are extracted for the different signal plus noise
realizations independently and averaged at the end, in ICEEMDAN the extracted IMFs are
averaged during the iterative process, and the average is used to compute the input signal for
the next iteration. In addition, noise is added to the signal differently, to control the signal-to-
noise ratio and match the frequency spectrum of the noise and the new input signals. For this,
the EMD algorithm is executed on the white Gaussian noise with zero mean and unit variance
to extract noise IMFs, which will be added to the signal as the IMF extraction proceeds. [175]

Improved CEEMDAN algorithm

1x® = x + BoE; (w®D) // Signals are added with noises to produce realizations
2.1 = XK M (x + BOEl(w(i))) = (M(x®)) // Calculated by EMD to obtain residue
3. for K" IMF in K IMFs
31lifk=1
3.1.1d, = x- r; /] Atthe first stage, calculate the first mode
31271, =(M (rl + BE, (w(")))). // Estimate the second residue

3.1.3d, = r; — r, I/ Define the second mode
end if

3271, =(M (Tk—1 + Bk_lEk(w(i)))) Il from k=3, estimate the residue

3.3dy = r,_1 — 1 // Compute the k" mode
end for

Table 3-1: Pseudocode of Infomax Independent Component Analysis

The algorithm, described formally, is as follows: let Ek(-) represent the operator that returns
the k™ IMF (mode) using the EMD algorithm of its input signal. Let M(-) be the operator that
returns the local mean of the upper and lower envelopes of the signal it is applied to. Let w(®
be a realization of white Gaussian noise with zero mean and unit variance, and let (-) be the
action of averaging across all realizations. With these operators, the pseudocode of the
ICEEMDAN algorithm is shown in Table 3-1 [170].
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Notice that when creating the signal plus noise realizations, By _1 Ex(w®), i.e. the k™ IMF of
the Gaussian white noise is added to the signal instead of just white noise, such as Bj,_;w®.
Also, the amplitude B, of the noise mode changes from one iteration to the next as given by
B = €ostd (), where std() is the standard deviation of the signal.

The overall structure of the algorithm is depicted in Figure 3-1, whereas the flowchart of the
sifting process for generating the noise IMFs is shown in Figure 3-2.
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Figure 3-1: The execution flowchart of the ICEEMDAN algorithm. ‘Sifting’ is the basic
processing step of the implementation and the noise inputs are the decomposition results
(IMFs) from the Gaussian noise realizations. The sifting process of each realization can be
executed in parallel.

Residuals £

Subtract

White noise

Input signal

EMD Stopping Criterion

Sifting

! : Noisen | i
b —
' i

Figure 3-2: The flowchart of the EMD decomposition of the Gaussian noise. The resulting
noise IMFs, Noise 1 —n are used as added noise in the algorithm as shown in Figure 3-1.
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Several parallel implementations have been developed for the EMD algorithm. The library
libeemd [176] is written in the C programming language and provides sequential and
OpenMP-based parallel CPU implementations for the EMD, EEMD and CEEMDAN
algorithms. The implementation achieves around 10x speedup compared to MATLAB ones.
The rapid rise of GPU technology in High Performance Computing gave rise to several
parallel GPU-accelerated EMD implementations, too. Waskito et al. reported the first single-
precision CUDA EMD implementation for audio signal processing achieving 29x and 29.9x
speedups compared to sequential C versions on C1060 and C2050 NVIDIA Tesla cards,
respectively [177], [178]. Xie et al created a CUDA EMD version for seismic data processing
that achieved 4x speedup on a GT240 GPU card [179]. Huang et al [180] reported 33.7x
speedup on a C2050 GPU using overlapped piecewise cubic spline interpolation technique.

Since the Ensemble EMD has significantly higher computation cost than EMD due to the
large number of noise-assisted copies of the original signal, parallelism in this case is
mandatory to achieve acceptable execution times. The implementation by Wang et al was
developed for offline spectrum discrimination of hyperspectral remote sensing images and
achieved 60.62x speedup over a sequential C implementation running on an NVIDIA C1060
Tesla GPU card [181]. In a follow-up paper, they compared serial MATLAB, sequential and
multi-core C as well as their CUDA implementation (C1060 GPU) and found that sequential
C is 5 times faster than MATLAB, a quad-core C version is 15 times, while the CUDA
version is 60 times faster than the MATLAB implementation [182]. Chen et al. developed a
real-time CUDA EEMD implementation for anesthesia monitoring purposes [183]. They
showed that it is possible to achieve real-time processing speed with a GTX295 GPU card
(31.3x speedup, dual GPU card). A comparison of these parallel implementations of EMD and
its variants is presented in Table 3-2.

Papers Algorithms Parallel techniques  Performance gain
[176] EMD/EEMD/CEEMD OpenMP ~10x
[177] EMD CUDA ~29x

[179] EMD CUDA ~4x

[180] HHT CUDA 33.7x

[181] EEMD CUDA 60.62x
[183] EEMD CUDA 31.3x

Table 3-2: A comparison of several reported parallel implementations of EMD and its variants.

The reviewed GPU implementations have the following characteristics in common: (i) they
use early generation, by now outdated GPU processors and early versions of the CUDA
programming language; (ii) the achieved speedup values are relatively modest; and (iii)
source code is not publicly available. More importantly, a high-performance GPU
implementation of the more time-consuming ICEEMDAN algorithm is still missing.

3.1.2 Design of the parallel implementation
As shown in Figure 3-1, the ICEEMDAN algorithm has more internal dependencies as
EEMD. EEMD for a multi-channel EEG dataset can be trivially parallel as the pseudo-code in
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Table 3-3 illustrates. All channels and all realizations can be processed simultaneously as they
are independent entities, only a final reduction step is required to average the IMFs across the
realizations for each channel. The degree of parallelism in the double nested loop is in the
order of 10*.

Parallel EEMD Algorithm:
for all channels do in parallel
for all realizations of the current channel do in parallel
compute IMFs in parallel
end for
average IMFs across realizations in parallel
end for

Table 3-3: Pseudo-code of parallel EEMD algorithm.

On traditional CPU-based parallel systems, this provides enough parallelism so that the IMF
computation (EMD) is sufficient to be executed in a serial manner. On GPUs, however, where
the number of cores is very close to 10 and the number of parallel threads must be at least
two orders of magnitude higher than the core count, the IMF computation should be
performed in parallel, too.

The ICEEMDAN algorithm requires synchronization among realizations after each IMF
extraction to compute the IMF means, to add new random noise, and to calculate the input
signal for the next iteration. Hence, the high-level structure of the parallel algorithm changes
to the following one:

Parallel ICEEMDAN Algorithm:

for all channels do in parallel
generate noise signal w® and its IMFs E; (w®) by EMD
for all realizations do in parallel
add noise IMF E;, (w®) to signal x to obtain the current realization
compute the local means M (x®)
end for
residue r; by averaging M(x®) across realizations in parallel
compute firstmode d; asd; = x-n
while no more IMFs can be extracted do {for k=2 and up}
for all realizations do in parallel
compute the local means M(x®)
end for
residue 7 by averaging M (x®) across realizations in parallel
compute the mode d, asd, = 14,1 - 1%
end while
end for

Table 3-4: Pseudo-code of parallel ICEEMDAN algorithm.

The GPU implementation of ICEEMDAN is divided into two parts: EMD processing of the
Gaussian noise to generate noise IMFs, and EMD processing of noise-added input signal.
Each numerical step in ICEEMDAN is implemented by one or several custom kernel
functions or highly optimized CUDA library functions. The kernel is a function executing on
the GPU device using multiple threads in a single-instruction-multiple-stream fashion. Each
thread has a unique index in order to map a thread to a data element in memory. Kernels are
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launched on the host (CPU program) to be executed on the GPU with threads organized into
blocks, and blocks into grids. One-, two- and three-dimensional indexing can be used to map
threads onto 1D, 2D and, 3D data structures. NVIDIA GPUs contain a large number of
compute (integer, FP32, FP64 and tensor) cores; the internal thread schedulers will assign
instructions from threads to different cores based on the operand type for parallel execution.

3.2 Details of the Implementation

3.2.1 Data structure and initialization

In the initialization phase, memory is allocated for all variables and the noise IMFs are
generated for ICEEMDAN. Unlike other noise-assisted EMD variants, the noise added in
ICEEMDAN is the IMFs generated from gaussian noise decomposition rather than gaussian
noise itself, so before the real decomposition of the input signal, | need to perform EMD
processing on the gaussian noise to generate noise IMFs which will be added as noises. The
curandGenerateNormal () function from the cuRand library is used to generate several
gaussian noises with mean 0 and variance 1, which are stored in GPU memory. Then, these
noise signals will be used as input signals for EMD processing, as shown in Figure 3-2, after
several siftings, each noise signal will generate a set of IMFs, therefore, the noise IMFs in the
memory is a three-dimensional vector (as shown in Figure 3-3). For ICEEMDAN, each set of
IMFs is a realization, and the IMFs in the realization will be added to the corresponding input
signals to start the next sifting process (as shown in Figure 3-1). In the initialization section of
the implementation, all potential memory spaces are allocated and initialized, necessary host-
device memory copies are also performed to avoid host-device memory swaps during
iterations.
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Figure 3-3: 3-D layout in memory of noise IMFs resulting from the decompositions of the
different noise vectors. The same color represents the IMFs decomposed from the same noise
vector.

The ICEEMDAN algorithm is executed for C signal channels, each containing N samples.
During the decomposition of the signal, K modes (IMFs) are extracted from | signal plus
noise realizations. The most important data structures and their layout for processing a single
channel are described in the following, and the complete list of data structures and their sizes
and functions in which they are used are listed in Table S1 in the appendix part.

The input signal x is stored in an N element FP32 vector. The K modes of the Gaussian noise
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realizations w(® are extracted at the beginning of the program and stored in a K x| x N
element three-dimensional FP32 data matrix. Modes from this matrix will be added to the
input signal during the iterative process of IMF extraction. Before executing the Sifting
process, the noise realizations are generated and stored in an | <N FP32 matrix. The output of
the Sifting step is | residue signals and | modes, both stored in | < N FP32 matrices. To
minimize memory usage, the data structures of the input signal, the residues and IMFs of the
realizations are reused and overwritten in each iteration of the IMF extraction loop. The final
result, the extracted averaged IMFs are stored in a K <N FP32 matrix.

Only the original input signal and the final IMFs are stored in the host (CPU) memory. All
other data structures are allocated in the global GPU memory. The input signal is copied to
GPU memory before the algorithm starts and the final IMFs are copied back to host at the end.
There are no host-device memory copy operations during the execution of the GPU code. The
zero mean and unit variance noise is generated by using the curandGenerateNormal ()

function in the cuRAND CUDA library.

3.2.2 The parallel sifting process

The core step of the ICEEMDAN algorithm is the parallel GPU implementation of the sifting
algorithm that extracts one mode (IMF) from the input signal. This is used in extracting both
the noise and signal IMFs. The main steps of the Sifting process are: extrema detection,
envelope generation with cubic spline interpolation, local mean computation and signal
residue calculation. These steps are implemented by custom kernel functions and in some
cases using highly optimized CUDA library functions. The functions used in the sifting
process implementation are listed in Table 3-5.

Sifting operation Kernel/library function
Find local signal maxima select_extrema_max()
Find local signal minima select_extrema_min()
Solve the tridiagonal system cusparseSgtsv2_nopivot()
Collect coefficients for interpolation spline_coefficient()
Cubic spline interpolation interpolate()
Compute mean envelope averageUpperLower()
Signal update for next iteration averageUpdateSignal()

Table 3-5: The major steps of the sifting process and their corresponding GPU kernel/library
function.

Each of these steps is executed in a massively parallel fashion. In the extrema detection step,
one thread is launched for each signal/noise sample that compares the sample with the left and
right neighbors to detect minima and maxima values and their locations. The extrema are used
in the next step to generate the upper and lower envelopes of the signal. This is performed by
cubic spline interpolation based on the extrema values, which requires the solution of many
tri-diagonal systems of equations. The Parallel Cyclic Reduction solver implementation /
cusparseSgtsv2 nopivot () / provided in the cuSPARSE library is used for this step.
The solver generates a set of solutions based on the extreme values of the input signal. These
solutions are then passed to the kernel function spline coefficient (), which launches
the same number of threads as the interpolation splines. Each thread computes the four
coefficients of a cubic polynomial and stores the resulting polynomial coefficients in GPU

memory. The coefficients of the cubic polynomial serve as inputs to the interpolation function
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interpolate (), which launches the same number of threads as the signal samples. Each
thread retrieves the four coefficients of the corresponding cubic polynomial from GPU
memory and computes the interpolated values of the upper and lower envelopes. The kernel
function averageUpperLower () computes the average of the two envelopes, launching
the same number of threads as the signal samples. Each thread loads the corresponding values
from the upper and lower envelopes, calculates their average, and stores the result back in
GPU memory.

Once the Sifting process completes, new first mode for each realization is obtained. These
modes are subtracted from their corresponding realizations and the results are averaged across
the realizations to produce the new residue r,,,. These steps are executed by the kernel
functions produceResidue () and averageUpdateSignal (), both of which launch
a 2D thread grid composed of 1D thread blocks, ensuring coverage of every sample across all
realizations. The number of thread blocks is optimized based on the signal length and the
number of realizations, maximizing the utilization of all streaming multiprocessors (SMs).
Each thread block consists of 256 threads, efficiently leveraging all streaming processors (SPs)
within each SM.

3.3 Results

This section demonstrates the numerical accuracy, speedup achieved, and efficiency of the
ICEEMDAN GPU implementation. First, the details of the hardware used during the
validation and performance measurements are provided. This is followed by numerical
validation results and computational performance measures; all execution time measures were
calculated after 5 warm-up cycles with 10 repetitions averaged. Finally, | discuss various
performance optimization steps used to improve execution efficiency and device utilization.

3.3.1 Test hardware

Tests and measurements were conducted on three NVIDIA GPUs including gaming and
compute-only cards. Each GPU represented different GPU architecture families. Details of
the GPUs used in the study are provided in Table 3-6. Specifically, Titan Xp (Pascal) and
RTX 3070 (Ampere) gaming cards were used during development and testing, a Tesla V100
(Volta) accelerator card (provided by GPULAB) and a Tesla A100 card (provided by
Komondor supercomputer) were used for additional performance measurements. Since these
GPUs have different internal architecture, CUDA core counts and theoretical peak
performance, they enabled us to explore performance differences attributable to varying
hardware parameters. For CPU tests, an Intel i7-9700K 8-core CPU based computer with a
Windows 10 operating system and MATLAB 2019a is used.

Titan Xp TeslaV100 RTX 3070 mobile  Tesla A100

Architecture Pascal \olta Ampere Ampere
CUDA cores 3840 5120 5120 6912
Clock frequency (GHz) 1.48 1.46 1.62 1.41
Memory (GB) 12 16 8 40
FP32 performance (TFlop/s) 11.36 14.03 16.59 19.5
CUDA version 10.2 11.3 114 12.0

Table 3-6: Architecture parameters of the GPU platforms used for measurements.
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3.3.2 Numerical validation

The numerical correctness of the implementation was validated with a synthetic signal [175]
and a real EEG dataset provided as a sample data file in the EEGLAB [184] software
distribution. The GPU implementation was compared with a MATLAB implementation
considered as the golden standard [185] . To quantify the accuracy of the decomposition
results obtained with different implementations, | introduce the Similarity Index metric p
given as

cov(x;(t), y; (1))
\/var(xi(t))\/var(yi(t))

where cov() represents covariance of the two input IMF signals x;(t) and y;(t) produced by
the GPU and MATLAB implementations, respectively, and var() represents the variance of
the input signal. The index p varies between 0 and 1, p = 1 representing that x;(t) and y;(t)
are identical.

(3.1)

Pi (xi ®),yi (t)) =

The synthetic signal contains two frequency components and features intermittent noise. The
length of the entire signal is 1000 samples, one component s; is a sinusoid signal with non-
zero values from sample 500 to 750 with a frequency of 255 Hz. The other component s, is
also a sinusoidal signal but spans the entire signal duration, from sample 0 to 1000 with a
frequency of 65 Hz. The composite signal s = s; + s,, expressed as follows:

0 if 1<n<500
s; =4 sin(270.255(n — 501))  if 501 <n < 750 (3.2)
0 if 751 <n <1000

s, = sin (2m0.065(n — 1))

The synthetic signal s and its two constituent components s, and s, are shown in Figure 3-4
(a). The interval from sample 501 to 750 in signal s is a period of intermittent noise, which
makes the signal well suited for testing mode mixing.

Synthetic signal

| | | | |
100 200 300 400 500 600 700 800 900 1000

MATLAB decomposition

| | | | | |
100 200 300 400 500 600 700 800 900 1000

GPU decomposition
L
IMF 1 0
4
i
IMF 2 0
A ! ! ! l | ! |
100 200 300 400 500 600 700 800 900 1000

Figure 3-4: The synthetic dual-frequency signal (top), and the decomposition results from the
MATLAB (middle) and CUDA (bottom) implementations.

Figure 3-4 (b) and (c) show the decomposition results of this dual-frequency synthetic signal
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performed with the reference MATLAB and the CUDA implementations, respectively. The
Similarity Index in this case is computed between one constituent component of signal s (the
ground truth) and the IMF produced by either implementation; i.e. | measure how accurately
the IMF reproduce the original components of the raw synthetic signal. The MATLAB
implementation gives similarity index values pMATL4B = 99.63% and pMATLAB = 99.95%,
The CUDA implementation produced nearly identical results as the MATLAB one, p&/P4 =
99.62% and p</P4 = 99.91%.

Next, I show the decomposition results obtained from a real EEG dataset. The selected signal
is Channel 4 of the sample data file “eeglab_data.set” distributed with the EEGLAB Toolbox
containing 30504 data samples (sampling frequency is 512 Hz, signal length: 1 minute).
Figure 3-5 shows the extracted IMFs and the resulting Similarity Index values. Since there is
no ground truth in this case, or in the case of any real EEG measurements, the Similarity
Index is computed from the MATLAB and CUDA implementation results, treating the
MATLAB result as the ‘ground truth’.
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Figure 3-5: The decomposition results (only IMFs 1-12 are shown) of Channel 4 from the
EEGLAB sample dataset produced by the MATLAB (a) and CUDA (b) implementations with
the corresponding Similarity Index values.

Higher frequency IMFs show very good agreement of the two implementations. Lower
frequency IMFs show somewhat reduced level of similarity, which is likely to be caused by
the different random number generator in the two implementations, and different the
boundary conditions during extrema detection and spline interpolation.

3.3.3 Computational performance and optimization

| start the performance results section by showing the execution times of the baseline
MATLAB and libeemd Improved CEEMDAN implementations (Figure 3-6). Three input
parameters (signal length N, number of iterations in the sifting process S, and number of
realizations I) were varied during the tests. It should be noted that since the implementation
provided by libeemd uses a completely different iteration stop criterion, a fixed number of
iterations is used for a fair comparison. For the sample size N=102401 that represents 50
seconds of data at f;= 2048 Hz or 6.6 minutes at f;= 256 Hz, the MATLAB execution time
varied between 6 and 53 minutes depending on the number of realizations (I=100, 200, ...,
500) and sifting iterations (S=10, 20, 50). Execution times from the libeemd implementations
for the same input parameters varied between 10 seconds and 4 minutes.
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Figure 3-6: Execution time of the MATLAB and libeemd versions of the Improved
CEEMDAN algorithm in function of signal length N and varying number of realizations |I.
The number of sifting operations is fixed, S = 10.

Before showing the execution time of the final GPU implementation, | illustrate an important
performance optimization strategy. The execution profiling of the first implementation of the
algorithm revealed that the cuSPARSE tridiagonal solver executes many small kernels, which
— due to the large number of signal realizations — results in a significant performance
overhead. Figure 3-7 shows the execution timeline of the tridiagonal solver on many
realizations. It can be seen that the GPU is not fully utilized during the execution of kernels;
there are idle time gaps between the kernels.

1s ~ +110ms +110.5ms +111ms +111.5ms

96.8% Kernels

16.1% pcrSharedMemKernelLoop_LastStage_oneRhs
10.9% pcrGlobalMemKernel_oneRhs h L.k 4 d
8.1% perGlobalMemKernelFirstPass_manyRhs 15 109.4ms +2.472 ms

4.1% crGlobalForlterations_multiple

3.3% crGlobalBottomKernel_multiple

R R R R R

1.8% crCopyMemoryGlobal_multiple

Figure 3-7: The execution timeline of the kernel functions used by the tridiagonal solver.

Fortunately, the CUDA programming model provides an elegant solution to the problem of
launching many small kernels; the CUDA Graph execution model. With CUDA graphs, one
can create a Directed Acyclic Graph from a set of kernels, and later the complete graph can be
launched with a single launch call. Graphs can be created programmatically or captured at
runtime during program execution. In the final version, the latter approach is used. The first
execution of the graph is performed by launching the kernels individually to capture the graph.
From the second execution, only the captured graph is launched. Figure 3-8 shows the result
of the optimization achieved with CUDA graphs. The same tridiagonal solver is executed as
before, but the kernels are now executed much more compactly, without large gaps reducing
the execution time from 2.47ms to 0.65ms.
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Figure 3-8: The execution timeline of the kernel functions of the tridiagonal solver using the
CUDA graph optimization.

The execution time of the optimized GPU implementation is shown in Figure 3-9 . Runtime is
in the range of 1-10 seconds for the N = 102401 sample size. | measured the execution time
up to N = 358401 samples (representing about 3 minutes of measurements at f; = 2048 Hz).
From these values | calculated the speedup values compared to MATLAB, which is shown for
different number of sifting iterations in Figure 3-10. It is important to note that the speedup
increases with sample size and in a super linear fashion. That is, the more samples are
processed, the faster the GPU version becomes compared to the MATLAB version. The exact
speedup values for the full set of realization values are given in Table S2 in in the appendix
part. The highest speedup was attained at N=102401, S=10 and 1=500.

9

Execution time (s)
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Signal length (samples) x 10*
Figure 3-9: Execution time of the GPU ICEEMDAN algorithm (measured on a A100 GPU) in
function of signal length N and varying number of realizations I. The number of sifting
operations is fixed, S=10.

Next, | show the efficiency of the implementation by analysing the program execution time

and profiling the arithmetic efficiency of kernel functions. Table 3-7 shows the relative weight

of the GPU kernels during the execution of the ICEEMDAN algorithm in function of signal

length on the RTX 3070 mobile card. The number of iterations in the decomposition process

is fixed at 10, and the number of realizations is 500. Each column indicates the relative

contribution of each kernel to the overall execution time. Green marks kernels provided by
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NVIDIA libraries, while blue marks customized self-develop kernels. The last two rows of the
table show the total contribution of the CUDA library functions and the customized kernels to
the overall execution time.
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Figure 3-10: Speedup of the GPU implementation (executed on A100) over the MATLAB
version in function of signal length N and varying number of sifting iterations S. The number
of realizations is fixed, 1=500.
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Table 3-7: The relative contribution of individual kernels to the overall execution time in
function of signal length.

The profiling shows a trend that with increasing signal length, the customized self-develop
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kernels accounts for an increasing proportion of the overall execution time with the kernel
function interpolate () becoming the dominating factor. The NVIDIA library functions
are limiting performance for smaller input data sizes (72% vs 28%) but as the data size
increases, their effect becomes smaller (52% vs 48%).

I also performed a Roofline performance analysis [186] of the performance critical kernels of
the implementation at two different signal lengths (4k, 100k). The Roofline Model is a visual
performance model used to analyze the efficiency of computational workloads on modern
computer architectures. It helps identify whether a given computation is compute-bound
(limited by floating-point operations per second, Flop/s) or memory-bound (limited by
memory bandwidth). The model consists of a performance roof (attainable Flop/s), a memory-
bound region, a compute-bound region, and arithmetic intensity (Al), which indicates where a
computation falls on the spectrum of memory versus compute limitations. The performance P
of a given workload is determined by:

I
P = min (Pmax'E) 3.3)

Where P, is the peak computational performance (in Flop/s), I is the Al (in Flop/byte), and B is
the memory bandwidth (in bytes/s). Al is defined as:

Fl
op (3.4)

- Bytes Transferred
Where Flop is the number of floating-point operations performed, and Bytes Transferred
represents the amount of data moved between memory and the processor. Low Al values (e.g.,
<1 Flop/byte) indicate memory-bound workloads, whereas high Al values (e.g., >10
Flop/byte) suggest compute-bound workloads.

As can be seen in Figure 3-11, all kernel functions are memory-bound based on their Al
values, that is, the performance is limited by the memory bandwidth not the computational
performance of the GPU. The green boxes represent the kernels part of the NVIDIA library,
while blue dots represent the customized self-develop kernels. The closer the dots are to the
performance boundary, the more efficient the kernels are. Kernels significantly below the line
vertically indicate performance problems, typically latency issues. The results indicate that
kernels are closer to the theoretical performance limit (performance attainable at a given
arithmetic intensity value) than the NVIDIA kernels. The arrows in the figure indicate the
performance change of the kernels when increasing the signal length from 4k to 100k. The
subsequent change in the kernels’ position in the Roofline diagram suggest that my
implementation becomes more efficient as signal size increases.

In order to explore the effect of GPU hardware architecture on the execution performance of
the implementation, the execution times on three different GPUs (see Table 3-6 for details)
are measured and compared. Figure 3-12 shows the execution time values obtained on the
different GPUs (S = 100, | = 200). The effect of hardware evolution and introduction of new
architectural features is evident. The best results were obtained with an Ampere GPU,
followed by Volta. The oldest architecture, Pascal (Titan Xp), produced the longest execution
times.
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Figure 3-11: The Roofline performance results of the kernels executed on the RTX 3070
mobile GPU showing the performance positions of the main kernels of the implementation.
Arrows indicate performance change as signal length is increased from 4k to 100k samples.
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Figure 3-12: The execution time of the GPU algorithm on three different GPU architectures.
The results demonstrate that each newer architecture generation (Pascal -> \olta -> Ampere)
provides increased performance for the same program.

3.4 Summary

In this chapter, | described a massively parallel GPU implementation of the Improved

CEEMDAN algorithm. The ICEEMDAN method is a crucial tool for the precise time—

frequency analysis of nonstationary EEG signals. It can be used in various stages of EEG
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processing, from preprocessing through time—frequency to connectivity analysis, and to
calculate instantaneous frequency, power, and phase information in a very short amount of
time, enabling researchers to uncover the dynamic properties of brain processes underlying
perception and task execution.

Despite some known limitations, to my knowledge, this is the first GPU implementation of
the Improved CEEMDAN algorithm. Here, | present evidence of the efficiency of my
implementation reaching potentially a four-orders-of-magnitude increase in computing speed
over the most frequently used MATLAB implementation. The source code of the
implementation is publicly available under the MIT License at the Github page
https://github.com/EEGLab-Pannon/CEEMDAN-GPU (accessed on 20 October 2023) of our
group. The released implementation allows users and researchers to perform the
decomposition of nonstationary natural signals into oscillatory components almost instantly,
opening up new opportunities in research and in applications.
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4 GPU IMPLEMENTATION OF MEMD

In this chapter, | present an efficient GPU implementation of the Multivariate Empirical Mode
Decomposition method for speeding up the process of decomposing non-stationary multi-
channel bioelectric signals into different oscillation modes. Each step of the MEMD
algorithm is designed with performance in mind and implemented to remove all unnecessary
overheads caused by CPU-GPU communication, data transfer operations and synchronization.
The implementation is validated with synthetic and real EEG signals of different lengths and
channels on different GPU cards, and compared to existing serial MEMD implementations.

4.1 Materials and Methods

4.1.1 Related works

The EEMD and CEEMDAN algorithms provide reliable decompositions for single channel
signals. EEG, however (just as many other multi-sensor application datasets), is normally not
a single channel — univariate — signal, but obtained using a large number of electrodes
simultaneously. If EMD, EEMD or CEEMDAN are applied on such datasets in a channel-by-
channel fashion, as shown in Figure 4-1, different channels may produce different number of
IMFs with potentially different central frequencies. This is called the mode alignment
problem that can present serious difficulties during group level, spatiotemporal or
connectivity analysis. In EEG signal processing, the channels are not independent, their
connectivity characteristics are essential for describing brain functions and characterizing
physiological states. Extracting oscillations of the same frequency from different channels
plays a vital role in multi-channel joint analyses, such as brain network construction and EEG
source localization. While EMD is well-suited for non-stationary signal analysis due to its
data-driven decomposition advantage, the mode alignment problem poses challenges when
analysing multi-channel signals, such as EEG signals.
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Figure 4-1: Signals with similar statistics often produce IMFs that are different in number (6
IMFs from (a) and 5 IMFs from (b)) and frequency (note the mode-mixing in (b)).

The Multivariate Empirical Mode Decomposition (MEMD) proposed by Rehman et al. [152]

provides a solution to this problem. In MEMD, the multi-channel signal is regarded as a

multivariate signal in a high-dimensional space. Similarly to EMD, the extreme points and

mean envelope are still need to be calculated to perform the IMF sifting process, but for
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multivariate signals, the concept of extreme points is not well-defined, as the occurrence of
extreme points depends on the projection of the signal to a particular dimension. Figure 4-2
shows a simple example of the multivariate signal extreme point detection, in which the
multivariate signal is projected onto two different directions. The projected signals then are
used in the extreme point detection step and result in two sets of upper and lower envelopes.
These will be averaged to find the mean and subsequently the multivariate IMF.
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Figure 4-2: The principle of extreme point detection in a multivariate signal. (a) Two direction
vectors used for projecting the multivariate signal. (b, ¢) The projected signals and their upper
and lower envelopes produced along the two direction vectors. (d) The mean multivariate
envelope (blue line) produced by averaging all multivariate upper and lower envelopes.
The use of the direction vectors and signal projection are the main differences between
MEMD and univariate EMD variants. To achieve precise projections, the number of direction
vectors must be as large as possible but at least twice the number of channels [141]. The
direction vectors should also be uniformly distributed on a hypersphere. As shown in Figure
4-3, the Hammersley sequence, a low-discrepancy sequence that provides uniform angle
sampling—also used by Rehman et al. [152]—can provide the proper basis for generating

direction vectors with the desired properties.

(a) (b)

Figure 4-3: Direction vectors for taking projections of trivariate signals on a two-sphere
generated by using (a) spherical coordinate system and (b) a low-discrepancy Hammersley
sequence.

The details of the MEMD algorithm are outlined in Table 4-1. First, the multivariate input
48



signal will be projected onto the direction vectors and the projected signal on each direction
vector will be produced. Then, extreme point detection is performed on each projected signal,
and each detected extreme point corresponds to a multivariate extreme point in the input
signal, that is, a point in a high-dimensional space. The next step is to perform cubic spline
interpolation in each dimension to create the upper and lower multivariate envelopes. By
averaging these envelopes, the multivariate mean envelope of the input signal is generated.
Finally, by subtracting the mean envelope from the input, a candidate IMF can be obtained. If
this IMF meets the stopping criterion, the iteration will stop, otherwise, the candidate IMF
will be used as the input signal for the next iteration.

Multivariate Empirical Mode Decomposition

Input: X —a multivariate, M-channel time series as an M x K matrix

Output: IMF — extracted multivariate Intrinsic Mode Function time series as an N x M x K
matrix

1. set configuration parameters

2. 1=0;

3. generate a number of direction vectors based on Hammersley sequence D

4. while (IMF stopping criterion is not met)

5. compute the projection of the signal to the direction vectors: P = X - D

6. while (sifting stopping criterion is not met)

7. find extrema locations of the projected signal: p = extrema(P)

8. perform cubic spline interpolation on the input signal values indexed by p to
obtain the multivariate upper and lower envelopes U and L

9. compute the mean of the upper and lower envelopes for each direction:
M =mean (U, L)

10. subtract the mean envelope from the working copy: S=X-M

11. X=8S

12. end

13. IMFJ[i]=S
14. X=X - IMFIi]
15. i=i+1

16. end

Table 4-1: Pseudo-code of MEMD algorithm.

Increasing interest in the use of EMD-based methods over the past two decades have given
rise to numerous implementations of Empirical Mode Decomposition and its variants using
different programming languages and hardware architectures. Flandrin et al. released
MATLAB implementation of the EMD, EEMD algorithms in 2007 and for the CEEMDAN
algorithm in 2012 [175] . To help the work of the EEG signal analysis community, Al-Subari
et al. developed the EMDLAB toolbox [187] as an extension plug-in for the EEGLAB
MATLAB framework [188] widely used by the neuroscience community. Starting with
version R2018a, MATLAB supports EMD calculation with the built-in emd () function.
While MATLAB implementations are very suitable for EMD research and for quick
integration into existing data-processing pipelines, these implementations are sequential in
nature and their typical execution time (up to several hours or days for high-density EEG
datasets) is not acceptable for routine, production use. libeemd [176] is a library written in the
C programming language that provides sequential and OpenMP-based parallel
implementation for EMD, EEMD and CEEMDAN that achieves around 10x speedup
compared to MATLAB.
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The advancement of GPU technology in High-Performance Computing has led to the
development of various parallel GPU-accelerated EMD implementations. Waskito et al.
introduced the first single-precision CUDA EMD implementation for audio signal processing,
achieving speedups of 29x and 29.9x compared to sequential C versions on NVIDIA Tesla
C1060 and C2050 cards, respectively [177], [178] . Similarly, Xie et al. developed a CUDA-
based EMD implementation for seismic data processing, delivering a 4x speedup on a GT240
GPU card [179] . Huang et al. further reported a 33.7x speedup on a C2050 GPU by utilizing
an overlapped piecewise cubic spline interpolation technique [180].

The common characteristics of the reviewed GPU implementations are that (i) they all exploit
multiple levels of parallelism and use several GPU optimisation techniques to achieve
acceptable performance gain, and (ii) use early generation, now outdated GPU processors and
early versions of the CUDA programming language; (iii) the achieved speedup values are
relatively modest, and (iv) source code is not publicly available.

4.1.2 Design of the parallel implementation

In the parallel implementation, each step of MEMD is implemented by one or more kernel
functions executed on the GPU, or by highly optimized CUDA library functions. Essentially,
the kernel function is a description of the thread behavior, so by designing the kernel function,
independent tasks can be arranged to different threads. Since the GPU has a large number of
computing cores, threads can be executed in parallel. When the kernel function is launched on
the CPU side, the threads are organized into blocks with different sizes, and the thread blocks
are organized into grids with different sizes. The calculation steps of MEMD and its
corresponding kernel functions are shown in Table S3 in the appendix part.

Threads in kernel functions need to read data from memory for computation, so the layout of
data in memory also plays an important role in the parallel implementation of MEMD. In
heterogeneous accelerated computing systems, the memory of the CPU and GPU are two
independent subsystems that communicate with each other via the PCl-e bus. Even the
current state-of-the-art PCl-e 4.0 x16 bus can only provide 32GB/s bandwidth, which is still
far below the bandwidth of the GPU global memory (several hundred GB/s). Consequently,
data exchange between CPU and GPU memory is a time-consuming operation which should
be minimised to achieve high efficiency. The ideal situation is to allocate GPU memory only
once, store all data in GPU memory and all operations are performed in GPU memory
without CPU interaction. In the parallel implementation of MEMD, | allocate memory for all
variables in GPU memory before the computation starts, and the memory exchange between
CPU and GPU is limited to the copying the input signals and direction vectors to the GPU and
retrieving the final decomposition results. The allocation of memory is mainly controlled by
three size variables, namely the length of the multivariate signal (SignalLength), the
dimension of the multivariate signal (SignalDim), and the number of direction vectors
(NumDirVector). Table S4 in the appendix part lists the memory requirement of each variable
and their use in the GPU kernels.

The GPU implementation of MEMD primarily consists of four components: pre-processing,
signal projection, extrema detection, and cubic spline interpolation. The main task of the
preprocessing stage is to generate direction vectors for projection based on the Hammersley
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sequence. Unlike MATLAB’s on-the-fly generation strategy, | generate all direction vectors at
once and allocate fixed memory for them, thereby eliminating the need for repeated global
memory access during computation, which significantly reduces memory access overhead.
Signal projection is essentially a matrix multiplication operation; therefore, | employed the
highly optimized cuBLAS library functions to ensure performance. For extrema detection, |
introduced an innovative use of the warp overlap mechanism to handle boundary extrema
detection, avoiding the traditional sliding window approach and significantly improving
parallel efficiency for longer signals. Cubic spline interpolation involves solving tridiagonal
systems. To handle the interpolation of multivariate extrema across different dimensions, |
introduced a novel approach using a multi-right-hand tridiagonal matrix solver, which enables
parallel interpolation across dimensions.

4.2 Details of the Implementation

4.2.1 Pre-processing

In the pre-processing stage, | perform all GPU memory allocations and initialisations, and
generate the direction vectors used later during the signal projection step. As shown in Figure
4-2 , direction vectors are required in MEMD to generate multivariate signal envelopes. These
vectors are unit vectors of a hypersphere represented by their angles. The more angles are
used, the more uniform the distribution of the vectors can be provided, if a suitable sampling
algorithm is used. The Hammersley sequence — a low-discrepancy sequence that provides
uniform angle sampling — was used by Rehman et al. [152] as the basis for generating
direction vectors. | also adopted this method in my implementation. First, a set of prime
numbers are generated on the CPU and copied into the GPU global memory. Next, the CUDA
kernel function generateHammSeq () is executed with each thread performing a radical
inverse operation [189] on one prime number from the set. This is followed by the kernel
function generateDirVec () that generates the corresponding direction vector on the
hypersphere. Performing the GPU memory allocation, initialisation and generating the
direction vectors is a one-time execution step, not part of the iterative process of MEMD,
therefore it has negligible impact on the performance of the overall algorithm.

4.2.2 Signal projection to direction vectors

Once the direction vectors are obtained, the multivariate input signal must be projected onto
each direction vector. The projection of one signal vector onto a direction vector can be
represented as the dot product of the two vectors; consequently, the projection of a
multivariate input signal onto multiple direction vectors can be represented as a matrix-matrix
multiplication operation. As shown in Figure 4-4, the projection signal matrix P
(SignalLength < NumbDirVector) can be obtained after the input signal matrix S (SignalLength
x SignalDim) and the direction vector matrix D (SignalDim ><NumbDirVector) are multiplied.

The multivariate input signal projection operation (matrix-matrix multiplication) is performed
by the cuBLAS library function cublasSgemm. The cuBLAS linear algebra library is highly
optimized for NVIDIA GPUs and provides convenient and high-performance program
interfaces for vector and matrix algebra operations. The resulting projected signal matrix P is
input to the subsequent extrema detection step, during which each projected signal (a column
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of P) will be used as an independent input signal.
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Figure 4-4: Computing the projected signals by matrix-matrix multiplication.

4.2.3 Extrema detection

The way to detect extrema is to compare a signal value with the values of its two adjacent
neighbors and decide whether the value is an extrema (maximum or minimum) or not. This
operation can be performed for each value in parallel by a GPU thread. This requires one
thread to read three values then to perform the comparison. Reading the three values from
global memory in each thread is an inefficient strategy for several reasons; (i) data needs to be
loaded from slow memory, (ii) each thread needs 3 load instructions for 1 comparison, and (iii)
each value is read multiple times as threads cover the entire input vector. A typical approach
in CUDA programming in these situations is to use the on-chip shared memory that can store
several input values in fast memory that is accessible to all threads in a thread block. This
reduces the number of necessary load instructions and increases access speed as well.
However, three load instructions are still needed per thread, and performance degrading
shared memory bank conflicts may also occur.

In my parallel implementation, | used the CUDA warp level shuffle instructions
__shfl up_sync and _ shfl down sync in the extrema detection kernel function
findExtremaShfl. The shuffle instruction is an intrinsic hardware accelerated warp-level
instruction that provides direct access to register variables of the other threads within a warp.
(A warp is a 32-thread unit of execution in NVIDIA GPU devices.) The shuffle instruction
removes the need for loading neighbour values from memory; each thread reads a single
value only into a local register that will be accessible to the neighbour threads via the shuffle
operation. As shown in Figure 4-5 there are 32 threads in each warp, and there is an overlap
of two threads between every two warps. Except for the first and last warps, each warp is
designed to ignore the comparison operation for the first and last thread, as these valued are
examined by the second last thread in the previous warp and the second thread in the
following warp, respectively. Using this warp-level overlap, the detection of extreme points
can be completed without any omission and at very high efficiency.

After the detection of extreme points, the positions and values of all extreme points in the
projection signal are obtained. These positions are the actual sample index values stored in a
sparse vector. To make this vector suitable for cubic spline interpolation, the position vector
needs to be compacted to a dense continuous sequence of location indexes.
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Figure 4-5: The principle of extreme point detection using warp shuffle operations. Red boxes
mark threads performing the extrema detection steps.

The vector compaction step is illustrated in Figure 4-6. During the extreme point detection
step, an auxiliary flag vector is generated to identify the location of extreme points with a
logical 1 value. Subsequently, the kernel function scanArray will perform a prefix sum
operation on the flag vector and return the prefix sum result, i.e. the corresponding positions
of the extreme points in a compact vector. Using this strategy, all parallel threads in the
selectExtrema kernel function can work independently, in parallel, using the extrema flag
vector as the predicate, the projection signal vector and the prefix sum result vector to
generate the compacted extreme point vector.
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Figure 4-6: The principle of generating compact extreme point vectors using the prefix sum
operation.

Since the first and last points of the signal do not have left or right neighbors, respectively, it
is not possible to determine whether these points are extrema or not. These two boundary
points are handled separately by the kernel function setBoundary, which — in the current
implementation — uses the slope extension method as the boundary condition.

4.2.4 Cubic spline interpolation
To calculate the upper and lower envelopes, cubic spline interpolation need to be performed
based on the detected extreme points using the cubic spline function polynomial

S;(x) = a; + bix + ¢;x% + d;x3 (4.1)
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With n + 1 extreme points (x;, ¥;), there will be n gaps corresponding to n cubic splines, each
with four unknown coefficients (a,b,c,d), resulting in 4n unknowns that requires 4n
equations.

The detected extreme points (spline control points) satisfy the spline function. Each extreme
point must satisfy the two spline equations to its left and right. The first and last points only
satisfy the right- and left-hand spline, respectively. As a result of these conditions, 2n
equations are obtained. The next condition is continuity. The spline should be first and second
derivative continuous at each extreme point, which condition will give us another 2(n — 1)
equations. Now there are 4n — 2 equations, and there are two equations away from solving
the unknowns. The last two missing equations are given by the boundary conditions. In the
proposed implementation, a natural spline is chosen to interpolate on the first and last points,
having the second derivative at the first and last extreme points set to 0. This gives us the last
two equations and the system of equations is now solvable.

Using a step size h; = x;,1 — x;, and the continuity condition m; = S;"(x;), then under the
boundary conditions of the natural spline, the entire system of equations can be expressed as
the following tridiagonal matrix equation:

r 1 0 0 0 1 m
ho 2(ho + hy) hy 0 mi
0 hy 2(hy + hy) h, 0 m,
0 0 h, 2(hy + h3) hs3 : ms

0 hno  2np+ha)) hna|lm,

) 0 0 1

— 0 -
Ya=Y1 Y1~ Yo
hy ho
Ys—YVa Y2— 01
h, hy
=6 Ya—Y3s Y3~ )2 (4.2)
hs h,
Yn — Yn-1 _.Yn—l — Yn-2
b1 hn—2
0

After the m is solved, the coefficients of each spline function can be expressed as:

a; =y; (4.3)
yi—vi h h;
b; = lh—ll - ?lmi - gl(miﬂ —m;) (4.4)
m;
Ci = 7 (4 5)
Mip1 — My
L= 4.,
d =g (4.6)

Envelope interpolation in MEMD is a more complicated process than in the traditional
univariate EMD. The extreme points in the projected signal will correspond to multivariate
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extreme points in the input signal using points generated by back-projection with the location
of the extreme points in the projected signal. Figure 4-7 shows a simple example for
explanation. There are three input channels and and certain number of projected signals. Four
extreme point locations are detected in one of the projected signals, x0, x1,x2, x3, which are
projected back to each input signal to obtain signal values y0 — y11.

fa 1

N
X3 | Y3 | Y7 | Y11 CH1: /
Vo[-
éu X1 X, X3 CH1 CH2 CH3
X2 | Y2 | Y6 | Y10 Y7 PR TH 0 Jrmyy Miz My3 i1 Tz T3
e 75 I, i, u My My My3 21 T2 T23
CH2: s ; f I3 iz ™ M3y Mgy M3z3|=|T31 T32 133
o . . : : : : : :
X1 | Y1 | Vs | Vo pA - SRS u,‘l_l : : H H H :
; 0 Iy,  ip IMp1 Mpy Mps ™1 Thz2 "h3
Xo Xy Xz X3 Coefficient matrix Right hand matrix
Y11
Xo | Yo | Ya | Vs CH3: Y10 fo f
CH1 CH2 CH3 \/-

Figure 4-7: Batch Multi-right-handed tridiagonal matrix equation generated by multivariate
extreme points.

Each multivariate extreme point is composed of three values obtained for the given location
with a lookup operation from the three input channels (e.g. Xo --> Yo, Vs, Ys). Next, cubic
spline interpolation, outline above, will be performed on each input channel. Note that each
channel will generate one tridiagonal matrix equation using the same coefficient matrix as the
other channels. This allows us to use a batch tridiagonal solver in which many right hands
side vectors represent the different channels. For this, the multi-right-hand tridiagonal system
solver function cusparseSgtsv2 of the cuSparse CUDA library is used. This function uses the
Parallel Cyclic Reduction [190] algorithm to solve the equations in parallel instead of the
commonly used sequential Thomas algorithm.

Before solving the equations, the tridiagonal system of equation must be generated for each
direction vector. My CUDA kernel tridiagonalSetup generates each row of the tridiagonal
coefficient matrix based on the extrema locations in the projected signal and one value of the
right-hand matrix.

Once the system of equations is solved for m, the kernel function splineCoefficients will
launch a number of threads equal to the number of interpolating splines to compute the
corresponding polynomial coefficients (a, b, ¢, d) and store them in the GPU memory.

The actual interpolation operation based on the computed polynomial coefficients (a, b, ¢, d)
is handled by the CUDA kernel interpolate. Since the number of extreme points will decrease
with each IMF iteration, the number of values between extreme points that need to be
interpolated will also vary with each iteration. Therefore, in the kernel function, a binary
search is used to select the coefficients of the spline function corresponding to each gap, and
each thread is scheduled to compute a single point in the interpolated spline.

After interpolating the multivariate upper and lower envelopes, the mean multivariate
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envelope of the input signal is calculated, which after subtracting it from the input signal will
give us a potential IMF. This process consists of two parts. First, for each direction vector, the
mean multivariate envelope is calculated from the multivariate upper and lower envelopes.
This step is handled by the kernel function averageUpperLower. Second, since each direction
vector will have its own corresponding mean multivariate envelope, these mean multivariate
envelopes need to be averaged for all direction vectors to obtain the final mean multivariate
envelope of the input signal. This step is performed by the kernel function averageDirection.
After this step, one candidate IMF is generated by subtracting the multivariate average
envelope from the input signal, and a new iteration of MEMD algorithm will begin.

4.3 Results

In this section, first | list the architectural details of GPU systems | used for testing the GPU
implementation, then present the numerical validation results using synthetic datasets. This is
followed by performance results using real high-density EEG datasets.

4.3.1 Test hardware

Different types of NVIDIA GPU cards were used in the testing process to explore
performance variation across architecture families and card models. Different NVIDIA
gaming and compute cards are selected, and their details are listed in Table 4-2 . The now
outdated GTX 980 was used only to compare performance with the only known MEMD GPU
implementation [141]. The Titan Xp and RTX 3070 were used both for development and
testing. The V100 card (provided by GPULAB) was only used for performance measurement.
The core count of the GPUs ranges between 2048 and 5120, while the performance varies
from 4.98 to 16.69 TFlop/s (single precision). For the MATLAB tests, an i7-9700K CPU (8
cores, 3.60 GHz base frequency, 4.90 GHz turbo frequency) and MATLAB r2019a are used.
During the tests, all 8 physical cores of the CPU were fully utilized to ensure maximum
performance for the MATLAB implementation.

GTX980 TitanXp  Tesla V100 RTX 3070 mobile

Architecture Maxwell Pascal \olta Ampere
CUDA cores 2048 3840 5120 5120
Clock frequency (GHz) 1.126 1.48 1.46 1.62
Memory (GB) 4 12 16 8
FP32 (TFlopl/s) 4.98 11.36 14.03 16.59
CUDA version 10.2 10.2 11.3 114

Table 4-2: Architecture parameters of the GPU platforms used for measurements.

4.3.2 Numerical validation

I used three multi-channel datasets to verify the numerical correctness of the GPU
implementation of MEMD. The numerical verification was conducted not only to assess the
consistency of the decomposition results across different implementations, but also to ensure
that the number of IMFs generated across channels was consistent and that the oscillatory
modes represented by corresponding IMFs were properly aligned.

4.3.2.1 Synthetic dataset 1
The first synthetic dataset used in the validation process was described in [152] (also
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available onlinet) and contains 6, 12 and 16-channel multivariate data series. The hexavariate
dataset was generated by adding four different frequency sine waves (x1: f1 =2 Hz, x,: f, =8
Hz, x3: f3 = 16 Hz and x4: f4 = 32 Hz) and noise to different subsets of channels so that x;
appears in Channels 1,2 and 4, x, in Channels 1-3 and 5, X3 in all channels, x4 in Channels 1,
3-4 and 6, and noise in Channels 1-3, making it suitable for mode alignment test. Since this
dataset was used as test data in [141], it is primarily used for performance comparison but for
visual inspection, the result of the MEMD decomposition of this dataset obtained with the
proposed GPU implementation is shown in Figure 4-8. The top row contains the individual
input signals of the hexavariate dataset (Channels 1-6). The subsequent rows, from IMF 1 to 7,
show the extracted oscillatory modes for each channel, starting with the noise (IMF1-3) then
the signal components.
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Figure 4-8: Result of the MEMD decomposition of the hexavariate dataset. Note that the
oscillation modes with same frequencies from different channels are aligned in the same IMF.
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Figure 4-9: Result of the MEMD decomposition of the 16-channel dataset.
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Figure 4-9 illustrates the decomposition result of the 16-channel synthetic signal. The correct
mode alignment (some channels showing a noise or specific oscillatory mode while others
showing none or negligible components) is evident. The proposed implementation correctly

' https://www.commsp.ee.ic.ac.uk/~mandic/research/memd/MEMD_Supplement.zip
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identified the noise and sine wave components common in multiple channels in all three
datasets and matched the results reported in [141].

4.3.2.2 Synthetic dataset 2

The second synthetic dataset was created for testing the numerical accuracy of the proposed
GPU decomposition implementation. | generated a hexavariate dataset without added noise
by adding five pure sine waves of different frequencies (xi1: f1 = 2 Hz, x2: f, =6 Hz, x3: f3 = 11
Hz and x4: f4 = 19 Hz, xs: fs = 40 Hz) to different subsets of channels so that x; appears in
Channels 1-3, X, in Channels 1-4, x3 in Channels 1-2 and 5, X4 in Channels 1-3 and 5-6, while
x5 in Channels 1, 3-4 and 6.

To quantify the accuracy of the decomposition, the original and decomposed signal
components are compared by using the Similarity Index metric p given as

cov(xl-(t), IMF; (t))

Jvar(xi(t))Jvar(IMFi(t))

where cov() represents covariance of the input signal and the corresponding IMF, var()
represents the variance of the input signal and the IMF, respectively. A p = 1 value represents
identical input signal component and IMF, i.e. perfect decomposition. Figure 4-10 shows the
result of the decomposition of this dataset including the Similarity Index values above each
IMF component. The lowest value of p is 0.971, while the majority similarity index values
are above 0.99.

pi(x:(8), IMF,(v)) = (4.7)

Channel 1 . Channel 2 . Channel 3 . Channel 4 R Channel 5 ; Channel 6
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Figure 4-10: Decomposition results of the synthetic hexavariate signal with Similarity Index
values shown in bold for each component.

4.3.2.3 EEG dataset

To compare the GPU decomposition results with the MEMD MATLAB implementation, |
selected a real EEG dataset from the samples provided with the EEGLAB Toolbox [184]. The
selected dataset consists of 32 channels each with 30504 samples (sampling frequency is 512
Hz). In, 1 show the result of the signal decomposition of Channel 4 of the dataset from t =1
to 5 seconds. The different oscillation frequencies, amplitude and frequency modulations are
clearly visible in the different IMFs. The results were compared with the EMDLAB MEMD
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MATLAB implementation [187]. The resulting similarity index values of the 32 channels for
each IMF are plotted in Figure 4-12. The difference, which is due to differences in floating
point arithmetic instruction implementations on the CPU and GPU and slight differences in
extrema detection boundary conditions, is less than 1.8 % on average.

Figure 4-11: A section of the EEG signal (Channel 4) of the EEG sample dataset and the
resulting IMFs (IMF1-8) of the GPU MEMD implementation.
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Figure 4-12: Boxplot of Similarity Index values representing the difference between the
MATLAB and GPU implementations of the MEMD algorithm. Each IMF category represents
the distribution of the Similarity Index values of all channels for that IMF. Red lines represent
median values.
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4.3.3 Performance results

In this section, | present performance results using several metrics that characterise the
performance of GPU implementations. For end users, wall clock time is the most important
measure along with time reduction level (speedup) when compared to the implementation
they hope to replace. For developers, additional measures, such as hardware efficiency,
achieved peak compute performance, arithmetic intensity are important, as they characterise
the quality of the implementation and the extent to how much the GPU card is utilised during
the program execution. All performance measurements were averaged from 10 repetitions
after 5 warm-up runs.

I measured and compared the execution time of the GPU implementation on different GPU
cards and compared it with MATLAB runtimes. Also, the speedup results indicating the speed
advantage of the GPU implementation over the MATLAB one are provided. Note, however,
that GPU speedup (S = Tcpu/Teru) can easily become a misleading metric as it is often based
on inefficient CPU implementations, might ignore programming language and multi-core
CPU execution effects.

First, 1 compared the performance of my implementation to the only MEMD GPU
implementation found in the literature [141]. Since several new GPU architecture generations
have appeared since the date of publication of Mujahid et al.’s paper, to compare the
implementation efficiency of the proposed implementation objectively, | had to execute the
program on the very same type of card (GTX 980) that was used in [141]. The execution time
obtained this way with the proposed version on two datasets (6 and 16 channels, signal length
= 1000 samples) is shown in Figure 4-13. On average, the proposed GPU implementation
achieves a 1.69x speedup in execution time.

3000.0

hexa-deca-variate (Mujahid)
2500.0 m hexa-deca-variate (proposed)

hexa-variate (Mujahid)
2000.0 m hexa-variate (proposed)
1500.0
1000.0
500.0
o L B I [
64 128 256 384 512

number of direction vectors

Execution time (ms)

Figure 4-13: Execution time of the proposed GPU implementation compared to [141] on an
NVIDIA GTX 980 GPU card. Two (a 6 and a 16-channel) datasets with 1000 samples per
channel were used in both implementations using varying number of direction vectors.

Next, the MATLAB MEMD execution time was compared with the proposed GPU
implementation executed on various GPU cards. The implementations were performed by
varying the number of input channels, the number of samples per channel, and the number of
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direction vectors. The hardware details of the test systems are listed in Table 4-2. Since the
memory size was different on the different GPU cards, slightly different problem sizes have to
be used on each system. Table 4-3 shows the maximum number of input samples each GPU
can process for different channel count and projection vector size parameter combinations.

RTX 3070 mobile Titan XP Tesla V100
number of | # Direction vectors # Direction vectors # Direction vectors
channels 64 128 256 64 128 256 64 128 | 256
32 78k 40k 20k 118k | 60k 30k 164k | 84k | 42k
64 40k 20k 10k 60k 30k 14k 84k 42k | 20k
128 20k 10k 4k 30k 14k 6k 42K 20k | 10k

Table 4-3: The maximum number of data samples per channel the proposed implementation
can process on the different test GPU cards.

The execution time and speedup results of the different test cases (32, 64 and 128 EEG
channels) are shown in the following figures (Figure 4-14-Figure 4-19). The execution time
figures show the MATLAB and three GPU execution time curves as a function of sample size.
The Speedup figures show the speedup values calculated from the GPU runtime values and
the MATLAB MEMD execution time. The MATLAB script was executed on an 8-core Intel
i7-9700K CPU.
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Figure 4-14: 32-channel 64 direction vectors, up to 78k samples, MATLAB vs GPU execution
times.
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Figure 4-15: Speedup for 32-channel 64 direction vectors, up to 78k samples, compared to
MATLAB.
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Figure 4-16: 64-channel 128 direction vectors, up to 20k samples, MATLAB and GPU
execution times.
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Figure 4-17: Speedup for 64-channel 128 direction vectors, up to 20k samples compared to
MATLAB.
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Figure 4-18: 128-channel 256 direction vectors, up to 10k samples, MATLAB and GPU
execution times.

62



200

=== GPU (Tesla V100)
—&—GPU (RTX 3070 mobile)
—=—GPU (Titan XP)

150

100

Speedup

o @/e\e

2k 4k 6k 8k 10k
Signal length (samples)

Figure 4-19: Speedup for 128-channel 256 direction vectors, up to 10k samples compared to
MATLAB.

The execution time results show that for all channel number cases the GPU execution time
was below or around 10 seconds for all signal length. The speedup values show a positive
correlation with signal length that implies that the more data is fed into the GPU the more
efficient it becomes during execution due to the increased number of threads ready for
execution. This demonstrably helps in hiding memory data transfer latencies. The V100
speedup values — in the range of 180-430x — are an order of magnitude higher than previously
reported ones.

4.3.4 Performance analysis

Here | provide a summary of the performance evaluation of the proposed MEMD
implementation. | profiled the code to identify potential performance bottlenecks and see the
relative weight of each GPU kernel during program execution. Table 4-4 shows the results |
obtained with the 32-channel EEG dataset (64 direction vectors) on the V100 card while
varying the input signal length.

sample size

kernel 4097 8193 16385 32769 43009 79873 104449
pcrGlobalMemKernel_manyRhs 50.0% 47.6% 42.3% 35.5% 31.4% 23.0% 20.2%
pcrLastStageKernel_manyRhs 14.9% 12.1% 9.5% 7.2% 6.1% 4.4% 3.5%
pcrGlobalMemKernelFirstPass_manyRhs 12.5% 10.2% 7.9% 5.9% 5.0% 3.3% 2.8%
crGlobalForlterations_multiple 0.0% 0.0% 3.6% 4.5% 5.4% 5.9% 5.6%
crGlobalBottomKernel_multiple 0.0% 2.2% 3.3% 3.8% 6.8% 8.9% 9.1%
prescan_arbitrary ] 5.3% [l 4.5% M 3.7% M 2.9% Il 2.5% I 1.8% I 1.6%
prescan_large H 3.8% 3.2% M 2.7% 2.2% 1.9% I 1.5% I 1.3%
interpolate ] 2.8% 4.9% N 8.1% N12.7% . 5% 0, 2%
add H 4.9% M 4.1% M 3.3% M 2.5% [l 2.2% 1.6% Il 1.4%
averageUppperLower | 0.8% | 1.3% il 2.0% M 2.9% M 3.3% [ 4.3% 4.7%
tridiagonal_setup | 0.8% I 1.2% 1.8% M 2.7% M 3.2% M 4.1% W 4.4%
spline_coefficients | 0.7% | 1.1% 1.8% M 2.6% M 3.1% M 3.9% [l 4.3%
select_extrema_max | 0.5% | 0.8% | 1.3% 0 2.3% M 2.6% M 3.4% [ 3.7%
select_extrema_min | 0.5% | 0.8% I 1.3% M 23% M 2.6% M 3.4% M 3.7%
tridiagonal solver kernels _- _% _.8% -.7% -5.5% - 41.2%
custom kernels I 201%T0  21.9% 0  26.0% W 33.1% I 35.9% NA3.3% 6. 7%

Table 4-4: Relative contributions of the kernels to the overall execution time for different
signal lengths.

Each column shows the relative contribution of the kernels to the execution time for the signal
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length of the column. Kernels with names set in italic are part of the tridiagonal solver
implementation cusparseSgtsv2 nopivot () of the NVIDIA cuSparse library. The
other kernels were customized self-develop kennels. To help visualise performance trends, |
used green and blue colour bars to show the change of the relative contributions of the
cuSparse and self-develop kennels, respectively. The last two rows of the table show the total
relative contribution of the cuSparse library and the self-develop kernels.

Table 4-5 shows the profiling results obtained with a 128-channel EEG dataset (256 direction
vectors), also executed on a V100 GPU. Both Table 4-4 and Table 4-5 show that the
tridiagonal solver dominates program execution time. In the 32-channel dataset, the relative
weight of the solver decreases with increasing signal lengths, largely due to the increasing
execution time of the self-develop spline interpolation kernel ‘interpolate’. At around 80k
sample size, the time spent in the solver and in other kernels becomes equal, after which the
self-develop kernels tend to be more dominant in the execution time profile. In the 128-
channel case, when the number of direction vectors are quadrupled, the memory limits the
execution for up to 12k samples per channel, only. In this input size range, the cuSparse
solver becomes an even more important performance limiting factor, with larger than 72%
share of the execution time. The execution time of the interpolation kernel increases here as
well but its relative weight is much less than in the 32-channel case.

sample size
kernel 2049 4097 6145 8193 10241 12289
pcrGlobalMemKernel_manyRhs 48.5% 50.6% 48.4% 46.8% 45.4% 44.5%
pcrLastStageKernel_manyRhs 22.0% 18.4% 15.5% 14.4% 13.4% 12.0%
pcrGlobalMemKernelFirstPass_manyRhs 16.5% 14.7% 12.4% 11.6% 11.0% 10.0%
crGlobalForlterations_multiple 0.0% 0.0% 1.9% 2.1% 2.1% 2.8%
crGlobalBottomKernel_multiple 0.0% 0.0% 2.2% 2.5% 2.6% 3.5%
prescan_arbitrary - 2.2% - 1.9% . 1.7% . 1.6% . 1.5% l 1.0%
prescan_large B 1.6% M 1.4% M 1.3% M 1.2% M 1.1% M 1.5%
interpolate B 2.2% N 2.9% N 5.29% [NNG. oo INTSE e
add ] 2.1% 1.8% 1.5% M 1.4% M 1.3% M 1.2%
averageUppperLower | 0.6% 1.1% Il 2.0% 1.7% I 2.0% I 2.2%
tridiagonal_setup | 0.6% M 1.2% M 1.3% 1.6% I 1.9% [ 2.0%
spline_coefficients | 0.6% M 1.0% M 1.3% M 1.5% 1.8% I 2.0%
select_extrema_max | 0.4% I 0.7% H 1.0% M 1.2% [l 1.4% M 1.6%
select_extrema_min | 0.4% I 0.7% H 1.0% M 1.2% [ 1.4% M 1.6%
tridiagonal solver kernels NE7i0% NNs317% Ns0i5%: N7y, NN7as . 72 %
custom kernels | 10.7% W 14.5% 16.1% 18.0% 0  204% T  21.7%

Table 4-5: Relative contributions of the kernels to the overall execution time. Channel count
is 128, number of direction vectors are 256.

The GPU utilisation of the most critical kernel ‘interpolate’ reaches 54% compute and 45%
memory utilisation. Its floating point performance is relatively modest (64 GFlop/s) as most
operations involve integer arithmetic, but the integer performance is over 1600 Glop/s. The
execution timeline of one iteration of the MEMD program is shown in Figure 4-20. The
timeline data was obtained on a Titan Xp card. At the bottom of the picture, the ‘Device %’
row illustrates the utilisation of the GPU is nearly 100% throughout the program with very
little idle time periods (gaps) in the timeline.

I performed a Roofline [186] performance analysis that showed that the kernels (thus the
entire program) in general are memory-bound as they perform relatively few floating point

64



arithmetic instructions compared to the data movement operations. The instruction-to-byte
ratio of modern GPUs is typically between 14 and 30, hence only kernels having an
Arithmetic Intensity value of 14 or higher can achieve close to peak compute performance.
The arithmetic intensity of the kernels in the proposed implementation are in the range of 0.1
to 2.2 and thus are limited by the memory bandwidth of the GPU cards. Figure 4-21 illustrates
the performance of the most critical kernels of the proposed implementation on the roofline
model of the RTX 3070 mobile GPU. Kernels marked with green boxes designate the kernels
implementing the cuSparse tridiagonal solver. Blue circles mark custom kernels | developed
for this implementation. The figure shows that my kernels reach close to theoretical
performance (lie on or close to the global memory performance boundary line), while the
NVIDIA kernels perform relatively poorly. Unfortunately, the implementation is proprietary;
hence, | did not have an opportunity to perform further performance optimisation on them.
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Figure 4-20: Execution timeline of one iteration of the IMF computation look of the MEMD
algorithm.
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Figure 4-21: The Roofline performance model of the RTX 3070 mobile GPU showing the
performance positions of the main kernels of the implementation.
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4.4 Summary

In this chapter, | described an efficient GPU implementation of the MEDM algorithm
implemented in CUDA. While my focus has been EEG signal decomposition and time-
frequency analysis, MEMD and the proposed implementation can be used effectively in other
multi-sensor natural data series analysis areas, such as earthquake and vibration monitoring,
power optimization, image processing and so on.

The proposed implementation was validated and tested for performance and correctness on
different hardware platforms using a varying set of parameter values of channel count,
direction vectors and signal sample size. The final version achieved a 180x to 430x speedup
dependent on the length of the input signal and the GPU used with high decomposition
accuracy. This level of performance can reduce data analysis execution times from days to
minutes or from hours to seconds. Further performance increases can be expected from the
Ampere and Hopper architectures and from multi-GPU extensions that are among the future
plans. The source code of the proposed implementation is available under the MIT Open-
Source license for interested readers for use in applications or further improvements.
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5 GPU IMPLEMENTATION OF ICA

In this chapter, | propose an Independent Component Analysis prototype implemented by
tensor cores for speeding up the EEG spatial decomposition. ICA has become the de facto
standard for artifact removal in EEG signal processing. However, its computational intensity,
driven by the matrix multiply-add operations in the algorithm, brings challenges, particularly
when working with large datasets. The proposed implementation uses the tensor cores in
GPUs to efficiently perform matrix multiply-add operations, significantly accelerating the
execution of ICA. Compared to the MATLAB version widely adopted in the EEG processing
community, the proposed approach not only delivers significant speedup but also achieves
improved GPU memory throughput.

5.1 Materials and Methods

5.1.1 Related works

Electroencephalography (EEG) allows us to measure the bioelectric activity of the brain using
non-invasive scalp electrodes at millisecond time resolution. This property made it a
fundamental tool in neuroscience research. There are several methods of acquiring EEG
signals, such as the Electrocorticogram (ECoG) method, which acquires signals directly from
the brain cortex, and the stereo-electroencephalography (SEEG) method, which acquires
signals from the white matter of the brain, etc., and both of them are invasive methods that are
only used in clinical surgery with very high cost. The most widely used method is the non-
invasive scalp EEG, which is acquired by several electrodes placed on the scalp; however,
due to the volume conductor effect produced by the scalp, skull, and cranial cavity, as shown
in Figure 5-1, the signal acquired by each electrode x(t) is actually a mixture of the true brain
source signals s(t). Meanwhile, the EEG signal has very small amplitude and is frequently
contaminated with noise and unwanted artifacts, such as power line noise, eye movement or
blinks, muscle noise or heart/pulse artifacts. These artifacts must be removed before further
analysis to obtain reliable results.
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Figure 5-1: Acquired scalp EEG signals: a mixture of different true brain sources and noises.
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The de facto standard method for artifact removal is based on Independent Component
Analysis (ICA), which is able to decompose the measured contaminated (mixed) signal into
statistically independent source components. EEG signals are a linear mixture of spontaneous
neural signals and artifact signals, and studies have shown that ICA can separate neural
signals from artifacts. There are several variants of ICA, such as FastICA, Infomax ICA,
SOBI, JADE, and AMICA, but for human EEG signals, Infomax ICA is considered as the
best choice [191].

One major disadvantage of the ICA algorithms is their high computational cost. Performing
an ICA step for a high-density EEG recording can easily take an hour or more. For large
studies, execution running for days is not uncommon. Parallel computing can help in reducing
the execution time, and several ICA implementations have been developed for CPU [192],
[193] and GPU systems [194], [195], [196], [197], [198]. Interestingly, only one GPU
implementation is known for the Infomax ICA algorithm by Raimondo [198], developed more
than a decade ago. Since then, GPU hardware and software technology have developed at an
unprecedented pace, especially after the introduction of tensor core as a new computing
hardware unit in the Nvidia’s Volta architecture, the performance of GPU has achieved
another leap.

As introduced in section 2.3, the ICA algorithm contains a large number of iterations
(iterations on data blocks and gradient convergence), and each iteration involves a large
number of matrix multiply-add operations, which is one of the main performance bottlenecks
of the ICA algorithm. Therefore, optimizing matrix multiply-add operations is crucial to
accelerating the ICA algorithm. Fortunately, the tensor core is designed for matrix multiply-
add operations.

Precision Peak performance (TFLOPS)
FP64 9.7
FP32 195
FP16 78
BF16 39
FP64 Tensor core 19.5
FP32 Tensor core 156
FP16 Tensor core 312
BF16 Tensor core 312

Table 5-1: Peak performance of NVIDIA A100 GPU for tensor cores and CUDA cores at
different precision.

Similarly to the well-known CUDA core, the tensor core is also a computing unit in the

Streaming Multiprocessor (SM). Still, the difference is that the processing object of the tensor

core is a set of matrices rather than a single value processed by the CUDA core. Each tensor

core provides a 4>4>4 matrix processing array that performs the operation D = A* B + C,

where A, B, C, and D are 4>4 matrices, which means that each tensor core can perform 64

floating-point Fused-Multiply-Add (FMA) operations per clock cycle, this is 64 times faster
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than the CUDA core. Therefore, for implementing algorithms involving many matrix
multiplication and addition operations, tensor cores can provide multiple times the
performance of the CUDA cores. As shown in Table 5-1, for different precision types, the
peak performance provided by the tensor core is much higher than that of the CUDA core,
especially for the single precision commonly used in EEG signal processing, the performance
of the tensor core is almost 8 times that of the CUDA core.

As the only known implementation of Infomax ICA on GPU, Raimondo et al. [198] tested
their CUDAICA on NVIDIA's GTX560 and Tesla C2070, and built different CPU versions
based on ATLAS (a portable self-optimizing BLAS) and Math Kernel Library (Intel MKL).
Overall, their CUDAICA achieved a 4.5-20x speedup compared to the CPU implementation.
However, they did not test the MATLAB implementation most commonly used by the EEG
processing community, and it is clear that the introduction of new hardware features such as
tensor cores can further accelerate the calculation of ICA on GPUs.

5.1.2 Design of the parallel implementation

In the parallel implementation, as shown in Figure 5-2 (a) and Table 2-2 in section 2.3, ICAis
divided into four steps, each implemented by a kernel function executed on the GPU. The
input data is divided into different data blocks, and each data block will be used to update the
weight value in the unmixing matrix. After all the data blocks are fed, they will be re-
permuted for the next feeding round. After several rounds of iterations, the final unmixing
matrix used to separate the independent components in the input data can be produced.
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Figure 5-2: (a): The algorithm flow of ICA in one iteration; (b)-(e): the details of numerical
operations in each step, and the highlighted parts involve matrix multiplication and addition.

The steps in ICA involve numerous numerical operations, with matrix multiplication and

addition being key operations that could benefit from optimization through tensor cores.

Specifically, any matrix operation of the form D = A* B + C should be a primary focus, as

such fused multiply-add (FMA) operations can be executed efficiently by the tensor core. As

illustrated in Figure 5-2 (b)-(e), the matrix multiplication and addition operations at each step
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are highlighted for clarity.

Another important thing is the analysis of variables and memory allocation. The ICA
algorithm involves numerous intermediate variables, which are passed between different steps.
Some steps modify their input variables, while others do not, and the sizes of different
variables are also different. Therefore, it is necessary to analyze the size, transfer, and
modifications of each variable at every step when optimizing the ICA algorithm using tensor
cores. As depicted in Figure 5-3, all variables are described by three dimensions: the number
of channels (ch), number of samples (s), and block length (b). To avoid unnecessary overhead
from memory swapping, all variables are allocated prior to iterative execution.

Each step in ICA is implemented by a kernel function, which essentially describes the
behaviour of a single thread running on GPU. When launching the kernel function, the
number and shape of the threads should be specified, and each thread indexes the data in
memory based on its "thread index" and subsequently writes the result back to memory.
Typically, at a certain moment, one thread is executed by one CUDA core, but for tensor cores,
32 threads will be regarded as a warp, and one warp is processed by multiple tensor cores. A
warp can provide the processing of a set of 16x16x16 matrix multiplication. Therefore, when
utilizing tensor cores, the 1616 tile matrix serves as the smallest operational unit.
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Figure 5-3: The variables flow in ICA implementation, including size, modifications, and pass
path.

5.2 Details of the Implementation

5.2.1 Tensor core applications

The tensor core is similar to the CUDA core in that they can both be called in kernel functions
to perform numerical computations, except that the CUDA core computes on a single value,
while the tensor core computes on a series of matrices (multiply-add operations) as shown in
Figure 5-4.



Accumulator

Figure 5-4: The processing object of tensor cores: matrix A, B, and an accumulator matrix.

CUDA library functions provide optimized support for tensor cores, enabling highly efficient
matrix multiplications through APIs such as cuBLAS and cuDNN. These functions
automatically leverage tensor cores when supported hardware and appropriate data types
(such as FP16, BF16, or TF32) are used, significantly accelerating General Matrix
Multiplication (GEMM) operations. However, relying solely on library functions like
cuBLAS may not fully exploit tensor core capabilities in all scenarios, especially when
operations involve custom data layouts, fusion with other computations, or fine-grained
optimizations within kernels. In such cases, directly utilizing tensor cores in custom kernels
remains crucial. NVIDIA is actively developing APIs that enable kernel functions to leverage
tensor cores, such as cuBLASDx (still in beta version) that provides APIs that allow
developers to use tensor cores explicitly within device code, enabling more flexible
implementations of matrix multiplications, convolutions, or fused operations. By integrating
tensor core intrinsic functions within kernel functions, developers can achieve better
performance and efficiency for complex workloads beyond what prebuilt cuBLAS functions
offer.

QY

Thread Block

Figure 5-5: The hardware-software hierarchical correspondence of tensor cores, and the
processing unit of a warp.

The programming model of the tensor core also differs from that of the CUDA core due to the
different processing objects. As shown in Figure 5-5, the introduction of tensor cores causes a
change in the hardware-software hierarchical correspondence in the original CUDA GPU
programming: 32 threads will be treated as a warp, which will be processed by multiple
tensor cores together, and this warp will provide a 16x16>16 matrix (single precision)
processing array that performs the operation D = A* B + C, where A, B, C, and D are 1616
matrices. Therefore, the operation of a single tensor core is opaque to users, and the interface
between users and tensor cores is the warps consisting of 32 threads each, and 16x16 tile
matrices (single precision). The instructions in the kernel function are executed by the CUDA
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core by default, but for the tensor core, the Warp Matrix Multiply and Accumulate (WMMA)
APIs need to be called in the kernel function to fragment, load, fill, compute, and store target
matrices.

In fact, the computation of the tensor core is mixed-precision, i.e., the precision of the input
and output matrices can be different. Therefore, for different precision, the matrix size that
can be computed by a warp once is also different. The possible combinations are shown in
Table 5-2. For the single-precision type most commonly used in EEG signal processing, a
single warp can provide a 16<16>8 matrix (single precision) processing array.

Matrix A Matrix B Accumulator Matrix Size (m-n-k)
_half _half float 161616
_half _half float 32>8x16
_half _half float 8>32x%16
tf323 tf32 float 16x16>8

double double double 8>8>4

Table 5-2: The combinations of different matrix sizes and precision types that a single warp
can process.

Using tensor cores to perform the matrix multiply-accumulate operations in ICA is the key to
optimizing ICA implementation. As highlighted in Figure 5-2, all FMA operations in ICA
have been located, and they need to be further quantified into the smallest processing unit (tile)
suitable for warps/tensor cores computation. As illustrated in Figure 5-6, a naive
implementation is to start a two-dimensional thread grid based on block matrix multiplication,
and each warp in the grid is responsible for a tile in the result matrix. One collective
computation of the thread grid will complete the multiplication of the strips of matrix A and
matrix B on their M and N dimensions (as shown in the green box in Figure 5-6), and the
result matrix can be obtained after iterating on the K dimension.
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o8
column major column major column major
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Figure 5-6: A naive strategy of matrix multiply-accumulate operation implemented by tensor
cores. Each warp in the thread grid is responsible for a tile in the result matrix.
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When calling tensor cores in a kernel function to perform matrix multiply-accumulate
operations, there are several steps to follow: First, the matrices to be computed need to be
fragmented into tiles, and the threads in the same warp need to know what kind of tiles they
will process together, including the size of the tiles, the precision type, the row/column major,
and the location (in matrix A, B, C or the accumulator). The implementation of the above
functions in the kernel function requires the following statements:

wmma: : fragment<wmma: :matrix_a, m, n, k, half, wmma::column_major>a_frag;
wmma: : fragment<wmma: :matrix_b, m, n, k, half, wmma:: column_major>b_frag;
wmma: : fragment<wmma: :matrix_accumulator, m, n, k, float>acc_frag;

wmma: : fragment<wmma: :matrix_accumulator, m, n, k, float>c_frag;

Where a_frag, b_frag, c¢_frag, and acc_frag are essentially addresses pointing to the register
file in the SM, each representing a tile-sized piece of memory. Then, before starting iterations
over K dimension, the accumulator needs to be emptied by:

wmma: :fill fragment(acc_frag, 0.0f);

During the iterations over the K dimension, tiles in matrix A and B should be loaded from
global memory to register files by:

wmma: :load_matrix_sync(a_frag, gMemA, leadingDimA);
wmma: :load_matrix_sync(b_frag, gMemB, leadingDimB);

Then, they will be multiplied in the register file and accumulated in the accumulator by the
statement:

wmma: :mma_sync(acc_frag, a_frag, b_frag, acc_frag);

After the iteration over the K dimension, the tiles in matrix C will be loaded to the register file
and added to the result in the accumulator:

wmma: :load_matrix_sync(c_frag, gMemC, leadingDimC, wmma::mem_col _major);

c_frag.x[idx] = alpha * acc_frag.x[idx] + beta * c_frag.x[idx];

Finally, the result tiles stored in the register file will be loaded back into the global memory
by each warp, i.e., the D matrix:

wmma: :store_matrix_sync(gMemD, c_frag, leadingDimC, wmma::mem_col _major);

In the naive implementation, data exchange only occurs between the off-chip global memory
and the register files in the SM, and when warps perform matrix multiply-add operations,
threads need to access the global memory multiple times. In the GPU memory hierarchy, the
overhead (bandwidth + latency) of accessing global memory is the largest. Therefore,
although the computation performance is improved by using tensor cores in the naive
implementation, the memory performance is still constrained by global memory. Since the
input data is stored in the global memory, access to the global memory is inevitable. However,
by introducing the shared memory, also located in the SM, with less overhead and allowing
data exchanges to occur between the shared memory and the register file as much as possible,
the overhead due to frequent access to the global memory can be reduced.
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As shown in Figure 5-7, a higher-performance implementation using shared memory as a
buffer between global memory and the register file is proposed. In this implementation, one
thread block is responsible for a 128>128 submatrix in the result matrix (C and D), so each
thread block will traverse all corresponding strip submatrices in the input matrix (A and B),
and perform multiply-accumulate operations on them. All thread blocks in the grid will index
their corresponding submatrix in the result matrix from the top left to the bottom right. But if
the number of thread blocks is not sufficient to cover the result matrix, then the thread grid
will slide on the result matrix, also from the top left to the bottom right, to ensure that no
elements are left out.
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Flgure 5-7: High-performance implementation of matrix multiply-accumulate operatlon
powered by tensor cures and shared memory. Elements of different colors in matrices are
handled by their same-colored warps.

As illustrated in Figure 5-5, warp is the smallest unit in the software hierarchy that needs to
be handled when calling tensor cores (just like thread to CUDA core). However, based on the
official CUDA Programming Guide [88], there is no definitive answer to the question of how
threads in 2D blocks and 2D grids are grouped into warps of 32 threads. Practical experience
[199] tells us that the threads in a 2D or 3D thread block are always linearized in row-major
order first, and then every 32 threads are regarded as a warp, that is, for the launched 2D or
3D thread block, the layout of warps is also linear. Admittedly, any execution order within or
between warps should not be assumed, but warps are still indexable like threads. In the high-
performance implementation, for better indexing, the 8 warps in a thread block are treated as
a 2>4 combination (BLOCK_ROW_WARPS=2; BLOCK_COL_WARP=4), and each warp is
marked with the same color as the corresponding data in the matrix it processes.

Due to the introduction of the three-level memory hierarchy (global memory, shared memory,
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register file), the implementation strategy of the high-performance version is not as straight-
forward as the naive version, which involves more memory swapping and element indexing.
The pseudocode of the computation process is shown in Table 5-3.

High-performance matrix multiply-accumulate operation by tensor cores
for each grid in matrix C
1. Stream submatrices of C from global memory to shared memory
2. Load submatrices from shared memory to register file
for each block in A and B
for each chunk in block
3. Stream chunks of A and B from global memory to shared memory
for each slice in chunk
4. Load slices of A and B from shared memory to register file
5. Perform the WMMA operation on two slices
end for
end for
end for
6. Load submatrices of D from register file to shared memory
7. Stream submatrices from shared memory to global memory
end for

Table 5-3: Pseudocode of the high-performance matrix multiply-accumulate operation
implemented with tensor cores and three-level memory hierarchy.

In step 1, the submatrices (128x128>4 bytes for each) of the C matrix stored in the global
memory, handled by different thread blocks, are copied to the shared memory, that is, for a
single thread block, one of the warps is responsible for copying 8 tiles (8<16<16>4 bytes).
During the copying process, one thread will copy 16 bytes (int4 type), that is, one warp will
copy 3216 bytes at once, so each warp needs to iterate 16 times to copy all the elements of
the 8 tiles from the global memory to the shared memory.

In step 2, the submatrices that have been copied to the shared memory are further copied to
the register file. Still, in this process, a warp is responsible for copying 8 tiles, but it will be
done by the tensor cores instead of the CUDA cores, so a warp can do the complete copy of a
tile at once, so each warp needs to iterate 8 times to copy all the elements from the shared
memory to the register file. It should be noted that the layout of the copied tiles in the register
file is different from that in the shared memory (from 8l to 4>2), which requires additional
indexing.

In step 3, thread blocks copy the chunks in matrices A and B from global memory to shared
memory, and this process is performed by the CUDA cores. What is stored in the shared
memory at this point is the submatrices of C, but since they have been copied to the register
file in step 2, the shared memory is available for overriding. The first 4 warps in each thread
block are responsible for copying chunks in matrix A, and the last 4 warps are responsible for
copying chunks in matrix B. As shown in Figure 5-7, a warp is still responsible for copying 8
tiles (8<16x16>2 bytes), and each thread in the warp is responsible for copying 16 bytes, that
is, a warp will copy 16>32 bytes at once, and thus each warp needs to iterate 8 times to
complete the copying of 8 tiles. Be noted that, the layout of the chunks from matrices A and B
changes from 2>4 in global memory to 4>2 in shared memory, and the order in which the
elements of matrices A and B are stored in memory will determine the indexing strategy of
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the threads in warps.

In step 4, the chunks from matrices A and B are further chopped into slices, each consisting of
8 tiles, and copied from shared memory to the register file. This process is performed by the
tensor cores, so the 8 warps in thread blocks can copy the required slices from shared memory
to register files at once without iterations.

In step 5, the WMMA operation is performed on one slice (8 tiles) from matrix A and one
slice (8 tiles) from matrix B, which can produce a submatrix of 8 tiles by 8 tiles. In this
process, each warp is responsible for 8 tiles in the submatrix, and the layout of these 8 tiles is
4>2, which means that each warp not only needs to iterate 8 times but also needs additional
indexes. Depending on the width of the chunks stored in the shared memory, i.e., how many
slices, steps 4 and 5 will be iterated that many times to complete the multiply-accumulate
computation of the chunks.

In fact, the operations performed by steps 4 and 5 are similar to the naive implementation.
The K dimension in the naive implementation is equivalent to the chunk width in steps 4 and
5, both parameters determine the number of iterations that each thread block needs to perform.
In the naive implementation, one warp is responsible for one tile in the result submatrix, but
in the high-performance implementation, one warp is responsible for eight. Besides the
difference in the layout of the elements in memory, the most important difference is that the
data exchange performed by tensor cores occurs between global memory and register files in
the naive implementation, while occurs between shared memory and the register file in the
high-performance implementation. Thanks to the high bandwidth and low latency of shared
memory, this will greatly reduce the additional overhead caused by frequent data exchange.

Steps 6 and 7 are the reverse processes of steps 1 and 2. When the register files in different
SMs are full of tiles of the result matrix D produced by warps, all tiles will first be copied to
the shared memaory of the SMs where they are located (performed by tensor cores), so that the
shared memory storing the chunks of matrices A and B will be overridden by the submatrices
of matrix D. Then, the submatrices of matrix D will be copied from shared memory to global
memory (performed by CUDA cores) to piece together the full result matrix D.

Steps Parameters
gmem_idx
step 1, step 7 src_gmem_warp_stream_ptr

shmem_warp_stream_ptr
shmem_warp_tile_ptr
tile_ptr
warp_ptr
step 3 lane_ptr
shmem_idx
Table 5-4: Indexing parameters and their steps involved in the tensor core high-performance

implementation of matrix multiply-accumulate operation.

step 2, step 6

The high-performance implementation with the three-level memory hierarchy performed by
the tensor core improves the performance of matrix multiply-accumulate operation, but also
increases the complexity of data indexing. As shown in Figure 5-7, the indexing strategy of

the high-performance implementation involves many parameters (pointers and indexes), and
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the objects they guide can be thread blocks, warps, or threads. Also, the memory they point to
can be global memory, shared memory, or register files. Therefore, it is necessary to clarify all
the parameters involved in data indexing, and Table 5-4 gives the key parameters used in the
kernel function and the steps involved.

When data exchange occurs between global memory and shared memory, gmem_idx,
src_gmem_warp_stream_ptr, and shmem_warp_stream_ptr are used. The first two will jointly
specify the location in global memory for each warp in different thread blocks, and each warp
will be assigned a location in shared memory by shmem_warp_stream_ptr. In this way, each
thread block can perform the exchange of the corresponding submatrix between global
memory and shared memory. For data exchange between shared memory and register files,
shmem_warp_tile_ptr is used to specify the starting address of the 8 tiles stored in shared
memory for each warp to copy, and tile_ptr specifies the starting address of each tile for each
warp. In this way, the tensor core can complete the tile-to-tile data exchange between shared
memory and register files.

Since the chunks of matrices A and B have different layouts in global and shared memory, and
their precision type is different from the result matrix, transferring the chunks of matrices A
and B requires additional indexes. Each thread block contains two sets of warps (the first four
indexes A, the last four indexes B), and the starting address of each warp in global memory is
specified by warp_ptr, and lane_ptr further specifies the starting address of each thread in
each warp. The 32 threads in each warp are arranged in a 4>8 layout, that is, 8 threads per
group, a total of four groups, shmem_idx will specify the element index in shared memory for
each "thread group™ containing 8 threads. Based on the above three parameters, thread blocks
can copy the corresponding chunks in matrices A and B from global memory to shared
memory.

5.2.2 Potential further parallelism from multiple data blocks

The tensor core accelerates the matrix multiply-accumulate operations in the ICA algorithm
and improves the parallelization within each step. However, as shown in Figure 5-8, the
existing ICA implementation structure still contains two levels of serialization: the traversal
of the data block and the repetition of the entire input data. The input data containing multi-
channel signals is divided into n data blocks of a specific length, and each data block is used
to update the weight matrix in turn, that is, ICA will be executed n times in sequence. When
all data blocks are traversed, the whole process will be repeated on the input signal until the
specified number of iterations is reached.

iteration 1 iteration 2 iteration n
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‘ data block 1 ‘ ‘ data block 2 ‘ ‘ data block 3 ‘ ‘ data block n ‘

| | | N
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Figure 5-8: Data and processing flow of the existing ICA implementation that contains two
levels of serialization.
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ICA is essentially a machine learning algorithm based on the back-propagation algorithm. In
the existing ICA implementation, one frame of input data is equivalent to a training sample, a
data block is equivalent to a batch containing multiple training samples, the number of blocks
is equivalent to the number of iterations over the training set, and the number of ICA
iterations over the entire input data is equivalent to the number of epochs when training the
model. For the independence criterion function as the loss function, in the process of finding
its global optimal solution, the weight update operation will be performed after each data
block is processed, that is, each data block needs to be processed sequentially to satisfy the
dependency of their contribution to the weight.

Another strategy for updating the weights is illustrated in Figure 5-9. The contribution to the
weights obtained from each data block is not used directly for updating but is stored
temporarily. After all data blocks have been processed, the weights update operation is
performed once. In this way, each data block is independent from each other, so their
processing can be done in parallel, and after synchronization, the contributions from all the
data blocks will be combined and used to update the weights. The implementation of ICA in
Figure 5-9 eliminates serialization at the data block level and greatly reduces the total number
of iterations, allowing GPU resources to be more fully utilized. In the case of multi-GPU
systems, due to the independence between data blocks, each data block can even be processed
by different GPUs to further improve performance.

iteration 1 iteration 2 iteration n

‘ data block 1 ‘ ‘ data block 2 ‘ ‘ data block 3 ‘ ‘ data block n ‘
‘ ICA process ‘ ‘ ICA process ‘ ‘ ICA process ‘ ‘ ICA process ‘ """

| \ [ \ [ ]

update weights

Figure 5-9: Data and processing flow of the block-parallel ICA implementation, data blocks
can be processed parallelly.

The parallelism of the data blocks changes the weights updating strategy, which leads to a
change in the approach path to the global optimum of the loss function (independence
criterion function). Unlike other machine learning algorithms, which evaluate the model
based on the accuracy of sample classification, ICA has high requirements on numerical
accuracy, which is sensitive to the convergence path. Therefore, it is difficult to verify the
numerical correctness of the ICA implementation based on data block parallelization.
Meanwhile, in the field of machine learning, there are many studies on weight update
strategies, which can be used as references for improving ICA implementation.

5.3 Results

This section presents the test results of a prototype ICA implemented by tensor cores. First, |

introduce the software and hardware environment used for the tests. Then | show the

numerical validation results of the tensor core version of the ICA, using the MATLAB ICA as

a benchmark and the CUDA core version as a comparison. Finally, I show the kernel function

profiling results of the proposed ICA implementation and the speedup under different
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numbers of channels and signal lengths.

5.3.1 Test environment

MATLAB, the most widely used platform in the EEG processing community, was used as a
benchmark for performance comparison. The MATLAB version of the ICA implementation
was executed by MATLAB 2024a and tested on an Intel Core i7-11800H CPU, a processor
from Intel’s 11th-generation Tiger Lake architecture. This CPU features 8 physical cores and
16 threads, operates at a base frequency of 2.3GHz and can turbo boost up to 4.6GHz. The
ICA implementation based on the tensor core and CUDA core was compiled in the CUDA
12.0 environment and tested on the NVIDIA RTX3070 mobile GPU. This GPU, built on
NVIDIA’s Ampere architecture, features 8GB of GDDR6 global memory and 5120 CUDA
cores, with a base frequency of 1215 MHz that boosts up to 1720 MHz. Also, it is equipped
with 160 third-generation tensor cores, providing powerful matrix computing performance.
More details on RTX3070 mobile are shown in Table 5-5.

Items Values
SM Count 40
CUDA Cores 5120
Processors
Tensor Cores 160
Ray Tracing Cores 40
Memory Size 8GB (DDR6)
Memory Bus Interface PCle 4.0x16
Memory Bandwidth 448.0 GB/s
L1 Cache 128KB (per SM)
L2 Cache 4MB
FP32 15.97 TFLOPS
FP64 249.6 GFLOPS
Performance -
CUDA Compute Capability 8.6
Process Size 8 nm

Table 5-5: Specifications of the RTX 3070 mobile GPU used to implement the tensor core and
CUDA core ICA.

5.3.2 Numerical validation

The main purpose of numerical verification is to ascertain the impact of the cumulative error
caused by the matrix multiply-accumulate operation on the decomposition results of different
ICA implementations. The computation of the tensor core is mixed-precision, i.e., the
precision of the input and output matrices can be different, which makes it fundamentally
different from the computations performed by MATLAB and CPU. Therefore, a 128>
million (128 channels, 2 million samples per channel) synthetic input signal and a 128128
unmixing matrix were generated to feed the MATLAB and tensor core versions of ICA
implementations respectively. In the test, in order to verify the results more efficiently, all the
elements in the input signal and unmixing matrix were normalized to 0.01. and the input
signal was sliced into 4096 128>512 data blocks, each of which was used to update the
unmixing matrix.
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Figure 5-10: Consistency comparison results of IC pairs produced by MATLAB and tensor
core versions of ICA, the average. The average similarity index between all IC pairs is higher
than 0.99.

Following 512 iterations of ICA on the same input signal, the MATLAB and tensor core
versions can obtain their own unmixing matrices. These matrices can then be multiplied with
the original input signal to produce independent components (ICs). Then, their corresponding
ICs are then plotted together for consistency comparison. If the plotted IC pairs are diagonal
lines, it means that the ICs generated by different implementations are identical. Figure 5-10
shows the first 32 IC pairs produced by the MATLAB and tensor core versions of ICA, which
have identical decomposition results. Using the same input and configuration, the ICs
produced by the CUDA core version of ICA are also used for comparison. As shown in Figure
5-11, the diagonal of the ICs pairs shows that the CUDA core and tensor core versions of ICA
also have identical decomposition results.
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Figure 5-11: Consistency comparison results of IC pairs produced by CUDA core and tensor
core versions of ICA. The average similarity index between all IC pairs is higher than 0.99.
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5.3.3 Performance results and analysis

The performance of the ICA implementation based on the tensor core is demonstrated from
two aspects: the speedup compared to the most widely used MATLAB version and the
efficiency improvement compared to the CUDA core version. The execution time of ICA is
determined by the size of the input data, which is influenced by two dimensions: the number
of channels and the signal length. Given that the object processed by each iteration of ICAis a
data block, the signal length is determined by the block length and the number of blocks. In
the performance evaluation, the number of data blocks is fixed at 16, and input signals with
varying block lengths ranging from 128 to 7296 and channel numbers ranging from 128 to
6272 are utilized to test the performance of ICA implemented by tensor cores. As illustrated
in Figure 5-12, the speedup of the tensor core version of ICA compared to the MATLAB
version varies with different data sizes. Since both use a sequential strategy for traversing data
blocks, increasing the input data length does not result in a higher speedup, while the increase
in the number of channels brings a 3-43x speedup for the tensor core version of ICA
compared to the MATLAB version. Compared to the GPU implementations of CEEMDAN
and MEMD, the acceleration of ICA based on tensor cores is somewhat less effective. This is
mainly because ICA implementations still involve a significant amount of sequential
execution, such as data block iterations and convergence iterations based on the back
propagation algorithm. In contrast, in GPU-based EMD implementations, sequential
operations only occur between IMFs, while the input signal is processed in parallel as a whole.
The longer the data, the better the hardware can be utilized, leading to higher acceleration.
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Figure 5-12: Speedup of ICA implemented by the tensor core for different number of channels
and signal lengths, compared to MATLAB.

In addition to the speedup in execution time compared to the MATLAB implementation, |
also analyzed the performance of the kernel functions in the tensor core version of the ICA
using the Roofline model [186]. The performance bottleneck of the kernel function can be
categorized into memory-bound and compute-bound. If a kernel function requests fewer
arithmetic operations per memory access on average, it is memory-bound, otherwise it is
compute-bound. Practically, the overhead of memory accesses is much greater than that of
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performing computations: 10-20 clock cycles of latency for arithmetic operations, while 400-
800 clock cycles of latency for global memory accesses. Therefore, the design of kernel
functions should aim to perform as many arithmetic operations as possible in a limited
number of memory accesses. The arithmetic intensity (flops/byte) is the measure of how
many operations are done per bytes loaded or stored from memory, and the roofline model is
the maximum performance that a given hardware can achieve at different arithmetic
intensities. Therefore, the program or functions running on the given hardware can be profiled
on the Roofline model to analyze performance bottlenecks and hardware usage efficiency.

As shown in Figure 5-13, the kernel functions in the ICA implementations based on the tensor
core and CUDA core are profiled on the Roofline model of the RTX3070 mobile GPU. The
kernel functions based on the CUDA core are all memory-bound and far from the
performance boundary of the hardware, while the kernel functions of the tensor core version
have more advantages in memory throughput, improve the arithmetic density, and are closer
to the theoretical performance of the hardware.
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Figure 5-13: The Roofline performance results of the kernels from CUDA core and tensor
core versions of ICA, executed on the RTX 3070 mobile GPU.

5.4 Summary

In this chapter, | described an ICA prototype implemented by the high-performance matrix
multiply-accumulate operation based on tensor cores. As a spatial signal decomposition
method, ICA is not only the de facto standard method for artifact removal in EGG signal
processing, but also an important tool for restoring real brain source signals. Due to its blind
source separation property, ICA also has important applications in audio processing, image
processing, financial data analysis, etc., but the use of ICA in massive data processing is
always problematic as the algorithm is computationally expensive.

The proposed implementation makes full use of the high efficiency of tensor cores in matrix
multiply-accumulate operations and reduces the overhead of memory exchange in the ICA
82



implementation by introducing the three-level memory hierarchy. Numerical validations and
performance analyses were performed on the proposed ICA implementation. In terms of
decomposition results, the tensor core ICA implementation is numerically consistent with
other implementations, which reveals that the mixed precision properties of the tensor core
and the cumulative error of the computations have negligible impact. Compared to the
MATLAB version, which is the most commonly used in the EEG processing community, the
tensor core version of ICA achieves 3-43x speedup depending on the size of the input signal,
and its memory throughput and hardware utilization are greatly improved compared to the
CUDA core version running on the same GPU. This is still a work in progress, and there is
plenty of room for optimization of ICA implementation. In the future, I will work on
developing a complete descendant ICA implementation with further performance
improvements brought by data block parallelization.
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6 CONCLUSIONS

This thesis has explored the application and analysis of signal decomposition methods in EEG
signal processing, with a particular emphasis on leveraging GPU parallelism to enhance
computational efficiency. The research has addressed the challenges posed by the nonlinear
and non-stationary nature of EEG signals, the need for advanced decomposition techniques,
and the computational demands associated with high-resolution EEG data analysis.

A key contribution of this work is the design, development and optimization of GPU-
accelerated implementations for EEG signal decomposition. The thesis systematically
examined various signal decomposition methods, including Fourier Transform (FT), Wavelet
Transform (WT), and Empirical Mode Decomposition (EMD), highlighting their strengths
and limitations. Then, the study focused on advanced decomposition methods. For the time-
frequency analysis of EEG signals, while the EMD algorithm effectively decomposes intrinsic
oscillation patterns without relying on a preset function, it is highly sensitive to intermittent
noise. The Improved Complete Ensemble EMD with Adaptive Noise (ICEEMDAN) enhances
robustness against noise but is computationally intensive. The proposed GPU implementation
of ICEEMDAN significantly accelerates computation while preserving adaptability to the
dynamic characteristics of EEG signals and robustness to noise, achieving a maximum 260x
speedup compared to the MATLAB implementation.

Traditional EMD is designed for single-channel signals, whereas EEG consists of multi-
channel recordings from multiple electrodes. Multivariate Empirical Mode Decomposition
(MEMD), an extension of EMD for multi-channel EEG, can extract intrinsic oscillation
patterns while maintaining inter-channel correlations essential for functional connectivity
research. However, its multi-channel nature makes MEMD computationally demanding. By
parallelizing multi-dimensional signal processing, the proposed GPU-based MEMD
implementation achieves a maximum acceleration of 430 times compared to MATLAB.

Additionally, a novel implementation leveraging tensor cores to accelerate Independent
Component Analysis (ICA), a signal spatial decomposition method, was introduced. Analysis
of the ICA algorithm revealed that extensive matrix multiply-add operations present a major
performance bottleneck. By utilizing GPU tensor cores—optimized for efficient matrix
operations—these computations, previously handled by CUDA cores, were offloaded to
tensor cores. This optimization resulted in a max 43x speedup compared to the MATLAB ICA
implementation.

The findings of this thesis emphasize the importance of parallel computing in EEG signal
processing. For time-frequency analysis, GPU parallelization significantly enhances the
extraction of oscillation patterns, improving both time-frequency resolution and
computational efficiency. In spatial decomposition, GPUs accelerate processing by leveraging
specialized hardware units optimized for numerical operations, transforming large-scale EEG
processing from an impractical challenge into a feasible solution. Beyond performance
improvements, this study also addresses practical considerations for implementing GPU-
accelerated EEG processing. In CPU-GPU heterogeneous computing systems, optimizing
memory allocation, efficiently scheduling threads in kernel functions, and leveraging new
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hardware units are key factors in maximizing GPU performance for EEG signal
decomposition.

The human brain consists of nearly 100 billion neurons, each forming thousands of synaptic
connections and continuously generating vast amounts of information essential for
understanding brain function and treating neurological disorders. However, in the post-Moore
era, as data volumes grow exponentially, the tension between computational efficiency and
massive data processing becomes increasingly evident. The era of relying solely on hardware
advancements for performance gains has ended. Instead, unlocking the full potential of
computing devices through algorithm parallelization presents new opportunities for EEG
processing. That said, challenges remain. Algorithm parallelization is complex, requiring a
deep understanding of both signal characteristics and computing hardware. Ensuring the
robustness and scalability of parallelized signal decomposition remains a critical hurdle.
Moreover, achieving real-time EEG processing on wearable, low-power portable devices is an
ongoing challenge yet to be fully resolved.

In conclusion, this thesis has demonstrated that GPU acceleration offers a powerful solution
for overcoming the computational limitations of EEG signal decomposition. By developing
efficient GPU implementations of CEEMDAN, MEMD, and ICA, this research has
contributed to the field of EEG processing, enabling faster, more precise, and scalable
analysis of neural signals. These advancements hold significant potential for clinical
applications, cognitive research, and next-generation brain-computer interfaces. Future work
should continue to refine these techniques. One promising direction is to integrate the
developed GPU-based signal decomposition algorithm into an end-to-end EEG processing
pipeline to improve system-wide efficiency. Moreover, exploring the use of advanced
hardware accelerators, such as tensor cores, in more robust ICA variants or other signal
processing methods could help overcome current limitations and expand the practical
applicability of EEG signal analysis.
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7 SUMMARY OF THE MAIN CONTRIBUTIONS
Thesis I: GPU implementation of ICEEMDAN

| developed a GPU implementation of the Improved Complete Ensemble Empirical Mode

Decomposition with Adaptive Noise (ICEEMDAN), a crucial algorithm for time-frequency

analysis of non-stationary EEG signals. ICEEMDAN improves upon traditional Empirical

Mode Decomposition (EMD) by addressing mode mixing issues and enhancing signal

reconstruction accuracy. However, its computational complexity makes it impractical for large

EEG datasets. This thesis introduces a massively parallel CUDA-based implementation that

achieves an astonishing two-orders-of-magnitude speedup, reducing processing times from

hours to mere seconds. The optimization involves restructuring key computational steps, such
as intrinsic mode function (IMF) extraction and noise addition, to maximize parallel
execution across GPU cores. Extensive performance benchmarking across multiple GPU
architectures (Pascal, Volta, and Ampere) confirms significant efficiency gains. Validation
using both synthetic and real EEG signals demonstrates that the GPU implementation

maintains numerical accuracy while dramatically accelerating computation. Moreover, a

comprehensive performance analysis using the Roofline model shows that the optimized

implementation approaches the hardware’s theoretical performance limits. To support further
research in EEG processing, the open-source code for the GPU-based ICEEMDAN is made
publicly available. Publications related to this thesis are as follows:

1. Z. Wang, Z. Nagy, Z. Juhasz, “On the Benefits of Empirical Mode Decomposition in
Spatio-temporal EEG Analysis”, 45nd International Convention on Information and
Communication Technology, Electronics and Microelectronics (MIPRO), Opatija,
Croatia, May 23 - 27, 2022, ISSN: 1847-3946.

2. Z.Wang, Z. Juhasz, “Analysis of the Effects of Input Parameter Settings on the Quality
of Electrophysiological Signal Decomposition in Empirical Mode Decomposition”,
XXXV. Neumann Colloquium, Szeged, Hungary, Nov 24 - 25, 2022, ISBN: 978-615-
5036-22-4.

3. Z.Wang and Z. Juhasz, “GPU Implementation of the Improved CEEMDAN Algorithm
for Fast and Efficient EEG Time-Frequency Analysis”, MDPI Sensors (Basel), vol. 23,
no. 20, p. 8654, Oct. 2023, doi: 10.3390/S23208654/S1.

Thesis I1: GPU implementation of MEMD

I extended the scope of GPU-accelerated EEG analysis by implementing the Multivariate
Empirical Mode Decomposition (MEMD) algorithm, which is designed for multi-channel
bioelectric signals. Unlike conventional EMD, MEMD preserves inter-channel correlations
while decomposing non-stationary signals. This thesis presents a novel GPU-optimized
implementation that minimizes CPU-GPU communication overhead and incorporates
efficient tridiagonal solvers and spline interpolation kernels to maximize throughput. The
results demonstrate a remarkable 180x to 430x speedup over traditional CPU implementations,
significantly reducing processing times from days to minutes. Extensive benchmarking
confirms scalability across different EEG dataset sizes and GPU architectures. Notably, the
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performance gains extend beyond EEG processing, making the GPU-accelerated MEMD

applicable to other domains such as seismic signal analysis, power optimization, and

biomedical signal processing. This broad applicability enhances the impact of MEMD as a

tool for analyzing high-dimensional, nonlinear, and non-stationary signals. Publications

related to this thesis are as follows:

1. Z Wang and Z. Juhasz, “Massively Parallel EEG Algorithms for Pre-exascale
Architectures”, European Conference on Parallel Processing (Euro-Par 2023), Limassol,
Cyprus, Aug 28 - Sept 1, 2023, doi: 10.1007/978-3-031-48803-0_34.

2. Z. Wang and Z. Juhasz, “Efficient GPU implementation of the multivariate empirical
mode decomposition algorithm”, Journal of Computational Science, vol. 74, p. 102180,
Dec. 2023, doi: 10.1016/J.JOCS.2023.102180.

Thesis I111: GPU implementation of ICA

I introduced a novel application of GPU tensor cores to Independent Component Analysis
(ICA), a fundamental technique for artifact removal in EEG processing. ICA is widely used
for separating neural signals from artifacts such as eye blinks and muscle activity, but its
computational demands often make it infeasible for high-density measurement or large
datasets. This thesis proposes the first ICA implementation that leverages tensor cores,
specialized GPU units designed for highly efficient matrix multiply-add operations. The
optimized implementation achieves up to a 43x speedup over MATLAB-based ICA, enabling
efficient spatial decomposition and artifact removal for massive EEG datasets. A three-level
memory hierarchy is introduced to reduce memory exchange overhead, while a potential
block-parallel ICA processing approach eliminates serialization at the data block level,
ensuring seamless parallel execution of multiple EEG channels. Validation experiments
confirm that the tensor-core-based ICA produces results consistent with standard CPU
implementations while maintaining high numerical accuracy. Additionally, this thesis
highlights potential future optimizations, such as multi-GPU parallelization and hybrid
execution strategies, which could further enhance ICA efficiency. By drastically reducing
processing times from hours to seconds, this research paves the way for real-time EEG
preprocessing, benefiting applications such as brain-computer interfaces, neurofeedback, and
clinical diagnostics. Publications related to this thesis are as follows:
1. Z. Wang, Gy. Kozmann, Z. Juhasz, “Towards a High-Performance Independent
Component Analysis Implementation on GPUs”, XXXIV. Neumann Colloquium,
Veszprem, Hungary, Dec 3 - 4, 2021, ISBN: 978-963-396-217-6.
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APPENDIX

Variable name

Dimensions

Used in kernel function

d_current

d_noisedSignal

d_whiteNoise

SignalLength x
NumNoise

findExtremaShfl(), selectExtrema(),
updateRealizations()

produceFirstiIMF()
addNoise()

curandGenerateNormal(), addNoise()

d_whiteNoiseModes

SignalLength =
NumNoise x NumIMFs

addNoise(), updateRealizations(),
updateSignal()

d_channelMeans

NumNoise

mean(), multiply()

d_channelVariance

NumNoise

variance(), multiply(), addNoise()

d_sparseFlag

SignalLength =
NumNoise

findExtremaShfl(), DeviceScanlInitKernel(),
DeviceScanKernel(), selectExtrema()

d_noisedSignallndex

SignalLength =
NumNoise

findExtremaShfl(),selectExtrema(),
interpolate()

d_ScanResult

SignalLength x
NumNoise

scanLargeDeviceArray(),
scanSmallDeviceArray(), selectExtrema()

d_compactValue

SignalLength =

selectExtrema(), setBoundary(),
tridiagonalSetup(), splineCoefficients(),

d_compactindex/ NumNoise interpolate()
selectExtremal(), tridiagonalSetup(),
d_num_extrema_max/ NumNoise splineCoefficients(), interpolate(),

d_num_extrema_min

averageUppperLower(), siftingCriterion()

d_upperDia

d_middleDia

d_lowerDia
d right

d_meanEnvelope

d_envelopeVauleMax/
d_envelopeVauleMin

SignalLength x
NumNoise

preSetTridiagonalMatrix(), tridiagonalSetup()
cusparseSgtsv2(), splineCoefficients(),
interpolate()

averageUppperLower(), updateRealizations()

averageUppperLower(), interpolate(),
produceSX()

d_residue produceResidue(), averageUpdateSignal()
. averageUpdateSignal(), produceFirstiIMF(),
d_forNext SignalLength addNoise()
d_running SignalLength produceFirstiIMF()
d_IMFs SignalLength x averageUpdateSignal(), produceFirstIMF()

NumIMFs

Table S1: Device variables used in the GPU implementation, their size and kernels in which

they are referenced.



Number Number of realizations

o Signal
of Sifting Le%gth 500 400 300 200 100
Iterations
10241 22.9 18.4 18.7 18.5 18.1
20481 40.4 33.7 32.9 31.8 31.0
30721 46.5 48.7 48.4 46.0 46.2
40961 62.4 65.2 64.4 64.4 60.3
10 51201 82.2 1135 86.2 83.4 84.7
61441 96.8 100.5 102.1 102.6 98.6
71681 118.7 122.0 117.6 117.7 116.8
81921 162.4 151.1 151.0 150.7 142.8
92161 194.6 169.8 181.1 166.9 161.3
102401 265.2 215.7 190.5 207.7 196.1
10241 15.9 11.9 11.9 11.9 11.1
20481 27.5 19.9 19.5 19.9 18.5
30721 31.3 29.2 28.9 29.1 27.9
40961 41.2 39.1 36.9 37.3 35.6
20 51201 53.3 50.3 49.3 47.8 48.1
61441 62.4 58.6 57.4 56.6 53.8
71681 775 65.7 66.7 67.4 63.5
81921 97.9 90.8 81.5 81.3 775
92161 1135 92.8 92.9 102.7 90.0
102401 129.2 111.2 124.7 106.8 105.4
10241 7.3 6.6 6.4 6.5 7.0
20481 15.0 115 111 11.0 12.3
30721 17.9 17.7 17.8 17.2 16.4
40961 23.4 22.4 22.9 21.0 22.2
50 51201 31.2 30.0 30.7 30.4 28.5
61441 33.6 324 34.7 32.6 315
71681 345 37.8 36.4 35.3 37.0
81921 49.3 46.0 46.1 44.2 43.3
92161 54.9 53.8 47.4 51.1 49.4
102401 63.6 66.2 64.6 54.8 53.4
Table S2: Speedup values for different test configurations (V100 vs MATLAB).
Steps in MEMD Kernel function(s) Description
generateHammSeq() Generate Hamme_rsley sequence from
primes
Preprocess

Generate direction vectors from

generateDirVec() Hammersley sequence

Multiply the input signal and the

Signal projection cublasSgemm() direction vectors
findExtremaShfl() Detect the location of extreme points
scanLargeDeviceArray() Generate index of compact vector
Extrema detection ~ scanSmallDeviceArray() Generate index of compact vector
selectExtremaMax/Min() Generate compact extrema vector
setBoundary() Set the boundary condition
tridiagonalSetup() Generate tridiagonal system
Cubic spline cusparseSgtsv2() Solve the tridiagonal system
interpolation splineCoefficients() Generate spline coefficients for gaps
interpolate() Generate upper and lower envelopes

Envelopes averaging  averageUppperLower()  Generate multivariate mean envelope for
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direction vectors
Generate the multivariate mean

averageDirection() envelope of input signal

Subtract the mean envelope to generate

Signal updating new input signal

updateSignal()

Table S3: CUDA kernels used in different stages in the MEMD GPU implementation.

Variable name

Dimensions

Used in kernel function

d_current

SignalLength xSignalDim

cublasSgemm()
selectExtremal()
averageDirection()

d_direction\Vectors

SignalDim < NumDirVector

cublasSgemm()

d_projectSignals

SignalLength xNumDirVector

cublasSgemm()
findExtremaShfl()

d_sparseFlag

SignalLength <NumDir\ector

findExtremaShfl()
scanLargeDeviceArray()
scanSmallDeviceArray()
selectExtremal()

d_ScanResult

SignalLength <NumDir\ector

scanLargeDeviceArray()
scanSmallDeviceArray()
selectExtrema()

d_compactValue
d_compactindex/

SignalLength =< SignalDim x
NumDirVector

selectExtremaM()
splineCoefficients()
interpolate()

d_upperDia
d_middleDia SignalLength xSignalDim x tridiagonal Setup()
d_lowerDia NumDirVector cusparseSgtsv2()
d_right
cusparseSgtsv2()

d_solutionGtsv

d_b (d_upperDia)
d_c (d_middleDia)
d d (d_lowerDia)

d_envelopeVaule

d_meanEnvelope

SignalLength xSignalDim =
NumDirVector

splineCoefficients()

splineCoefficients()
interpolate()

interpolate()
averageUppperLower()

averageUppperLower()
averageDirection()

d_running

SignalLength < SignalDim

d_IMFs

SignalLength x<SignalDim <NumIMFs

Table S4: Device variables used in the GPU implementations, their size and kernels in which

they are referenced



