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Abstract: Background: Time-series biosignal data, representative of a physiological process, is often applied to
time-sensitive machine learning applications that benefit from acceleration. Medical and research applications
that process biosignal data in real-time may utilize new hardware architecture by switching from CPU to GPU
devices to take advantage of the data processing speedups. In order to utilize machine learning kernels that
are typically employed by a CPU on a GPU, the machine learning kernel must be reimplemented using custom
compilers that can take advantage of GPU architecture. Objectives: The primary objective is to evaluate the
speed of CPU-based machine learning algorithms commonly employed in biosignal processing and compare
the speedup improvements obtained through GPU acceleration. Methods: A systematic search was conducted
across multiple databases to identify studies employing GPU acceleration in biosignal processing. Inclusion and
exclusion criteria are defined for GPU acceleration studies. In this literature review, 12 studies of GPU kernel
development for traditionally CPU-based kernels are analyzed. Results: It is found that a positive speedup
occurs when using GPU kernels over traditional CPU-based algorithms in all instances. The speedup of GPU
over CPU performance ranges between 1.87 to 27018.27 times faster. Conclusions: This review will contribute
to the understanding of the role of GPU kernel development in biosignal processing, providing insights into
performance improvements obtained by current GPU kernel development. The results indicate that GPU kernel

development is a plausible direction to obtain real-time biosignal-based systems.

Keywords: biosignals; data acceleration; GPU; kernel development; machine learning

1. Introduction

Time-series biosignals such as Electroencephalography (EEG), Electromyography (EMG), Electro-
cardiography (EKG), Electrooculography (EOG), and many more have become increasingly popular
for use in commercial and research fields [1-4]. The most prevalent use for biosignals in the com-
mercial and research domain is for the diagnosis of medical disorders. This includes research on
early onset warning signs for diseases that impact physical mobility using EMG, monitoring the heart
health of patients prone to cardiovascular diseases, and diagnosis of mental health disorders using
neural activity [5,6]. Powered devices that aid mobility, such as bionic prostheses, brain-computer
interfaces (BCls), and powered orthotics, may also use EMG or EEG signals to enable more natural
control of the aides [7]. EMG and EKG have recently become a tool for use in enhancing athletic
performance through optimized training results based on biosignal readings [8]. The final large area
of use for biosignals is neuroscience and behavioral research to improve our understanding of the
precise functions performed by the brain to elicit emotions, thoughts, memory, and many more mental
functions [9].

Biosignals result from electrical activity emitted by the body in response to physiological processes
[10]. These include physical responses from muscle movement recorded as EMG signals, recording
electrical cardiac activity from the heart as EKG signals, brain activity from EEG signals, and eye
movement from EOG signals. Many biosignals are recorded as time-domain signals, in which the
electrical potential variation is observed over time. Multiple applications for biosignals pair the
time-domain recordings with directed tasks in order to obtain correlations between bodily function
and the given task [11]. The biosignals associated with a specific task are used as training data in a
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machine learning (ML) database to perform analysis or to map specific biosignal responses to outputs
in mobility aides [12].

Biosignals are recorded through the use of non-invasive electrodes that are applied to the surface
of the skin, or less commonly through the use of invasive needle electrodes used to collect electrical
activity from underneath the surface of the skin [13]. Electrodes may be tethered to a computational
device for signal processing; however, systems are increasingly trending towards wireless models
in which an electrode will transmit data over Bluetooth low-energy (BLE) to a computational unit
[14]. Electrodes used for biosignal acquisition will often employ sampling rates of 128 Hz - 2000+ Hz
to construct accurate representations of physiological responses. Multiple electrodes are applied to
the area(s) of interest to construct a spatio-temporal representation of physiological responses. The
resolution of the recorded biosignal is dependent on the quality of the electrode, and the number of
bits used to represent each sample.
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Figure 1. A representation of a basic biosignal machine learning system.

As the technology and science around biosignals are developed further, the size of electrodes is
decreased while the ability of the electrode to pick up higher-quality and higher-resolution data is
increased [15]. The development of more advanced electrodes, paired with current advancements
in computer storage space, has allowed manufacturers of biosignal acquisition systems to introduce
systems with more electrodes monitoring the areas of interest. For instance, the prevalence of increased
numbers of electrodes in EEG recording devices has resulted in two new updates to the international
electrode placement guidelines. The original 10-20 system was designed for 21 electrodes but was
largely replaced with the 74-electrode 10-10 system since the 2000s. Modern systems often include
128-256 electrodes, which has resulted in the new 345-electrode 10-5 placement system [16].
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By increasing the number of electrodes or increasing the resolution of the signal obtained by each
electrode, the amount of data that must be stored and processed by the system is greatly increased. In
applications where data processing can be performed at a later point, such as performing analysis on
biosignal data recorded during a clinical study, this increased processing time will result in a longer
time for patient diagnosis and will result in a clinic being able to diagnose fewer patients in a given
time period [17,18]. In real-time systems, such as a BCI or a bionic prosthesis which must react in a
matter of seconds, processing large sets of matrix data produced by multi-electrode systems is not
possible without dedicated hardware [19,20]. This makes it expensive for the user to purchase the
assistive devices while also reducing the amount of research and innovation in this area due to price
constraints. Many real-time systems will also reduce the number of electrodes or limit the functionality
of the systems to speed up processing times [15]. However, this often results in a lower-performance
system for the end user.

Many systems that use biosignal inputs will rely on computational processing units (CPUs)
or portable embedded devices such as microcontrollers (MCUs) to process the data through ML
algorithms to determine the system outputs [21]. In clinical settings, specialized machines may be
developed to improve processing speed; however, due to costs, medical device regulations, and limited
vending capacity, these systems are not often used outside of specialized clinics [22]. Most CPUs
and MCUs do not have the capacity to process large amounts of matrix data and are thus becoming
inadequate for the speed requirements of many modern biosignal-based systems [19]. To overcome
this technological gap, many researchers have introduced Graphics Processing Units (GPUs) into
biosignal-based systems to take advantage of the massively parallel matrix arithmetic capabilities of
these devices [23]. NVIDIA GPUs have been among the most readily adopted for speeding up ML
processes due to the open-source Compute Unified Device Architecture (CUDA) toolkit provided by
NVIDIA to run multiple popular ML algorithms at greatly accelerated rates.

The use of GPU acceleration in biosignal analysis has been practiced in numerous studies, show-
casing the potential to benefit from this acceleration method in biosignal applications. In a study by Yu
et al., an EMG signal is applied through a GPU-accelerated Bayesian filtering method to obtain real-
time filtering [24]. In another usage for EMG signals, a prosthetic limb used an FPGA-GPU interface in
order to approach real-time muscle activity recognition [25]. For EEG signals, GPU acceleration has
been used to successfully speed up pattern recognition due to the long processing time that traditional
CPUs need for large electrode array setups [26]. GPU acceleration has also been implemented to
diagnose abnormalities from remote ECG signals [27]. These examples of GPU-accelerated biosignal
implementations provide a basis on which further research may be conducted.

In this paper, the introduction of additional kernels to the CUDA toolkit for use with time-series
biosignals will be investigated. By adding kernels that implement ML algorithms that are currently
available for use on CPUs on a GPU device, more biosignal applications can be accelerated to produce
faster outputs. This is especially critical for improving the usability of more complex real-time systems,
which are currently limited by CPU or MPU processing times. Most current kernels for use on GPUs
are targeted toward image processing, and as a result, researchers are limited to a small number
of available ML algorithms for fast systems. By investigating current research toward introducing
field-applicable and biosignal-specific ML algorithms as GPU kernels, the viability of GPU acceleration
toward biosignal processing can be assessed.

In summary, the objective of this review is: (a) To provide an assessment of the benefits of GPU
kernel development towards ML processes on biosignals. (b) Understand the architecture needed
to design a GPU kernel. (c) Look into the speedup of GPU kernels over CPU-based algorithms. (d)
Discuss the impact of GPU kernels towards the future development of biosignal systems.

2. Review Methodology

The inclusion criteria for the reviewed material are as follows: (1) Papers are published in the
English language. (2) Papers are available on the Google Scholar search engine. (3) Papers are obtained
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from a peer-reviewed journal, conference, or university publication. (4) Articles include the keywords
of biosignals, GPU kernels, kernel development, or GPU acceleration. (5) Articles are published between
the years of 2014 and 2023. (6) Article pertains to the development of a GPU-based kernel for an ML
algorithm. (7) GPU-accelerated algorithms must have known applications within the field of biosignal
analysis.

All of the reviewed material was accessed between January 2023 and May 2023. The material of
each paper was independently reviewed by the authors without the use of automation tools. Papers
were reviewed for numerical speedup results where possible. In the case of non-numeric speedup
results the numerical results are omitted from comparisons. Papers without numerical results indicate
the final speed achieved by the GPU algorithm accompanied by confirmation that a speedup had been
achieved.

For each paper that met the first 6 inclusion criteria, the GPU-accelerated algorithm was compared
to recent literature in biosignal ML applications to verify field relevancy for the seventh inclusion
criteria. The literature used in reference for field relevancy can be found in Section 4.3. For the 12
papers that met all inclusion criteria, the GPU model and specifications that may impact expected
acceleration performance were recorded. The speedup results were obtained from the results provided
within each paper. The use of laptops, desktops, or servers was noted for each study to differentiate
the results. Graphical results are displayed using graphs generated using spreadsheet software.

This systematic approach allowed for the selection of relevant studies and the extraction of critical
information to evaluate the benefits of GPU kernel development in biosignal processing.

3. Architecture

In order to configure current ML algorithms into accelerated GPU kernels, the architecture of a
CPU, GPU, and the CUDA Developer Toolkit must be considered. ML algorithms that are commonly
used in the analysis and classification of biosignal data are traditionally designed for use with multicore
CPUs that will implement the algorithm across a designated number of threads [28]. When switching
an algorithm over to the massively paralleled capabilities of a GPU kernel, the algorithm needs to be
redesigned to be processed in batches of threads in order to take full advantage of the GPU design.
The CUDA Developers Toolkit provided by NVIDIA provides a wide range of resources with which
GPU-accelerated kernels can be coded, compiled, tested, and can interact with multiple GPU-based
libraries.

3.1. Hardware Architectures

In this section, the physical architecture of both the CPU and GPU are described to showcase the
attributes that differ between the two components. The difference in physical structure provides a
basis on which the kernel’s structure is formed. Since more kernels are developed for use with a CPU
than GPU, and given that many GPU kernels are designed to emulate the functionality of CPU-based
kernels, the architecture of the CPU should be observed first.

When comparing a CPU and GPU, it should be noted that a GPU utilizes specialized clusters of
arithmetic logic units (ALUs) that are able to run large matrices of numerical data through mathematical
operations in parallel, whereas a CPU utilizes multi-threading to perform generalized tasks in a serial
manner [29]. While new CPU architecture may be developed to allow a greater number of threads to
be available to the user, or specialized CPUs such as an AMD threadripper may be used to increase
threading performance, average CPU programs do not benefit from massively increased threading
[30]. This is because not all tasks can be broken up into smaller processes that can be run massively in
parallel [31].

3.1.1. CPU Architecture

A traditional CPU architecture consists of one or more CPU cores which are controlled by a CPU
scheduler. The CPU scheduler allocates tasks to the CPU by determining which processes may be
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executed and which tasks will be placed on hold across all available cores [32]. The capabilities of
the individual cores within the CPU vary depending on whether a single-thread or multithread unit
is selected. In a single-threaded CPU, each core may execute one thread at a given time, whereas an
individual multithread CPU core is associated with two logical cores that can each operate a thread
in parallel [30]. The components of a multithread CPU can be seen in Figure 2. Due to the increased
number of threads provided by a multithreaded CPU, these are most often associated with ML [33,34].
Many consumer-grade multithread CPU systems in the present market contain between 4-16 cores,
while top market high-end CPUs such as the AMD Ryzen Threadripper offer 32 or 64 physical cores
that provide 64 or 128 logical processors respectively [35]. CPUs with 32 or more logical cores are
most often observed in servers designed to perform high-volume operations in industrial settings.
High-end servers may contain CPUs with up to 128 physical processors at the time of writing [36].

Multi-Threaded CPU
Scheduler
Y k. Y Y
Core 1 Core 2 Core 3 Core 4
Thread | Thread | Thread | | Thread | _,
= = = =
Thread | = Thread | =2 Thread | =2 Thread | -
| © - D — | © - 9
| ALU || € |||| AU || E |||| ALU || E |||| ALU || E
L2 L2 L2 L2 |
L3 Cache

Figure 2. The architecture of a general multithreaded CPU

A traditional CPU will contain three levels of memory caches, referred to as L3, L2, and L1 from
largest to smallest capacity. Each cache is made up of high-speed Static Random Access Memory
(SRAM), which provides increased data transfer speeds at reduced memory capacity [30,37]. The L3
cache is the largest capacity cache, storing data that is shared amongst all CPU cores. Due to the large
amount of data stored in L3 relative to the L2 and L1 caches, the time needed to locate and retrieve
data from the registers is the slowest of all the levels. However, a typical L3 cache will operate at
double the speed of the Dynamic Random Access Memory (DRAM) that acts as the main temporary
memory storage for traditional computer setups [38]. Information that may be relevant to general
processes performed by a CPU at any given time will be stored at the L3 level [30]. Each core will have
a dedicated L2 cache which has a storage capacity under half the size of the L3 cache but operates at
roughly 25 times the speed of DRAM [37]. Information pertinent to a specific core’s allocated process
will be stored in the L2 cache of each core. The L1 cache size ranges significantly but has drastically less
memory space available than the L2 cache. This, in turn, allows the L1 cache to operate at roughly four
times the speed of the L2 cache on average [39]. Each core will contain two L1 caches. One L1 cache
stores the instructions to execute the core’s scheduled processes, while the second L1 cache contains
the data used in the instructed operation [40]. A CPU core will first search the L1 cache for the relevant
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data and, if not found, will go to the L2, then L3 caches, respectively, before resorting to obtaining data
from the DRAM [40]. This process allows data to be retrieved at the most efficient speed possible.

By prioritizing fast data retrieval from the available memory, a CPU is optimized to perform
a wide array of general tasks at high speed. The CPU is not designed to specialize in specific data
formats, and therefore being able to find relevant data is of more importance than creating highly
efficient protocols for processing specific data formats [41]. Each CPU core contains an Arithmetic
Logic Unit (ALU), which is used to perform mathematical instructions which are available to perform
numerical operations and may also contain other units intended for the processing of specific data
formats. Having these units within the CPU cores allows for varied data to be processed by each core
individually.

3.1.2. GPU Architecture

A typical GPU is comprised of multiple clusters of GPU cores arranged in units called streaming
multiprocessors (SMs), a dedicated DRAM, and a large L2 cache shared amongst all SMs. The
GPU contains multiple memory controllers that are linked to the SMs using network-on-chip (NoC)
architecture [43]. The NoC equips every SM and memory controller with a router containing five data
input and output (I/O) ports [44]. The routers are typically connected to each other in a grid pattern,
with one I/O port transmitting data to a network interface embedded into each SM and memory
controller and four I/O ports connected to a physical wire used to transmit data to neighboring routers
[45]. The NoC allows data to be retrieved from the L2 cache and sent to the appropriate SM using the
memory controllers [46]. Each memory controller is allocated to a designated portion of the L2 cache,
which allows faster indexing for individual memory controllers [47]. The GPU also employs a higher
bandwidth than a CPU, allowing for larger amounts of data to be transferred at any given time [48].

An individual SM is made up of multiple GPU cores, which are referred to as streaming processors
(SPs) or CUDA cores when using NVIDIA architecture [49]. Most modern GPUs SMs will contain
multiples of 32 SPs in an SM, however, in older GPUs only 8 or 16 SPs may be present [50]. In
addition to the cluster of SPs, an SM contains two dedicated L1 memory caches - one cache contains
the instructions that are distributed to the SPs in parallel, and the second L1 cache contains the data
distributed to the SPs for use in calculations [47,57]. Each SM will contain one or more control units.
The control unit has two dispatch units that receive instructions from the L1 instruction cache and
allocate the threads to the appropriate SPs using a local register shared by the SPs. If all threads cannot
be executed the dispatch unit will schedule additional threads to an SP in the following instruction
cycle [51]. When an SM executes 32 threads in parallel, the grouping of the 32 threads is collectively
referred to as a warp. To ensure the dispatch units schedule warps correctly, the control unit contains
a warp scheduler. The warp scheduler will ensure both dispatch units run in parallel by delaying
the scheduled execution of threads until both dispatch units are available. The warp scheduler is
also responsible for ensuring that the dispatch unit cannot send out instructions for SP units that are
already busy[52]. A simplified diagram of the base components contained in a general GPU is shown
in Figure 3.
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Figure 3. The architecture of a general GPU

Many variations in GPU architecture exist due to the development of new embedded technology
and the variation in expected usage. Most GPUs are designed with the intent to be used near-
exclusively to speed up graphics processing and therefore may contain one or more tensor cores in the
SM to exchange computational accuracy for higher processing speeds [53]. Each SP is also designated
to process specific data types, most commonly for 32-bit integer (INT32), 32-bit floating point (FP32),
or 64-bit floating point (FP64) data types [54]. In addition to regular SPs, an SM may also contain a
special function unit that is able to process transcendental mathematical functions while maintaining
functional accuracy [55]. The SP clusters may contain multiple Load/Store (LD/ST) units which
increase the number of instructions performed per cycle by dispatching and retrieving data to and
from the SP multiple times per cycle [56]. An increasingly popular trend is the implementation of
multiple 32 SP clusters, each with its own dedicated control unit and L0 instruction cache on one SM
[57].

All graphics cards in the GPUs used for testing in the reviewed studies are provided by NVIDIA.
The specifications of the GPU cards used in each of the reviewed studies varies greatly. The base clock
speed, DRAM size, L2 cache size, and L1 cache size of the GPU card(s) used in each study can be
found in Table 1.
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Table 1. The GPU specifications of each of the reviewed papers.

Authors Base Clock DRAM L2 Cache L1 Cache

Abbasi & Rafiee 1127 MHz 2 GB 1024 KB 48 KB

Benko & Juhasz 1405 MHz 12 GB 3072 KB 48 KB

Bhimani et al. 706 MHz 5 GB 1280 KB 16 KB

Chang & Yuan 600 MHz 512 MB 64 KB -

Gajos-Balinska et | 574 MHz, 745 | 3GB,12GB 768 KB, 1536 KB | 64 KB, 16 KB

al. MHz

Gutiérrez et al. 706 MHz, 1006 | 5GB,2GB,2GB | 1280 KB, 512 KB, | 16 KB, 16 KB, 16
MHz, 980 MHz 512 KB KB

Jansson et al. 706 MHz, 1006 | 5GB,5GB,2GB | 1280 KB, 512 KB, | 16 KB, 16 KB, 16
MHz, 915 MHz 512 KB KB

Lescano et al. 700 MHz, 745 | 2GB,4 GB 256 KB, 512 KB 64 KB, 16 KB
MHz

Mitchell & Frank | 1417 MHz, 1050 | 12 GB, 4 GB 3072 KB, 3072 KB | 48 KB, 48 KB
MHz

Spandana et al. = = = =

Tsai et al. 706 MHz 5 GB 1280 KB 16 KB

Wen et al. 1417 MHz 12 GB 3072 KB 48 KB

3.2. CUDA Developer Toolkit

The CUDA Toolkit is a set of resources provided by NVIDIA Corporation to allow the devel-
opment of GPU-accelerated computations on NVIDIA brand GPUs. All GPU-accelerated processes
developed using the toolkit must use the Single Program Multiple Data (SPMD) parallelism techniques.
When using SPMD parallelism a singular program is executed, and the data processed by the program
is divided among multiple SPs. The resources provided by the toolkit include a GPU-syntax-modified
programming language, a custom compiler, and multiple libraries that can be used to access previously
developed GPU-accelerated programs.

Programs developed using the CUDA Toolkit are programmed in an extended variant of C++
named CUDA C++. The syntax of CUDA C++ follows the structural, memory, and procedural practices
of C++, with the addition of GPU-specific context [70]. The most notable additions and changes are
the specifications of kernels, multi-dimensional thread hierarchy, GPU-specific memory hierarchy, and
CPU-GPU interactions. All CUDA C++ programs and related files are compiled using the Nvidia
CUDA Compiler (NVCC) [71]. The NVCC also provides an array of compilation options to determine
how input files are interpreted.

In the context of the CUDA Toolkit, a kernel is defined as a function that can be run in parallel
over multiple SPs [72]. Typically the kernel is developed to perform a singular process without
dependencies on data resulting from the completion on other threads in different SMs [73]. When
a kernel is called by a program, the number of threads that run the kernel in parallel must also be
defined. If sequential instructions must be performed on data, such as in the case of aggregating data,
multiple kernels will be developed for the different instructions needed at various points in the data
processing pipeline, or the same kernel will be called multiple times by the main algorithm [73]. Due
to the language associated with classic computation, an entire algorithm that calls multiple kernels
may also be collectively referred to as a singular kernel.

Due to the large number of threads employed by a given CUDA application, threads can be
indexed as a one, two, or three-dimensional array. The thread arrays are called thread blocks, where
each block is contained to a singular SM, and the number of threads contained within the block is
limited by the hardware of the GPU utilized. As of CUDA v12.1, the maximum number of threads
that may be contained within a block is 1024 [70]. Alternatively, one can implement a kernel across
multiple thread blocks of the same size to utilize multiple SMs in parallel by creating a grid of thread
blocks [74].
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When choosing which memory a thread will access, it must be considered which memory spaces
are visible to a given thread. As each thread block is contained to a singular SM, each block is allocated
shared private L1 data and instruction memory caches [75]. All threads contained within a thread
block share both read and write access to the L1 cache, and threads in other blocks will not be able to
view this data. If using a graphics processing cluster (GPC), an architecture in which multiple SMs are
grouped together, a Distributed Shared Memory can be created to share data from the L1 caches of
different SMs [76]. To ensure that threads may run independently of each other, the L1 cache supports
atomized operations. All threads from all blocks have access to the L2 cache and will be able to publicly
view any changes made to this memory space. All threads also have read-only access to the global,
constant, and texture memory spaces. All three of these memory spaces remain immutable during the
entire run time of a GPU-accelerated program [77].

Unlike in traditional CPU-based programming in which only one type of processor is used, a GPU-
Accelerated program is developed with two or more types of processors in use [78]. All computing
devices contain a CPU that runs both ML and general tasks. In contrast, a GPU lacks the ability to
perform complex general tasks that are needed for the execution of a program [79]. CUDA operates
using heterogeneous programming in which kernels are executed on the GPU, and the CUDA C++
program is executed on a CPU [80]. In the instance of CUDA, a GPU is referred to as a coprocessor or
device, while the system CPU is referred to as a host. Because both the device and host have individual
DRAM space, these are allocated as the device and host memory respectively. All global, constant, and
texture data is contained within the host memory but may be transferred to the device memory by the
program. Likewise, data from the device memory is transferred to the host memory by the program.
In instances where data must be shared by both the device and host, a tool named Unified Memory
may be used to allocate a managed memory space that is accessible to both components [70].

4. Kernel Development

In this section, the setup and acceleration of algorithms performed in the 12 reviewed studies
are analyzed. The system setup, ML algorithms that are GPU accelerated, algorithm relevance to
biosignal processing, and datasets tested will be reviewed to provide a view of the factors that must be
considered when analyzing the speedup results from the GPU acceleration of the ML algorithms. A
summary of the system setup and GPU-accelerated kernels can be found in Table 2.

Table 2. The system setup of each of the reviewed papers.

Authors Kernel Algorithm Microarchitecture # SPs
Abbasi & Rafiee CUDA GA Maxwell 2.0 1024
Benko & Juhasz GPU FastICA Pascal 3840
Bhimani et al. GPU K-Means Kepler 2496
Chang & Yuan CUDT Tesla 112
Gajos-Baliriska et al. GPU FastICA Fermi, Kepler 448, 2880
Gutiérrez et al. SMOTE-GPU Kepler, Kepler, Kepler | 2496, 1536, 384
2.0
Jansson et al. gpuRF, gpuERT Kepler, Kepler 2496, 1536
Lescano et al. V] Fermi, Kepler 96, 1536
Mitchell & Frank GPU XGBoost Pascal, Maxwell 2.0 3584, 1664
Spandana et al. GPU Apriori = =
Tsai et al. GPU AdaBoost Kepler 2496
Wen et al. xgbst-gpu Pascal 3584

4.1. System Setup

While all the reviewed studies use the CUDA developer toolkit to develop GPU-accelerated
algorithms on NVIDIA-produced graphics cards, the system setups vary greatly from study to study.
The GPU hardware used by each study can be found in Table 1. Because GPU-accelerated programs
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are developed using a heterogeneous system, the GPU alone is not exclusively responsible for the
expected speedup results. The CPU used by the system is also an important factor, as CUDA C++
processes performed on the CPU may delay the onset of instructions to the GPU, creating a bottleneck
effect. In addition to considering the GPU and CPUs used in the reviewed studies, the operating
systems (OS), and computer type, all influence the final speedup results.

Within the reviewed studies, all CPUs used to test the speedup results and act as the host for
the CUDA C++ program is produced by Intel Corporation. Intel i-series processors are categorized
under three labels: budget i3 microprocessors, medium-range i5 microprocessors, and high-end i7
microprocessors. None of the reviewed studies document the usage of an Intel i3 microprocessor. The
Intel i5 microprocessor architecture is used by three of the reviewed studies [62,64,65]. Within the
architecture of the i5 microprocessor, three different CPU models are used. The Intel i7 microprocessor
architecture is observed in three studies, each using a different model [62,63,65]. The Intel Xeon
E5-series and Quad series CPUs microprocessors are also used in multiple reviewed studies. The Intel
Quad model Q6600 is used only by Da-Ming Chang & Shyan-Ming Yuan while the Intel Xeon E5
series microprocessors are used by X studies [58-63,65,66]. Within the Intel Xeon E5 microprocessor
architecture, 11 different CPU models are employed.

4.2. System Setup

Two of the reviewed studies provide the operating system used. Jansson et al. has used a Windows
OS over all three testing systems, using Windows 7 in two systems and Windows Server 2012 in their
third testing system. Linux is explicitly used by Tsai et al. as the OS for their testing system. The
chosen Linux distribution by Tsai et al. is Ubuntu 12.04.2.

Three types of computer systems are observed in the reviewed studies. Traditional desktop
computers are used by all of the reviewed studies except for Tsai et al., who only use a server. A
desktop provides a highly-customizable device in which many high-performance consumer-grade
components may be fitted at a wide range of price points. A desktop may provide high performance for
a consumer device if the right components are used; however, the results are expected to vary greatly
with individual setups. A laptop is used by Gutiérrez et al. to assess GPU-accelerated performance
across multiple computer types. A laptop will typically be expected to provide lower performance
compared to a desktop due to the power limitations incurred by a portable device. Lastly, Gutiérrez
et al., Tsai et al., and Lescano et al. all use a server as part of their test system setup. A server is
typically designed using industry-grade components that provide much better performance due to
their specialized design. A third-party virtual server, such as that used by Lescano et al., will assign
a subsect of the available CPU and GPU cores to an individual user; thus, the specifications of the
system may not be reflected in the performance obtained by the allocated processors.

4.3. ML Algorithms GPU-Accelerated

Multiple different widely-used ML algorithms have been GPU-accelerated in the reviewed studies,
each with varied applications toward biosignal processing. Not all GPU kernels were developed
explicitly for use in biosignal processing; rather, many are developed for use in the broader ML field
while also providing increased resources for biomedical computation. The ML algorithms that have
been GPU-accelerated using kernel development and the applications of the algorithms in biosignal
processing are discussed in this section.

Two of the reviewed studies develop GPU kernels to accelerate ensemble-based decision tree
algorithms [61,68]. Jansson et al. developed kernels for both the Random Forest (RF) and Extremely
Randomized Trees (ERT) algorithms, which have been named gpuRF and gpuERT, respectively. Chang
and Yuan developed a kernel to accelerate a Decision Tree (DT) algorithm named CUDT. All three of
these algorithms are based on ensemble learning ML architecture, in which multiple models with slight
variations are formed and compared to one another to determine the best classification result [42].
Using CUDA kernel capabilities, models can be built in parallel rather than sequentially before final
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model aggregation is performed to determine the classification of input data. In biosignal applications,
ensemble ML methods are regularly applied to classify physiological signals. This includes classifying
the intended motor movements of an individual using EEG mental command detection [81], the
movement of prosthesis devices by classifying muscle activity measured by EMG [82], or classifying
arrhythmia in heartbeats using EKG signals [83].

In addition to classical ensemble learning algorithms, many of the reviewed papers develop
kernels for boosted ensemble learning algorithms. Four of the reviewed studies developed a GPU
kernel to parallelize a boosted ensemble algorithm [58,63,65]. A Gradient Boosted Decision Tree (GBDT)
ML algorithm is accelerated by Wen et al. in a direct GPU kernel implementation. Mitchell & Frank
implemented a kernel to accelerate an Extreme Gradient Boost (XGBoost) algorithm. Another popular
boosted ensemble algorithm, Adaptive Boosting (AdaBoost), is accelerated by Tsai et al., while Lescano
et al. uses the AdaBoost-based Viola-Jones (V]) algorithm as the baseline for their kernel. Boosted
ensemble learning maintains the same basis as classical ensemble learning; however, models are
evaluated after each build instead of being collectively assessed at the end of the algorithm [84]. This
allows the creation of an ML algorithm in which the weaknesses of each individual model can be used
as input to improve the construction of future models [85]. Boosted ensemble methods are employed
in biosignal classification in the same areas as classical ensemble methods. Boosted ensemble methods
are increasingly popular in biosignal classification due to their model parameter-tuning capabilities
that may provide more accurate results [86].

The K-means and K-Nearest Neighbor (KNN) are two widely used distance-based algorithms
that classify input data by creating clusters of locally grouped data. A K-means kernel is developed
by Bhimani et al. to perform distance calculations in parallel. Gutiérrez et al. developed a Synthetic
Minority Over-Sampling Technique (SMOTE) kernel, a KNN-based ML algorithm used to increase
the number of available data points in one or more minority class(es) before training a classification
ML model [87]. While both kernels use distance-based algorithms, both have different applied uses
in biosignal processing. KNN is used to classify biosignals into distinct categories by evaluating the
degree of separation between samples or extracted variables[4]. SMOTE is used earlier in the ML
pipeline, being used to balance datasets with more samples available in some classes than others. By
adding in synthetic replica samples, an ML model trained using the balanced dataset will be less prone
to bias [87]. This serves to improve databases in which motor movement or mental tasks are performed
due to the abundance of resting phases present during typical data collection [88].

The Fast Independent Component Analysis (FastICA) algorithm is accelerated in both Benko &
Juhansz and Gajos-Baliniska et al.’s studies. ICA algorithms operate by grouping data based on the
statistical variation between data points in a system. The FastICA algorithm estimates components on a
one-by-one basis compared to traditional ICA methods of performing all calculations in one sequential
run [89]. Thus, FastICA provides faster performance on traditional multithreaded CPUs and has an
algorithm that is pre-dispositioned toward parallelization. FastICA is widely used in biosignal analysis
due to its ability to remove white noise from recorded signals [90]. Within the field of neurological
science, FastICA is amongst the most popular methods for removing unwanted artifacts from an EEG
signal [91].

Abbasi & Rafiee and Spandana et al. both accelerated ML algorithms which rely on the procedural
optimization of the provided dataset and sequential retraining of the ML models to provide associations
between datapoints. Abbasi & Rafiee accelerate a Genetic Algorithm (GA) using a GPU kernel. A
GA creates recombinations of data from the provided dataset to determine which data combinations
provide enhanced performance and repeats this process to create further enhancements from the
previous sets of best-performance data recombinations [92]. GAs are commonly used in biosignals
for the selection of an optimized feature set for use in classification ML algorithms [93]. The Apriori
Algorithm operates by locating related sets of data within the provided samples and then finding
further points of correlations within the set [94]. An Apriori algorithm allows the reconstruction of
biosignals for noise removal [95].
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4.4, Datasets

Multiple datasets are used to test the performance of the GPU-accelerated algorithms. Due to
the different applications and datatypes used in junctions with a given type of model, the use of
a singular dataset to compare GPU acceleration results will not result in an accurate portrayal of
acceleration capabilities. In addition to comparison considerations, the architecture of a CPU will
produce better results when simple vectors are processed in low quantities, whereas a GPU will be
expected to increase processing speed when large matrices of data are utilized. The datasets used in
each of the reviewed studies can be found in Table 3.

Table 3. The datasets used in the reviewed studies.

Authors Dataset Name Data Type Dataset Size
Abbasi & Rafiee PKA379, rbx711, | Cities 379,711, 1083
xit1083
Benko & Juhasz 13, tanh Numerical 128x2048, 128x40961
Bhimani et al. 300x300 pixels, | Image -
1164x1200 pixels
Chang & Yuan Spambase, Magic | Text, Numerical 4601, 19020, 130065
Gamma Telescope,
MiniBooNE
Gajos-Baliniska et al. - EEG -
Gutiérrez et al. ECBDL14, HEPMASS, | Numerical -
Higgs, Susy
Jansson et al. Census-Income, Bank- | Numerical, Text -
Marketing, Adult,
Mushroom, Spambase,
Kr-vs-kp, Eula-Freq,
Breast-Cancer-Wis,
Skin-Disorder, House-
Votes
Lescano et al. = Images 15000
Mitchell & Frank YLTR, Higgs, Bosch Numerical -
Spandana et al. - Transactions 100, 200, 400, 800, 1000
Tsai et al. Car Dataset Images 10640, 6090, 1119
Wen et al. Covetype, €2006, | Text, Numerical -
Higgs, Insurance
Claim, loglp, news20,
real-sim, Susy

5. Speedup Results

A wide array of ML algorithms are GPU-accelerated in the reviewed studies. When considering
the impact parallelization has on increasing the speed over a CPU-based ML algorithm, the factors
impacting the speed of the CPU-based algorithms should be considered. When running a CPU-based
algorithm, multithreading may be used to increase the speed at which certain processes are performed.
The time that each system may take to fit, train, and evaluate a model will differ due to the system
setup. As a result, the comparison of GPU time over CPU time is measured in terms of speedup
within the system instead of time in milliseconds. The speedup results for GPU performance over CPU
performance vary by study. The speedup is calculated using the formula:

CPU execution time
GPU execution time ’

GPU Speedup =

where both CPU and GPU execution time is measured in seconds. The speedup results of the developed
GPU kernels over their CPU-based algorithm counterpart are shown in Table 4.
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Table 4. The speedup of GPU kernels over CPU-based algorithms.

Authors Kernel Algorithm CPU Algorithm(s) Maximum Speedup
Abbasi & Rafiee CUDA GA GA 58.35
Benko & Juhasz GPU FastICA Matlab FastICA 67
Bhimani et al. GPU K-Means K-Means 30.26
Chang & Yuan CUDT Weka-j48, SPRINT 6,18
Gajos-Baliniska et al. GPU FastICA FastICA 13.45
Gutiérrez et al. SMOTE-GPU - -

Jansson et al. gpuRF, gpuERT wekaRF, cpuERT -

Lescano et al. V] - -

Mitchell & Frank GPU XGBoost XGBoost 6.62
Spandana et al. GPU Apriori Apriori 27018.37
Tsai et al. GPU AdaBoost AdaBoost 282.62
Wen et al. xgbst-gpu xgbst-40, xgbst-1 1.87,19.88

All GPU kernels provide a positive speedup over the CPU counterpart.

The speedup results for

the GPU kernel over the CPU algorithm are provided in nine of the reviewed papers. The greatest
speedup of 27018.37 was performed by Spandana et al. by comparing their GPU Apriori kernel to a
CPU-based Apriori algorithm on a 1000 transaction database. Tsai et al. obtain a best speedup of 282.62
when performing quantization feature extraction. The GPU FastICA by Benko & Juhansz provides
a speedup of 67 over the 8-core CPU Matlab implementation of the FastICA algorithm when using
a dataset of 128 channels being sampled at 2048 Hz for 20 seconds. Abbasi et al. obtain their best
speedup of 58.35 when testing their CUDA GA kernel against a CPU-based GA algorithm using a
population of 16384. Bhimani et al. obtain a speedup of 30.26 over a CPU-based K-means using K=240.
Wen et al. have a best speedup of 19.88 over the xgbst-1 algorithm and a lower speedup of 1.87 over
the xgbst-40 algorithms, both when using the news20 dataset. The CUDT algorithm by Chang & Yuan
obtained a speedup of 18 against the SPRINT algorithm and a speedup of 6 over the Weka-j48 decision
tree algorithm. Gajos-Baliriska et al. obtained a speedup of 13.45 with their GPU FastICA kernel over
the CPU-based FastICA algorithm. The lowest maximum speedup is achieved by Mitchell &Frank,
having a speedup of 6.62 over the CPU implementation of the XGBoost algorithm.
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Figure 4. The speedups obtained in the reviewed studies.
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Gutiérrez et al., Lescano et al., and Jansson et al. do not test their GPU kernels against the CPU-
based counterparts for speedup. The SMOTE-GPU kernel is tested on three GPU-enabled platforms, a
laptop, desktop, and server, to compare the performance across different system setups. The V] kernel
developed by Lescano et al. is tested across two different GPU setups to determine the impact of GPU
architecture on the execution time as opposed to comparing GPU and CPU performance. The GPU
kernel developed by Tsai et al. is compared to the V] kernel to compare the execution times in Lescano
et al.’s study. The kernel developed by Tsai et al. provides a faster execution time. Jansson et al. tests
the time efficiency of the GPU kernels and CPU-based algorithms over different datasets and different
forest sizes. They obtain the best time efficiency with gpuRF and gpuERT kernels across all tested
datasets.

6. Discussion

All of the reviewed studies provided a positive speedup for algorithms transferred from a CPU-
based algorithm toward a GPU kernel algorithm. The speedup ranges from 1.87 to 27018.37, indicating
significant decreases in execution time for a given algorithm on a GPU kernel. The majority of the
reviewed studies provided the largest speedups when tested with large quantities of data, scaling
linearly in execution time as opposed to the exponential increase in execution time experienced by
a CPU-based system under the same conditions. The algorithms with the best speedup times use
massively parallel computing methods in which multiple independent analyses are performed before
the results are pooled for secondary analysis. In particular, ensemble methods that perform voting
or averaging are shown to greatly benefit from GPU acceleration in comparison to algorithms with a
serial data processing approach. These results indicate scalability towards GPU-based kernels across a
wide array of algorithms with varying expected speedups.

The improved scalability towards large data formats observed in the reviewed studies showcases
the potential to improve data processing rates for biosignal data. Due to the ever-increasing number
of electrodes and improved sampling rates that are integrated into biosignal acquisition systems,
biosignal datasets can be expected to increase in size continuously. By being able to access systems
with enhanced large-data capabilities, the bottleneck experienced by traditional CPU-system can be
overcome. This is especially important for realizing real-time biosignal processing systems.

The processing time advancements offered by the GPU kernel development can be easily in-
tegrated into existing computer setups using market-available GPUs. The wide range of models
and price points of GPUs on the market also allow multiple audiences with a wide array of budget
and performance requirements to customize GPU acceleration into their system. This means that
biosignals processing applications can be easily transferred from existing CPU-based architectures
without incurring the licensing and financial restrictions associated with specialized medical devices
for increased processing speeds. The transition to GPU-based systems is not only limited to desktop
devices that can add a GPU to an existing system. The Nvidia Jetson series microprocessors contain
integrated GPUs that can execute CUDA kernels within a self-contained miniature system. These
devices provide the potential to integrate GPU-accelerated kernels into wearable biosignal processing
devices.

While GPU acceleration provides multiple proposed benefits, the barriers and limitations of GPU
computation should also be considered. Older computational systems may need new hardware to be
able to accommodate GPU devices, including upgraded motherboards, higher-capacity power supplies,
larger computer chassis, and improved computer cooling accessories. Because of the costs associated
with upgrading an old system, new systems may be purchased for a better return on investment. While
the inclusion of GPU units in new systems has become an increasingly popular practice, many may
contain AMD or Intel brand GPUs which are not compatible with the NVIDIA CUDA architecture.
When using AMD brand GPUs a user may use the AMD GPUFORT open source developers toolkit
to perform GPU acceleration of ML algorithms. Despite the availability of GPUFORT, AMD GPU
devices are not widely used for ML acceleration due to the relative infancy of AMD'’s toolkit relative to
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NVIDIA’s CUDA toolkit. As the GPUFORT toolkit is improved by AMD and used by more developers
the viability of this alternative may be better assessed.

7. Conclusion

The development of GPU kernels for ML algorithms with applications for biosignal processing
within the 12 reviewed studies showcases a promising direction toward improved biosignal data
processing capabilities. When the execution times of the GPU kernels for the selected algorithms are
compared to their CPU-based algorithm counterpart, the GPUs provide positive speedups in all cases.
The linear execution time with increased data dimensionality and size provides a means by which
to decrease the processing time needed for multi-channel, high sampling rate biosignal data. The
effectiveness of the developed GPU kernels paired with the accessibility and affordability of GPUs
indicates that a future shift towards GPU-based kernels for biosignal ML algorithms may reduce the
current biosignal system limitations. This is especially pertinent for real-time biosignal systems, which
can be made viable by using GPU-based systems to obtain real-time reactivity.
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