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Abstract

Heart rhythm disorders and related conditions are becoming increasingly com-
mon, due to the ageing population. Electrocardiogram (ECG) is the main diagnostic
method used to detect arrhythmia and determine the causes. Research has focused
on devices that allow data to be taken regularly and allow physicians to track
patients over longer periods. The device on which this thesis is based, SleepRider,
is a solution that runs an ultra-low power (ULP) detection and classification soft-
ware, written in C. This master thesis is focused on the pre-processing part of the
algorithm. In this work, ways to optimise the performance have been explored, with
the vectorisation having been identified as the ideal solution as it fitted well the
characteristics offered by microprocessors compatible with SleepRider, the Cortex-
M4, and Cortex-M33, after a careful study of the principles of parallelisation and
vectorisation. These core, designed by ARM, offer hardware features such as SIMD
intrinsics or vector processing extension. The master thesis studied the gradual
implementation of SIMD intrinsics, displaying a 45.47% decrease of cycle output
over the pre-processing algorithm. It highlights the potential of the parellising
algorithm and the perspective it offers for future works.
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Introduction

Cardiac arrhythmia is a condition that occurs when the heartbeats are no longer
regular or when their frequency speeds up or slows down abnormally. The normal
heart rate is 60 to 100 heartbeats per minute on a regular basis. [1] It is normal for
the number of heartbeats to increase naturally when the body is under stress, from
any type of physiological effort. However, they can cause a variety of troublesome
symptoms, such as dizziness or chest pain. Furthermore, if it is a phenomenon that
is re-occurring often, it can lead to severe consequences such as heart attack, heart
failure or sudden death. [2] Arrhythmia treatments exist. They include medication
or surgery to implant devices that control the heartbeat. [2]

The main problem lies with the diagnostic, or the lack thereof. Because it is a

phenomenon that happens naturally, arrhythmia can be easily overlooked. Apart
from that, the lengthening of the lifespan and the inversion of the age pyramid
means that the problems of cardiac arrhythmia will surely become more and more
present. [3] Therefore, the emphasis on being able to detect these arrhythmia early
and quickly is a major issue that must be addressed.
Electrocardiogram (ECG) recording is a tool of paramount importance when it
comes to diagnosing heart conditions. When the cardiac impulse passes through
the heart, electrical current spreads from the heart into the adjacent tissues: they
generate electrical potentials that can be recorded as an ECG, giving important
clinical information to the physician. For every beat, a normal ECG recording has
a P wave, a QRS complex and a T wave. Each type of arrhythmia is associated
with a pattern, and as such, it is possible to identify and classify its type. [4]

The detection of cardiac arrhythmia is the main motivation behind this thesis.
ECG recordings can last up to 24 hours. Manual detection of arrhythmia could
take a lot of time. Being able to recognize automatically those abnormalities in
the cardiac rhythm using only data from ECG would allow doctors to establish
quick diagnosis with minimal work. The detection algorithms that aim to measure
the heart rate by recognizing the QRS complexes consist of several stages. [5]

o Pre-processing: detection can be difficult due to multiple source of noise,
inter-patient variability and variation of the heartbeat morphology along time.



Different techniques are used to attenuate P and T waves as well as noise
and properly discriminate the QRS complexes.

» Segmentation: segmentation is necessary to allow the detector to make the
decision whether the data under study is a heartbeat or not.

e Learning: Knowing that an heartbeat is detected is not enough. The
goal remains arrhythmia detection. As such, learning algorithms grants the
detector the ability to determine what kind of beat has just been detected.

The SleepRider is a microcontroller unit (MCU) developed by an UCLouvain team
led by Rémi Dekimpe. They proposed an ultra-low power (ULP) microcontroller,
with a Cortex-M4 core, designed for arrhythmia classification system, aimed at
wearable monitoring device. [6] It runs a detection and classification software
that reaches a sensitivity of 82.6% and 88.9% for supraventricular and ventricular
arrhythmia respectively on the MIT-BIH arrhythmia database. [7]. The ULP
software implementation is based off the work of Pan and Tompkins [8]. They
described a detection algorithm that is tailored to run on system with low power
consumption constraints. It has then been adapted into a C software by Hamilton,
[9] which is the implementation used on the SleepRider.

This master thesis stemmed from the Dekimpe team work, since they aimed to port
their application to a new, more efficient core: the Cortex-M33. Therefore, this
study focused on the algorithm running on the SleepRider and made it the center
of its research question: how can the ULP implementation can be optimized?

Parallel computing is a type of computing architecture in which these problems
are broken down into smaller tasks and all of them are processed at the same time.
[10] It is almost necessary for applications where time and performance constraints
are important. This turns out to be an adequate answer to the research question.
The Cortex-M4 and Cortex-M33 cores offer opportunities to apply the principles of
parallelism and vectorisation to the algorithm through the use of SIMD instructions
for the former, and vector registers and operations for the latter. |11} 12| The title
of this thesis takes on its full meaning.

Point wise operation ——— Batch wise operation —— From 32-bit to 16-bit — SIMD 16-bit

Figure 1: Implementation workflow

The purpose of this work is to implement SIMD intrinsics into the algorithm, pre-
cisely on the pre-processing part because the digital filters used are a very potent
target to vector operations. The evolution toward this solution will be explained



thoroughly, with results and analysis being presented for every intermediary steps.
This work made it possible to obtain a final algorithm which allows a saving of
clock cycles of 45.47% globally on the pre-processing functions.

The contribution of this master thesis is divided in 5 chapters:

In Chapter contextualisation of the arrhythmia condition, through a
general description of the cardiovascular system, the actual condition and the
principles of ECG.

In Chapter [2| principles of arrhythmia are presented and followed by a state
of the art of the works centered around QRS detector. SleepRider is then
described, as well as the algorithm it is running.

In Chapter [3 the concept of parallelisation is studied.

In Chapter [ the implementation of the SIMD, and all the steps towards
that goal, is described. Results are provided and analysed.

In Chapter [5] the results from the implementations are summarized and the
final performances are then analyzed. Limitations, problems encountered and
further optimization possibilities are discussed.

The work is summarized in its conclusion, with a reminder of the final results.
Future perspectives are given.



Chapter 1

Cardiac arrhythmia :
fundamentals

This chapter gives an overview of the fundamental elements required to un-
derstand the master thesis. First, the context of cardiac arrhythmia is presented,
through a summary of the anatomy and the physiology of the cardiovascular system
(CVS). Arrhythmia is then properly presented, followed by an explanation on
electrocardiography (ECG) and its role in arrhythmias detection is highlighted.
Finally, the treatments available to date are then mentioned.

1.1 Cardiovascular system

The CVS is a subdivsion of the circular system, the other part being the
lymphatic system. Its goal is to ensure that blood can reach organs throughout
the body in order to proceed to vital biochemical exchanges (nutrients, proteins
and, most importantly, oxygen) or collecting metabolic waste. [13]

1.1.1 Structure

The two main components of the CVS are the heart and the blood vessels. The
former serves as a pump while the later transport blood throughout the human
body.

The CVS has two main subdivisions as shown on figure [L.1}

e Pulmonary circulation loops from the right heart, taking deoxygenated blood
to the lungs where it is oxygenated and returned to the left heart. Pulmonary
arteries carry the blood from the heart to lungs.



Lungs

Pulmonary
artery

Pulmonary vein

Pulmonary
circulation
A

> Venacava Aorta

Upper body
Liver

Hepatic vein Hepatic artery

Hepatic portal vein

Systemic
circulation
A

Stomach,
intestines I Vessels transporting
Renal vein oxygenated blood

Renal artery [ Vessels transporting
deoxygenated blood

Kidneys [ Vessels involved in
gas excange

§ Lower body

Figure 1.1: Cardiovascular system & subdivisions

» Systemic circulation loops from the left heart to the rest of the body, delivering
the oxygenated blood via the aorta and returning deoxygenated blood back
to the right heart via the upper and lower vena cava.

1.1.2 Anatomy of the heart

As seen above, the heart is the key component in the CVS, as it fulfills both
the role of replacing deoxygenated blood with oxygenated blood and handling the
distribution to the rest of the body.

The heart is a muscular organ that contracts to force blood through the body,
using the vessels as pathways. It sits behind the sternum, between the lungs, and
slightly to the left in the chest cavity: this compartment is called the pericardial
cavity, protected by the surrounding rib cage and the diaphragm.

The heart has 4 chambers: the upper chambers are called the left and right atria,
and the lower chambers are called the left and right ventricles. Each pair is
separated by a muscle called septum.

The blood flow within the heart is regulated by a system made up of one-way
valves. There are two atrioventricular valves (between atrium and ventricle): the
tricuspid valve (controls blood flow from the right atrium into the right ventricle)
and the mitral valve (allows oxygen-rich blood from the lungs to pass from the left
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Figure 1.2: Anatomy of the heart

atrium into the left ventricle). There are two semilunar valves (between ventricles
and vessels): the pulmonary valve (controls blood flow from the right ventricle into
the pulmonary arteries) and the aortic valve (allows oxygen-rich blood to pass from
the left ventricle into the aorta).

The heart wall is composed of three layers: the outer epicardium, protecting the
inner heart layers and assists in the production of pericardial fluid; the myocardium,
a muscular middle layer wall of the heart, which enables the contractions; the inner
endocardium — inner layer of the heart that lines the chambers and covers the heart
valves. It is surrounded by a double-layered membrane called the pericardium:
the outer layer surrounds the roots of major blood vessels and is attached by
ligaments to the spinal column, diaphragm, and other bodyparts while the inner

layer attached to the heart muscle.

1.1.3 Physiology of the heart

The heart essentially works as a pump. Contraction from the myocardium are
caused by electric impulses. The heart’s intrinsic regulating system is called the
conduction system: it generates and distributes the impulses over the heart to
stimulate myocardium fibers or cells to contract. The sinoatrial node (the heart’s
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"natural pacemaker") initiates each cardiac cycle with an excitation and sets the
pace for the heart rate. It is located in the superoposterior wall of the right
atrium. The excitation signal travels to the atria, inducing a contraction. The
atrioventricular node delays the signal until the atria are empty of blood. The
signal is then carried to the Purkinje fibers through the bundle branches. They
cause ventricles to contract. The pathway is shown in figure [1.3
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The cardiac cycle (shown on figure consists of a period of relaxation called
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diastole, during which the ventricles fill with blood, followed by a period of con-
traction called systole. The total duration of the cardiac cycle (including systole

and diastole) is the reciprocal of the heart rate. It is measured in beats per minute
(BPM). [16]

1.1.3.1 Diastole

During diastole, the ventricles relax and fill with blood returning from the
circulatory system. Then the atria contract, forcing more blood into the ventricles.
The incoming bloodflow is facilitated by both atrioventricular valves.

1.1.3.2 Systole

During systole, the ventricles contract and pump blood out of the heart, and
the atria relax and begin filling with blood again. During atrial systole, both atria
contract and force the blood from the atria into the ventricles. During ventricular
systole, both ventricles contract, blood is forced to the lungs via the pulmonary
artery, and the rest of the body via the aorta. [4], |17, |1§]

1.2 Electrocardiography

When the cardiac impulse passes through the heart, electrical current spreads
from the heart into the adjacent tissues. A small portion of the current spreads all
the way to the surface of the body. Electrical potentials generated by the current
can be recorded by placing electrodes on the skin on opposite sides of the heart.
The subsequent recording is called electrocardiogram (ECG).

The ECG signal is a valuable clinical tool, giving key information about the cardiac
cycle. Changes in the normal ECG pattern occur in numerous cardiac abnormal-
ities, including cardiac rhythm disturbances, inadequate coronary artery blood
flow and electrolyte disturbances. Equipment such as Holter monitors are used
to continuously record a patient’s ECG. [4, [19] The normal electrocardiogram
(show on figure is composed of a P wave, a QRS complex (almost always three
separate waves: the Q wave, the R wave, and the S wave), and a T wave. The
ECG is composed of both depolarization (the loss of resting membrane potential as
a result of the alteration of the polarization of cell membrane) and repolarization
(the restoration of the resting membrane potential after every depolarization event)
waves.

The P wave is caused by a depolarization of the atria before atrial contraction
begins. The QRS complex occurs when the ventricles depolarize before contraction,
as the depolarization wave spreads through the ventricles. The T wave is caused
by the repolarization of the ventricles, hence it is known as the repolarization
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wave. This process normally occurs in ventricular muscle 0.25 to 0.35 second after
depolarization. [4]

A sinus rhythm is any cardiac rhythm in which depolarisation of the cardiac
muscle begins at the sinus node. It is a necessary (but not sufficient) criterion of a
normal electrical activity and is characterised by the presence of correctly oriented
P waves on the electrocardiogram (ECG). [2] A Wiggers diagram (shown in figure
reports the events of the cardiac cycle. Blood pressure changes (aortic pressure,
left atrial pressure and left ventricular pressure) are represented in the first three
curves. The fourth curve depicts the changes in left ventricular volume, the fifth
the electrocardiogram, and the sixth a phonocardiogram (recording of the sounds
produced by the heart, especially the valves). The diagram explains the causes of
all the events shown. [20]

1.3 Arrhythmia

Arrhythmia are irregularities in the heartbeat, including when it is too fast
(tachyarrhytmia) or too slow (brachyarrhytmia).

1.3.1 Symptoms

The most common symptom of tachyarrhythmia is palpitation: an awareness of
an abnormally fast heartbeat. These may be infrequent, frequent, or continuous.
Some of arrhythmia are harmless. It is normal for the heart rate to speed up during
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physical activity and to slow down while resting or sleeping. Some others, however,
predispose to adverse outcomes: some types even result in cardiac arrest, or sudden
death.

Other symptoms of arrhythmia include anxiety, chest pain or discomfort, difficulty
breathing, dizziness or tiredness. [2]

1.3.2 Types

Some arrhythmia cause irregular heartbeat: tachycardia is when the heart rate
is too fast (above 100 BPM in adults) while bradycardia is when the heart rate is
too slow (below 60 BPM).

Supraventricular arrhythmias starts in the atria or the gateway to the lower
chambers. In the case of atrial fibrillation (most common type of arrhythmia), for
example, the lower chambers do not fill completely or pump enough blood to the
lungs and body. Ventricular arrhythmias start in the ventricles. [2]

The two types of arrhythmia that will be considered in this work are sinus rhythm
with supraventricular ectopic beat and ventricular ectopic beat. Figure shows
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both arrhythmia types disruption in comparison to the normal sinus rhythm.

1.3.2.1 Supraventricular ectopic beats

The supraventricular ectopic beat is characterized by its prematurity and the
lack of a P-wave (that can be masked by the T-wave of the previous beat). It
may indicate atrial irritability. Therefore, an increasing trend in supraventricular
ectopic beats may be an indicator or sign for atrial fibrillation.

1.3.2.2 Ventricular ectopic beats

The ventricular ectopic beat is characterized by its prematurity and a broad
irregular QRS complex. It may indicate ventricular irritability: an increasing trend
in ventricular ectopic beats may lead to ventricular tachycardia.

1.3.3 Diagnosis

Since the heart’s electrical signals control how fast your heart beats, a problem

with these electrical signals can cause an irregular rhythm. However, this also
means that such problem can be tracked down with electrical signals: this is where
the ECG reading can give physicians key diagnosis information.
Other methods can be used to track heart conditions. A cardiac computed tomog-
raphy (CT) scan is a non-invasive imaging test using X-rays to take many detailed
pictures of your heart and its blood vessels. It helps physicians to see problems
with the heart or blood vessels. [19, |21} 22]
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1.4 Treatment

Common arrhythmia treatments include medication, surgery to implant de-
vices that control the heartbeat and other procedures to treat problems with the
conduction system. [2]

1.4.1 Medication

The type of medication will depend on the diagnosis. In the case of a bradycardia,
atropine is given by emergency medical services. In the case of tachycardia, there is
a wider range of medication available, with their own averse effects: adenosine (can
cause some chest pain, flushing, shortness of breath, and atrial fibrillation), beta
blockers (can cause fatigue, stomach or sleep problems, and sexual dysfunction) or
various channel ions blockers (can cause digestive trouble, low blood pressure or
even increase the risk of cardiac arrest).

Most of the time, however, medicines are used together with other treatments, in
order to limit the secondary effects. |2, [23]

1.4.2 Procedures & devices

Several procedures not involving medication exist. They range from non-invasive
treatments to procedure requiring surgical intervention.
Cardioversion, for example, is a procedure that uses external electric shocks to
restore a normal heart rhythm. It is also known as defibrillation when it is done in
an emergency to prevent death. As a further attempt to treat abnormal electrical
signals, the pacemaker is a small device that sends electrical pulses in order to reset
the heartbeat to a normal frequency. It can be either temporary or permanent.
Catheter ablation is a procedure to stop abnormal electrical signals from moving
through your heart and causing an irregular heartbeat. Since it is an invasive
procedure, the risk included are bleeding, infection or heart damages. [24, [25]
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Chapter 2

ECG-base detection algorithm

Each type of arrhythmia is associated with a pattern, and as such, it is possible

to identify and classify its type. As ECG recordings can range from few seconds
to several hours, manual detection of arrhythmia would be a tedious work. Years
of research have yielded algorithm able to recognize heartbeats and classify using
ECG recording as source material. Being able to recognize those abnormalities in
the cardiac rhythm is pivotal in order to treat the disease.
The detection of cardiac arrhythmia is the keystone of this thesis. The medical
problem and the methods used to detect this cardiac condition have been presented.
Now there is one more constraint to consider: how can we continuously obtain
heartbeat data that will allow doctors to make a rapid diagnosis? This chapter
will introduce the research question which is, starting from an ultra low power
algorithm for arrhythmia detection, finding a way to optimize it.

This chapter will first present the general principles behind ECG-based detection
and provide state of the art of result given by prominent research groups. Then,
existing arrhythmia detection devices will be presented, with a focus on the
SleepRider, which is the basis of this master thesis. Finally, the ultra-low power
(ULP) software implementation relevant to this master thesis will be presented.

2.1 State of the art

Detection algorithms aim to measure the heart rate, which remains the first way
to assess the heart health state. The detection techniques that will be described
are centered around recognizing the QRS complexes, central element of the cardiac
cycle. The energy of heartbeats is mainly located in the QRS complex, so an
accurate QRS detector is the most important part of ECG analysis. [5]
Generally, a detection algorithm has several stages, from pre-processing the raw
signal to being able to classify it.
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2.1.1 Databases

In order to evaluate the performance of an algorithm, there are available
databases. The most utilized, and recommended by for the validation of medical
equipment, is the Massachusetts Institute of Technology — Beth Israel Hospital
Arrhythmia Database (MIT-BIH) [7] database for arrhythmia analysis. This
database contains 48 records of heartbeats at 360H z for approximately 30 min
of 47 different patients. However, several other databases have been widely used
in the development of QRS detection such as QT [26], or The American Heart
Association Database (AHA) [27].
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Figure 2.1: Example of annotations in a MIT-BIH database [28]

Due to the various number of databases, a standardization was developed by
AAMI, the ANSI/AAMI EC57:1998/(R) 2008 standard. [29] The majority of the
heartbeats in MIT-BIH have annotations associated with the type of heartbeat
(class and fiducial points). So, for example, the standards specify how annotations
should be done in the databases, as we can see in figure 2.1} The annotations are
explained in table [2.1]

AAMI recommends that only some types of arrhythmia should be detected, although
various types exist. Therefore, 5 classes have been defined, subdivised into 15
sub-classes that each stand for the recommended arrhythmia types, as illustrated
in table 2.1]

The measures recommended by AAMI for evaluating methods are: Sensitivity (Se),
Positive predictivity (+P), False positive rate (FPR) and Overall accuracy (Acc).
Because the last measure can be easily distorted by the results of the majority
class, the first three measure are the most relevant for comparison.
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Group Symbol Class

N or Normal beat
N L Left bundle branch block beat
Any heartbeat not categorized as SVEB, R Right bundle branch block beat
VEB, F or Q e Atrial escape beat

j Nodal (junctional) escape beat

A Atrial premature beat
SVEB a Aberrated atrial premature beat
Supraventricular ectopic beat j Nodal (junctional) premature beat

S Supraventricular premature beat
VEB \Y Premature ventricular contraction
Ventricular ectopic beat E Ventricular escape beat
F . F Fusion of ventricular & normal beat
Fusion beat

Por/ Paced beat
8nkn0wn beat f Fusion of paced & normal beat

U Unclassifiable beat

Table 2.1: Principal types of heartbeats present in the MIT-BIH. Adapted from
30]

2.1.2 Pre-processing

Because the heartbeat morphology varies with time and different sources of
noise can be present, QRS detection can be difficult, the first stage of a QRS
detector is the pre-processing stage. It uses different techniques to attenuate P and
T waves as well as noise. The choice of method to use depends on final the decision
method used. Algorithm focusing on the heartbeat segmentation from the ECG
signal tend to require a pre-processing that is different from the methods focusing
on the automatic classification of arrhythmias.|30]

2.1.2.1 Finite impulse response (FIR) filters

The most popular technique is the implementation of recursive digital filters
of the finite impulse response (FIR). [31]. It works well for the attenuation of
the known frequency bands (50/60Hz noise) but requires applying different filters
when the frequency of the noise is not known, which can distorts the morphology
of the signal and make it unusable for diagnosing cardiac diseases. One way to
solve this problem: the adaptive filter. It is a digital filter that has self-adjusting
characteristics. It can adjust its filter coefficients to adapt the input signal via an
adaptive algorithm. [32]
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2.1.2.2 Wavelet transform

A wavelet is a waveform localized in time, with limited duration and zero
average value. It has two basic properties: scale and location. Scale (or dilation)
defines how stretched or squished a wavelet is. This property relates to frequency
as defined for waves. Location defines where the wavelet is positioned in time.
There are several type of mother wavelets from which baby wavelets can be derived
by tuning the scale and location.

The equation for the Continuous Wavelet Transform (CWT) is [33]

(t=1)

T(a,b) = \}a /OOOO () dt 2.1)

The equation for the Discrete Wavelet Transform (DWT) is [33]

Ty = / T () mndt (2.2)

o0

where a is the dilation factor, b is the translation factor and psi is the wavelet
function.

The wavelet transform (WT) is a time-frequency transform: it is the convolution of
an input signal with a set of wavelets at a variety of scales. It is useful in extracting
features from non-linear and non-stationary signals in selected sub-bands. The
main challenge in wavelet transform domain is to select the correct number of
decomposition levels and to select a correct mother wavelet. The W'T addresses a
major shortcoming of the Fourier transform: its zero time resolution (despite the
existence of alternative solutions like the Short Time Fourier transform).
Detection algorithm based on wavelet transforms have been employed to remove
noise, since they preserve ECG signal properties.

2.1.2.3 Other methods

Other methods have also presented promising results on noise attenuation, such
as the use of nonlinear Bayesian filters [34] or an extended Kalman Filter based
algorithm [35], which incorporates the parameters of the ECG dynamic model .

2.1.3 Segmentation

The second stage is the segmentation stage. Through segmentation techniques,
the most widely used method for ECG data (]30]), it handles the most important
task: the determination of thresholds for the detection of the R peaks. Two
measures are considered for the evaluation of the accuracy: sensitivity, defined as

Sensitivity = TP/(TP + FN) (2.3)
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and positive predictivity, defined as
Positive Predictivity = TP/(TP + FP) (2.4)

where True Positive (TP) indicate the number of heartbeats correctly segmented,
False Positive (FP) indicate the number of segmentations that do not correspond
to the heart-beats and False Negative (FN) indicate and the number of segmenta-
tions that were not performed. [30] Although research groups have used several

Algorithm Year Methods Sensitivity PositivePredictivity
. Pre-processing: FIR o
Pan & Tompkins |8 1985 Segmentation: adaptive threshold 99.75% 99.54%
. . Pre-processing: FIR o o
Hamilton & Tompkins [36] 1986 Segmentation: adaptive threshold 99.69% 99.77%
. Pre-processing: WT .
| 0 G
Li 37 1995 Segmentation: adaptive threshold 99.89% 99.94%
Poli [38) 9002  Lre-processing: FIR 4 99.60% 99.50%

1 Segmentation: genetic algorithm

_— Pre-processing: WT 0 o
Martinez {39 2004 Segmentation: adaptive threshold 99.80% 99.86%
Bahoura 40| goo7  Lre-processing: WT 99.83% 99.88%

Segmentation: adaptive threshold

Table 2.2: Performance of some segmentation methods, results provided by authors.
MIT-BIH database is used in all methods. Adapted from [30]

different methods, the most popular segmentation one uses adaptive thresholds to
discriminate the locations of the QRS complexes, developed by Pan and Tompkins.
[8] The use of adaptive threshold in subsequent works are all based on this original
algorithm.

2.1.4 Feature extraction & selection

Any information extracted from the heartbeat used to discriminate its type can
be considered as a feature. Feature extraction is defined as the stage that involves
the description of a heartbeat, while feature selection consists in choosing a class
for this heartbeat; the one with most representative features with the objective to
improve the following classification stage.

2.1.5 Learning

Arrhythmia heartbeat classification, the final step, is based upon the set of
features defined from the heartbeats. Classical artificial intelligence algorithms
from machine learning and data mining domain are used for this task. [30]
Learning algorithms are out of the scope of this master thesis, which focused on
optimizing the pre-processing and segmentation parts, although they remain a
pivotal part of the detection scheme.
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Features Normal value Normal variation

P wave 110 ms + 20 ms
PQ/PR interval 160 ms + 40 ms
QRS width 100 ms + 20 ms
QT interval 400 ms + 40 ms
Amplitude of P 0.115 mV + 0.05 mV
Amplitude of QRS 1.5 mV + 0.5 mV
ST level 0 mV + 0.1 mV
Amplitude of T 0.3 mV + 0.2 mV

Table 2.3: Typical features of a normal ECG signal (Healthy adult). Adapted from
[41]

2.1.5.1 Support vector machine (SVM)

Optimal hyperplane in the feature space

Feature space

Input space

Figure 2.2: SVM mapping of the input space into an high-dimensional feature
space [42]

Support Vector Machines (SVM)s) are a family of supervised machine learning
algorithms that can be used to solve classification, regression and anomaly detection
problems. It is popular due to its computational efficiency and robustness.

Given input vectors x, SVM maps them into an high-dimensional feature space
Z through pre-chosen a non-linear mapping. In this space, an optimal separating
hyperplane (a subspace whose dimension is one less than its ambient space [43] )
is constructed, usually a maximum margin hyperplane, and serves as a decision
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boundary. Support vectors are the data points that are closer to the hyperplane
and influence the position and orientation of the hyperplane. [42]

SVMs are the most popular classifiers found in literature for ECG-based arrhythmia
classification methods. [30] The source code used for this master thesis uses it as
well. SVM, however, presents a negative behavior for imbalanced classes. Thus,
using balanced databases for the training phase is vital.

2.1.5.2 Multilayer perceptrons (MLP)

In the context of arrhythmia detection, the most used artificial neural network
framework are multilayer perceptrons (MLP). [30] A MLP is a neural network using
features as an input vector and giving decisions as an output vector. In between
those two vectors are multiples hidden layers.

A perceptron in itself is a linear classifier, described in the following equation.

F(w"w+b) = flowe; +1) (2.5)

, where x; are the inputs, w; are the weight of each inputs, b is the bia associated
to the layer and f is the activation function. It computes its input on basis of
linear combination of all the inputs from the previous layers. Thus, contrary to a
perceptron, a MLP uses nonlinear activation functions, granting the network the
ability to distinguis data that are not linearly separable.

2.1.5.3 Linear discriminant (LD)

The linear discriminant (LD) is a statistic classification method based on
discriminant functions, which are estimated from a training set and try to linearly
separate the feature vector (with a weight vector and a bias for adjustment). The
criteria for calculating the weight vector varies according to the model adopted,
with maximum-likelihood criteria being a common choice, such as in the following
equation. [44]

Jj = argmax; f;(x) (2.6)

where j is the class and f is the discriminant function.

It is a classifier that prevails for its simplicity and for the fact that they did not
want to emphasis the classifier, but the proposed features instead. It requires less
training time, if compared to SVM and MLP, as it is not iterative. That is, its
simply calculates statistics from the training data and then,the classification model
is defined. LD can also easily overcome the problem of imbalance in the training

set mentioned in section [2.1.5.1} [45]
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‘Work Year Feature set Classifier Evaluation Se +P
RR intervals ;
. | . SEVB: 82.6% SEVB: 34.4%
Dekimpe [6 2019 DWT. SVM Inter-patient VEB: 88.9%  VEB: 80.8%
Raw signal samples
. | RR intervals . SEVB: 83% SEVB: -
Villa, |46} 2020 Value mode decomposition SVM Inter-patient VEB: 88% VEB: 84%
| RR intervals . SEVB: 66.4% SEVB: 66.4%
Chen 47 2019 Raw signal samples MLP Inter-patient VEB: 90.7%  VEB: 85.5%
RR intervals
) . ] DWT / s SEVB: 78.1% SEVB: 49.7%
Mondéjar 48| 2019 High order statistic SVM Inter-patient VEB: 94.7%  VEB: 93.9%
Morphological indicators
. . SEVB: 62.7% SEVB: 61.2%
Guo [49] 2019 Raw signal samples MLP Inter-patient VEB: 91.3%  VEB: 88.3%
. | . . SEVB: 78.4% SEVB: 84.4%
Wu [50] 2019 Raw signal samples MLP Intra-patient VEB: 921%  VEB: 95.5%

Table 2.4: Performance of arrhythmia classification algorithms. MIT-BIH database
is used in all methods. Adapted from [6]

2.2 Existing arrhythmia detection devices

Table |2.4] summarizes some reviewed references of methods aiming at heartbeat
classification. The cited methods use different preprocessing approaches.

2.2.1 SleepRider

The SleepRider is a MCU developed by Dekimpe et al that proposed an ultra-
low power microcontroller designed for arrhythmia classification system, aimed at
wearable monitoring device. It includes a single-channel analog front-end (AFE) for
ECG signal acquisition and a digital back-end (DBE) to execute SVM classification.
The system has been prototyped in a 28-nm fully-depleted silicon on insulator
3.1 — mm? chip. [0
It is relevant to this master thesis because the software application is the same
as the one used in the SleepRider. The heartbeat detection algorithm used is
from Pan and Tompkins [§] while the classifier used is a hierachical SVM with
radial basis function (RBF) kernel, with the potential classes being normal beat,
supraventricular ectopic beat, or ventricular ectopic beat.

2.3 Ultra-low power software implementation

The algorithm used in the SleepRider, which will be the one explored in this
master thesis, can be seen in two parts: beat detection and beat classification.
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a) Hardware implementation
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Figure 2.3: System architecture of the SleepRider SoC [6]

The first part is based upon an improved version of the Pan and Tompkins
algorithm, proposed by Hamilton and Tompkins. [36]
For the second part, each time a beat is detected, a vector of features is extracted,
based on the beat interval, the downsampled signal, and the wavelet transform
coefficients. Then a SVM with a radial basis function kernel classifies the
heartbeat as a normal beat, a supraventricular ectopic beat or a ventricular ectopic
beat.
The ECG signal used to provide the plots are from a normal (without noise) ECG
from the MIT-BIH database. It has 4000 samples.

2.3.1 Beat detection

The Pan and Tompkins algorithm is a real-time algorithm for detection of
the QRS complexes of ECG signals. It applies a series of filters to highlight the
frequency content of this rapid heart depolarization and removes the background
noise. Then, it squares the signal to amplify the QRS contribution, which makes
identifying the QRS complex identification more straightforward. All of this work
provides a time limited estimate of the energy in the QRS frequency band. Then,
thresholds are calculated and used to only consider the signal peaks and eliminate
the noise peaks. [8] In the case of the Hamilton and Tompkins algorithm, they
share the same pre-processing step but differ in the decision stage. The focus is
on optimizing decision rules by testing the performance of three estimators (mean,
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Figure 2.4: Process flow of the beat detection |9] & input vs output of the pre-
processing step

median and an iterative peak level) to place the adaptive threshold. stage. [36]
The software implementation is based upon specifications described in [9]. The
pre-processing filters use a ring buffer [51] in order to store the previous samples
and re-use according to each filter specification. It is first in, first out logic fixed-size
buffer , interpreted as an array in the C implementation. The size of each ring
buffer is equal to the filter it is used for.

2.3.1.1 Band pass filter

The first operation of the neat detection algorithm is the band pass filter (BPF).
It reduces the influence of muscle noise, 60 Hz interference, baseline wander, and
T-wave interference.
As shown in figure [2.4], instead of using a BP filter, a cascade of a low pass filter
(LPF) and a high pass filter (HPF) has been used. The result is effectively a
filter with a pass band from 5 to 12 Hz, which is close to the desirable passband
to maximize the QRS energy of approximately 5-15 Hz. [8] The filters used are
real-time recursive filter in which poles are located to cancel zeros on the unit circle
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Figure 2.5: Before and after the BPF

of the z plane. For the chosen sample rate of 200 samples per second, a band pass
filter could not be designed, hence the use of cascaded LP and HP filter.

Low pass filter The theoretical transfer function of the second-order low-pass

filter is [§]
1
H(z) =y (2.7)

with an amplitude response of

sin?(3wT)
oT
2

|H(WT)| = (2.8)

sin?(
where T is the sampling period. The difference equation of the filter is

y(nT) =2y(nT —T) —y(nT —2T) + x(nT) — 2z(nT — 6T") + x(nT — 12T") (2.9)
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The cutoff frequency is around 11Hz and the gain is 36, with a 6 samples delay.
The implementation of the filter as a digital infinite impulse response (IIR) filter
gives the following equation (the implementation is explained in [52])

y[n] =2xy[n —1] —y[n — 2] + x[n] — 2 x x[n — 24ms| + x[n — 48ms]  (2.10)

The delay is now equal to half the length of the low pass filter, minus 1. [9] chose
10 as the length of the LPF, so there is a 4 samples delay. The length of the ring
buffer is 10.

High pass filter The design of the high-pass filter is based on subtracting the
output of a first-order low-pass filter from the samples of the original signal. The
transfer function is [§]

—1+322710 4 2732

H(z) = 2.11
()= = (211)
with an amplitude response of
(256 4 sin®(16wT))2
|H(WT)| = 7 (2.12)
cos(%-

where T is the sampling period. The difference equation of the filter is
y(nT) = 32x(nT — 16T) — (y(nT —T) + x(nT) — x(nT — 32T)) (2.13)

The cutoff frequency is around 5H z and the gain is 32, with a 16 samples delay.
The implementation of the filter as a digital IIR filter gives the following equation
(the implementation is explained in [52])

y[n] = y[n — 1] + z[n] — x[n — 128ms] (2.14)

z[n] = x[n — 64ms| — y[n] (2.15)

The delay is now equal to half the length of the high pass filter minus 1. [9] chose
25 as the length of the LPF, so there is a 12 samples delay. The length of the ring
buffer is 25.

2.3.1.2 Derivative

The resulting signal is then differentiated to provide the QRS complex slope
information. The theoretical implementation uses a five-point derivative, with the
following transfer function [8]

1
H(z)= 8—T(—z_2 — 2271+ 221 + 2% (2.16)
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Figure 2.6: Before and after the derivation

where T is the sampling period. The amplitude response is

|H(wT)| = 81T(5in(2wT) + 2sin(wT))

(2.17)

The frequency response of this derivative is nearly linear between 0H z and 30H z
and there is a two samples delay.
The implementation of the filter as a digital IIR filter is a two-tap filter (the
implementation is explained in [52])

y[n] = z[n] — z[n — 10ms]

(2.18)

The delay is now equal to half the length of the derivative filter. []g[] chose 2 as the
length of the filter, so there is a 1 sample delay. The length of the ring buffer is 2.
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2.3.1.3 Absolute value

In , the filtered signal was squared rather than rectified with an absolute
value operation. This operation caused the detector to be gain sensitive. In ﬂgﬂ
implementation, the absolute value was used. It reduced the gain sensitivity,
improving the performance of the algorithm.

2.3.1.4 Moving-window integration

Before moving average window
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Figure 2.7: Before and after the rectified moving average window

The purpose of moving-window integration is to obtain waveform feature
information in addition to the slope of the R wave. The relationship between
the moving-window integration waveform and the QRS complex is shown in figure
2.8t the QRS complex corresponds to the rising edge of the integration waveform.,
such as the time duration of the rising edge is equal to the width of the complex.
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.

Figure 2.8: Relationship of a QRS complex (above) to the moving integration
waveform (under) [§]

It is calculated from [§]

Y(nT) = - (a(nT — (N = )T) + 2(nT — (N =2)T) + .. +a(aT)) (219

where N is the number of samples in the width of the integration window and T is
the sampling period. The number of samples in the moving window is important:
it should be approximately the same as the widest QRS complex possible. If the
window is too wide, the integration waveform will merge the QRS and T complexes
together and if it is too narrow, some QRS complexes will produce several peaks in
the integration waveform. For a sample rate of 200 samples/s, the window is 30
samples wide (150ms) in [§].

The digital filter implementation is computed from [52]

yln] =xn — N]+zn— (N —1)]+ ...+ x[n — 1] + z[n] (2.20)
z[n] = y[n]/N (2.21)

The implementation from [9] uses a 16 (N) samples wide window (80ms).

2.3.1.5 Detection

Each time a peak is detected it is classified as either a QRS complex or noise,
or it is saved for later classification. The algorithm uses the peak height, peak
location and maximum derivative to classify peaks.

Threshold estimation The detection thresholds are calculated using estimates
of the QRS peak and noise peak heights. They are automatically adjusted to float
over the noise. [8] computes two thresholds, one high and one low, as follow

SPK =0.125+ PEAK + 0.875 « SPK (2.22)
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NPK =0.125 % PEAK + 0.875 « NPK (2.23)
THRESHOLDy = NPK + 0.25 « (SPK — NPK) (2.24)
THRESHOLD;, = 0.5+ THRESHOLD,, (2.25)

where PEAK is the overall peak, SPK is the current estimate of the signal peak,
NPK is the current estimate of the noise peak, THRESHOLDy is the high
threshold and THRESHOLDy, is the low threshold. The low threshold is possible
thanks to the improvement made by the BPF.

Two R-to-R intervals are computed in [§]. The first one is the average of the eight
most-recent beats and the second one is the average of the eight most-recent beats
having R-to-R intervals that fall within certain limits. The reason for maintaining
these two separate averages is to be able to adapt to quickly changing or irregular
heart rates.

RRAVERAGE, = 0.125 % (RR,_7 + RRy_g + ... + RR,,) (2.26)

RRAVERAGE, = 0.125 % (RR, .+ RR, 4+ ...+ RR.) (2.27)

where RR,, is the most-recent R-to-R and RR), is the most recent R-to-R interval
that fell between the acceptable low and high limits. Since |9] only uses the first
R-to-R interval, those limits calculation won’t be detailed but can be found in [§].

Initialisation In [9], the beat detector must begin with some initial threshold
estimate. The maximum peaks in eight consecutive 1-second intervals and are used
as the initial eight values in the QRS peak buffer,while the initial eight noise peaks
are set to 0. Then, the initial threshold accordingly. The eight most recent R-to-R
intervals are set to 1 second.

When no beats are detected for eight seconds, the detection thresholds are reset in
the same way that they were initialized.

Detection rules Using the calculated thresholds and R-to-R interval, the detec-
tion rules from the ULP implementation are the following, described in [9]:

1. Peaks are held for 200ms to avoid multiple detection on one peak. Everything
else in this time window is ignored

2. If a peak occurs, check if it represents a baseline shift. It is the case if the
raw signal contained both positive and negative slopes

3. If a peak occurs, check if it represents a T-wave. It is the case if it has
occurred within 360ms of a previous detection and the maximum derivative
in the raw signal is at least half the maximum derivative of the previous
detection
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4. If a peak is under the detection threshold (THRESHOLDy), it is treated
as noise.

5. There is an emergency rule in case no peak has been detected in 1.5 R-to-R
intervals (RRAVERAGE): the lower threshold (ITHRESHOLD),) is used
and the peak followed the preceding detection by at least 360 ms is classified
as a QRS complex

Detection delay When a QRS complex is detected, the beat is stored in a buffer
and a detection delay is computed. Delay will determine if a sufficient time window
as passed to proceed to feature extraction Delay is the number of samples that
have occurred since the last QRS complex occurred. If a peak is detected, the
delay will be the sum of the filter delays, the moving window integration width,
and the 200ms delay required for rule 1 for a total delay of 395ms. If the peak is
found using rule 5, the delay will be this delay plus half the average R-to-R interval.
Consequently, the detection delay can easily vary.

2.3.2 Beat classification

The classification starts when the detection delay is sufficient and if at least

two beats are stored in the beat buffer. First the features will get extracted,
then the SVM classification will output the class of the beat. Finally, amplitude
normalisation occurs for each classified beat.
The 3 classes considered are the normal heartbeats with sinus rhythm (N), supraven-
tricular ectopic beats (S) and ventricular ectopic beats (V). As explained in[1.3.2]
the characteristics of these arrhythmia are quite different: the V beat has a differ-
ent QRS-complex shape and S beat is morphologically close to the N beat, only
a missing a P-wave. Thus, the features used to distinguish those classes must
therefore be different in each case.

2.3.2.1 Features extraction

Automated feature selection is performed for each classifier stage based on the
same starting feature set. The feature vector components is summarized in table
2.5 the initial feature set includes 122 elements, from which the features have been
selected for each class. [0]

o R-to-R intervals, R-to-R interval average and the difference to the average
are used to highlight the heart rate variability

o Morphological information of the beat is extracted using downsampled raw
signal samples at the location of the P and T waves and the QRS complex
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Feature description Initial V S
RR; 3 0 2
R-to-R RRaverage 1 0 0
RRz - RRaverage 3 0 2
P wave 12 0 0
Samples QRS complex 12 1 0
T wave 6 1 0
L2 detail 35 2 0
L3 detail 21 4 2
bWT L4 detail 14 2 2
L4 approximation 14 0 1

Table 2.5: Initial and selected feature sets distribution, adapted from |[6]

o Spectral information is obtained using the coefficients of a DW'T obtained
with a Daubechies 4-level decomposition [33]
2.3.2.2 SVM classification
RBF kernel has been chose because it performs better than linear and polynomial
kernels, especially for discriminating ventricular arrhythmia. [6]
2.3.2.3 Amplitude normalisation

The purpose of amplitude normalisation is to standardise the variability of
amplitudes that may occur from patient to patient. An adaptive filter is used on
the input sample in order to get a relatively constant amplitude.
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Chapter 3

Parallelisation

This chapter approaches the concept of parallelisation, which is a central point

behind the optimizations that will be presented in chapter [d] Parallelisation is
almost necessary for applications where time and performance constraints are
important. The application on which this thesis focuses needs to consume as
little energy as possible while maintaining an adequate level of performance: it
is therefore required to adopt the necessary optimisation techniques compatible
with the hardware architecture on which the algorithm runs. Thus, the concept
of parallelisation, and the resulting vectorization, are very relevant; they are the
answer to the research question about how to optimize an ULP arrhythmia detection
algorithm.
The first part of this chapter introduces to the motivations behind the use of
parallel programming and its paradigms. Then, the concept of vectorization is
widely explored from different points of view. Finally, two ARM architectures
are presented: the current architecture upon which the application is built and
the target architecture where optimization and parallelisation could prove to most
fruitful.

3.1 Parallelism programming

Large problems can often be divided into smaller ones, which can then be solved
at the same time. Parallel computing is a type of computing architecture in which
these problems are broken down into smaller tasks and all of them are processed at
the same time, instead of running all the tasks one at a time. [10]
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3.1.1 Motivations

The main benefits of parallel computing is the increase of performance. A
slow, sequentially executing program, can run much faster when it is built using
the concepts of parallel computing. It is increasingly relevant for all computing
platforms; most electronic devices sold today include multiple processing cores
and require parallel programs to yield the best performance. Moreover, high
performance computing (HPC) required the use of computing paradigms able to
provide answer to challenges the resources at hand. While HPC is commonly
associated with scientific research at supercomputing facilities (meteorology and
such), it also encompasses applications requiring a significant amount of data
processing or low latency responses. [10]
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Figure 3.1: Graphical representation of Amdhal’s law [53]

Assuming that a task can be divided into a parallelizable part and a serial, non-
parallelizable part, Amdhal’s law (figure [53]) expresses the theoretical evolution
of the speedup in latency that can be expected of a system whose resources are
improved.

Tserial (1 - p) + p 1
Statency (M) = = = 3.1

' y< ) Tparallel (1 - p) + % (1 - p) + % ( )

where T is the execution time, n is the number of available cores, p is the fraction

of the execution time of the task that can be made parallel and (1 — p) is the

32



fraction of the execution time of the task that remains serial. [53]

Ideally, the speedup from parallelisation should be linear: doubling the number of
processors should halve the runtime. Amdahl’s Law implies that there’s a limit on
how much faster the original task can be processed by using additional cores: the
speedup potential is limited by the serial part of the task, since it does not benefits
from the increase of available cores. Indeed, as the number of cores available
increases, the speedup can be rewritten as follow

1
Slatency (TL) - W

Therefore, the execution time will be ultimately limited by the unparallelizable
part of the task. [53]

(3.2)

Gustafson's Law: S(P) = P-a*(P-1)
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Figure 3.2: Graphical representation of Gustafson’s law [54]

However, Amdahl’s law only applies to cases where the problem size is fixed. In
contrast, Gustafson’s law (figure [54]) shows that scaling up a problem is primarily
limited by the number of available cores n, giving us a more realistic and optimistic
assessment of parallel computing performance. It originates from Gustafson’s
observation that problems to scale up to match the available computing power,
meaning that the parallel portion of a program increases as the number of cores
available increases.

Tserial (]- - p) + np
Slaenc n)= = np —p)+np 3.3
! y( ) Tparallel (]- - p) + Wp ( ) ( )
The unparallelizable portion of the program limits performance in both cases, but
it is more detrimental when the problem size cannot scale with the number of cores.
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[54]
Another reason to parallelize a task is to use more memory than is available on a

single device. Parallel processing allows programs to use the massive amounts of
memory available on supercomputers. [55]

3.1.1.1 SleepRider benefits
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Figure 3.3: SleepRider tasks workflow & energy breakdown [6]

In the SleepRider arrhythmia detection application, there is wake-up interrupt
every time a sample of an ECG is sent to the beat detection algorithm. As shown
in [3.3] the wake-up routine accounts for around 20% of the power consumption.
By applying the concepts of parallel computing, there is a possibility to reduce the
amount of wake-up interrupts, which in turn may reduce the power consumption.

3.1.2 Paradigms

Instruction-level parallelism, thread-level parallelism and data-level parallelism
are three types of parallelism that can be exploited by computers to gain higher
performance. The first approach attempts to reduce the runtime of a program
by executing multiple instructions from the same program concurrently, while
the second approach executes independent programs or parts of a single program
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simultaneously using different channel of execution, called threads. In the third
approach, instructions from a single program operate concurrently on several data.
Flynn’s taxonomy is a classification of computer architectures which shows different

Single datum Multiple data
: : : SISD SIMD
Single instruction . L
typical processor | vectorization
Multiple instructions | MISD M[M.D
multicore processor

Table 3.1: Flynn’s taxonomy

types of parallel computing architectures. [56]

SISD A SISD processor is sequential and exploits no parallelism in either the
instruction or data streams. A single instruction is executed at a time, and data
elements are also dealt with one by one.

SIMD A SIMD processor differs from the SISD by incorporating vector processing
into its operations: the same instructions is executed in parallel in different data.
SIMD processing being the main field of application this master thesis, it will be
detailed further in section [section:simd)].

MISD MISD is an uncommon architecture. One example of a MISD processor is
a set of digital filters operating in parallel on a stream of data.

MIMD MIMD computing consist of separates nodes operating independantly
while being connected with efficient and high speed communication network. Mem-
ory space is either shared or distributed.

3.2 Vectorization

Vectorization is the process by which mathematical operations found in loops
are executed in parallel on special vector hardware found in central processing
unit ) and coprocessors. Vector instructions are a primary example of SIMD
parallelism in modern CPU, where parallelism is achieved by executing operation
on shorter operands (8-bit, 16-bit, 32-bit operands depending of the architecture).
[56]

This section will discuss vectorization from three perspectives. The hardware
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perspective will analyze how special registers and functional units allow parallelism
for vector operations on arrays of data. Then, the compiler perspective will explore
how compilers see and try to vectorize computations from software codes. Finally,
the user perspective will analyze how a code can be written in a manner that allows
the compiler to deduce that vectorization is possible.

3.2.1 Hardware perspective
3.2.1.1 Vector processing

A vector processor implements an instruction set that operates on one dimen-
sional arrays, called vectors. Coincidentally, the size of its registers is adapted to
these vector operations. Number of data elements per vector is referred to as the
vector length. In a vector processor, instruction operates on multiple data elements
in consecutive time steps. Thus, vector functional units are pipelined and each
pipeline stage operates on a different data element. The architecture of a vector
processor answers constraints that are inherent to vectors computations.

« It must be able to load and store vectors.
« It must be able to operate on vectors of different lengths.

o It must be able to track vector elements stored apart from each other in
memory.

In order to solve the first and most important constraint, a typical vector processor
has between 8 and 32 registers, either 64- or 128-bits long, called vector registers.
They differ from scalar registers and are only relevant when vector instructions are
used. A vector length register solves the second issue while the third issue is solved
by a vector stride register. The main drawback of this type of processing is that
memory can easily become a bottleneck.

3.2.1.2 SIMD processing

A SIMD processor performs the same instruction on multiple data points
concurrently. It aims to take advantage of instruction-level parallelism. It can be
seen as the successor of vector processors, because instruction operates on multiple
data elements at the same time. In array processor, each parallel processing unit
has its own separate and distinct memory and registers. In a pipelined processor,
the parallel processing units share the same memory space. [56|
This type of processor requires explicit SIMD instructions from the programmer,
so the code must be written with SIMD considerations in mind.
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3.2.2 Compiler perspective

Most compilers are capable of vectorizing code automatically. However, knowing
how the compiler will perform it is a huge advantage when designing a software
application. The relevant compiler is the ARM Compiler, since the target hardware
are built around ARM microcontroller. The ARM Compiler for embedded generates
code for running fast, compact, and energy-efficient applications on ARM cores.
57]

The optimization level is the degree to which the compiler will optimize the code
it generates and is controlled by the —O flag. For the ARM compiler, automatic
vectorization occurs at an optimization level of —O2 or higher. [58] The assembly
instructions available depends on the target architecture: both ARMv7 and ARMv8
vectorization capabilities will explained in section

Unlike GCC (the very popular GNU compiler), ARM Compiler does not provide
compilation reports. It means that assessing whether vectorization happened
requires analysis of the assembly code both with auto-vectorization on and off.

3.2.3 User perspective

Enabling automatic vectorization capabilities of compilers does not mean that
nothing can be done to vectorize code other than making sure that the right flag is
enabled when compiling. It is important to be aware of the challenges the compiler
is facing in order to make it easier.

3.2.3.1 Vectorizable loops

Loops are the key target of the compiler when it is trying to vectorize a code.
There are basics requirements for vectorizable loops for most compilers. [59]

Countable loop The total number of loop iterations must be known immediately
before the loop executes, in order to be unrolled. As a consequence, break statement
should be avoided. Exiting the loop should not be an option, otherwise, the compiler
won’t know the number of iterations at runtime.

No function calls From an assembly point of view, a function call is implemented
as a series of complicated steps: a new stack has to be created, variables have to be
pushed on it, jumping to a location in memory and executing instructions present
at that location. None of these operations are vector operation, so function calls
makes a loop ineligible - as well as potentially harming performance.

There is an exception: function calls that the compiler can replace with inline
vector instructions such as math functions sin(), cos(), etc.
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Straight control flow There should be no jumps or branches such as switch
statements. Branching and conditionals often cannot be represented as vector
instructions. Masked assignment is allowed: in that case, the compiled code follows
both branches of the conditional (the then and the else clauses) using vector
instructions. [55]

3.2.3.2 Data dependencies

Data dependencies occur when a statement refers to a variable of a preceding
statement. When executing loop unrolling, the compiler may alter the original
ordering of the loop and problems may arise when an operation in one iteration
depends upon the result of a previous iteration. The compiler has to make sure
that there are no data dependencies between iterations to make sure that the result
would be exactly the same as the sequential execution of the code.

There are four types of dependencies.

Read after write (RAW) dependency It occurs when the values of variables
involved in a loop iteration are determined in a previous loop iteration. RAW
dependency is not vectorizable.

int a[3] = {0,1,2,3};

int b[3] = {4,5,6,7};
3 for (int i=1; i<4; i++) {

ali] = a[i—1] + b[i];
}
Code 3.1: Example loop 1

a[l]= a[0] + b[1l] = 0+ 5 — a[l]= 6

a[2]= a[l] + b[2] = 5 4+ 6 — a[2]= 11

a[3]= a[2] + b[3] = 11 + 7 — a[3]= 18

a={0, 5, 11, 18}

Code 3.2: Example loop 1 - sequential execution

The code bears no data dependency when executed sequentially. The first loop
iteration performs an addition and writes a value to a[l]. The second iteration
then reads the value of a[l]. The execution is as shown in (3.2

ali—1]= {0,1,2,3}
b[i]= {4,5,6,7}
a[i]= ali—1] + b[i] = {0,1,2,3} + {4,5.,6,7}

a={0, 5, 8, 10}

Code 3.3: Example loop 1 - parallel execution
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3 for (int

Now, if we execute all the for loop operations simultaneously, the result would be
different as shown in [3.3] This demonstrates why read after write dependencies
are not vectorizable, as computation on vector hardware would result in incorrect
results.

Write after read (WAR) dependency It is the opposite of RAW: a value
is read in an operation in an earlier iteration, then written to in a later iteration.
WAR dependency is vectorizable.
int a[3] = {0,1,2,3};
int b[3] = {4,5,6,7};

i=0; i<3; i++) {

ali] = a[i+1] + b[i];
Code 3.4: Example loop 2
al0]= a[l] +b[0] = 1 + 4 — a[0]= 5
a[l]l= a[2] + b[l] = 2+ 5 — a[l]= 7
a[2]= a[3] + b[2] = 3 + 6 — a[2]= 9

a={5, 7, 9, 3}
Code 3.5: Example loop 2 - sequential execution

ali+l]= {1,2,3}
b[i]= {4.,5,6}
ali]= a[i—1] + b[i] = {1,2,3} + {4,5,6}

Code 3.6: Example loop 2 - parallel execution

The results from are the same sequentially ([3.5) and parallely ([3.6). Hence
why RAW is vectorizable.

Write after write (WAW) dependency It occurs when multiple loop iterations
can writer over the value of a variable. WAW is not vectorizable because if an
identical address exists for any two vector store operations, the result to be stored
is indeterminate.

Read after read (RAR) dependency Despite its name, RAR is not a depen-

dency in the sense that if a variable is not written, it does not matter how often it
is read. RAR is vectorizable.
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3.2.3.3 Pointer aliasing

Pointer aliasing yield dependencies to pointer specific language like C or C++.
Pointer aliasing is using pointers for array addresses in arithmetic operations. Array
data identified by pointers in C can overlap, because the C puts few restrictions on
pointers. Because of this, the compiler often take a conservative approach when
trying to vectorize a code including pointer aliasing.
void test (int *a, int xb, int xc) {

for (i=0; i<5; i++) {
a[i] = b[i] + c[i];

}
}
void main () {

int a[5], c[b5];

test (xa, *(a—1), *c);
}

Code 3.7: Example loop 3

Example from shows a case of a valid C code where the referenced pointers are
overlapping: it yields a RAW dependency and, as such, is not vectorizable. This
problem can be fixed marking up the code with the restrict keyword: it assures
the compiler that the memory regions addressed by the pointers do not overlap
with each other. Then, the compiler does not need to store a copy of the source
array when computing and writing in the destination array. |60]

3.3 ARM architectures

The microprocessor targeted is a Cortex-M processor, as Cortex-M processors
are specifically designed for microcontrollers, thanks to their optimized cost and
energy-efficient characteristics. [57] [58]

3.3.1 ARMv7: Cortex-M4

The Cortex-M4 (CM4) has many specifications (see figure and is designed
for high-efficiency signal processing functionality with the low-power, low cost and
ease-of-use benefits. It runs on 32-bit ARMv7-M architecture. The most important
characteristics that made CM4 the right choice is to use CMSIS-SIMD library. [61]
This library allow to use of 8 or 16-bit SIMD arithmetic. This SIMD extension
increase the processing capability without materially increasing the power consump-
tion is completely transparent to the operating system. Performance is achieved
with a "near zero" increase in power consumption on a typical implementation. It
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Figure 3.4: Cortex-M4 specifications

provides intrinsics, which are functions call that the compiler replaces with the
corresponding assembly SIMD statement. It offers the best compromise between
the ease of coding of high-level language like C and the fine-tuning ability of writing
in assembly.

The current version of the SleepRider algorithm runs on a microcontroller with
a Cortex-M4 core which means the SIMD extension is readily available to optimize
the software implementation.

3.3.2 ARMvS8: Cortex-M33

The Cortex-M33 (CM33) has many upgrades (see figure over the CM4
core. It includes the same SIMD extension as the CM4. However, because it runs
on ARMvS.1-M architecture, the CM33 core benefits from a powerful extension:
Helium.

Ideally, the SleepRider could benefit from a port, going from its current CM4
processed microcontroller to a CM33 processed one.
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3.3.2.1 Helium extension

Arm Helium is the M-Profile Vector Extension for the Arm Cortex-M processor
series. It provides significant performance boost for machine learning and digital
signal processing applications. Helium provides additional vector registers
designed to do calculations simultaneously (as seen in figure , which increases
performance and throughput. They are 128-bits registers, meaning they can contain
two 64-bit integers, four 32-bit integers or single precision float, eight 16-bit integers
or half precision float or sixteen 8-bit integers. It is a major upgrade on the SIMD
instructions provided in the CMSIS library.
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Chapter 4

Optimisation: batch
implementation

A thorough analysis of the beat detection and classification algorithm in chapter
built a full understanding of the workflow of the application, while chapter
presented the key motivations behind parallelisation, as well as the paradigms
that need to be taken into account when applying it to a software application. It
is now time to try to answer the research question by applying the principles of
parallelisation to the algorithm in order to achieve the stated goal of improving
performance under ULP consumption constraints.

This chapter will present the main contribution from this master thesis. Al-
though the final version provides the most conclusive answers to the analysis
provided by the thesis, all version will be explored due to their respective im-
portance in highlighting the specific features of coding while having hardware
considerations in mind. The complete C implementation of all versions are
available online on Forge UCLouvain, the reader can message the author at
olivier.monzibila@student.uclouvain.be or the supervisor at david.bol@uclouvain.be.

The integrated development environment (IDE) used to run the C code and
simulate the Cortex-M4 behaviour is the Keil p Vision IDE. The debugger runs on
a 12M H z clock. All the data have been acquired from the performance analyzer,
which provides running time information for every function. The Cortex-M33
behaviour has not been simulated because of practical limitations that will be
discussed in chapter [5]

The goal of this master thesis is to optimize the performance of an ULP
arrhythmia detection algorithm through the use of parallelisation. Specifically,
vectorization is the method that this work focused on. In this chapter, the role of
profiling will be first highilighted. Characterizing the performance of an application

44



and pinning down the area that could benefits the most from vectorization is an
essential step. After that, the different intermediary methods applied to optimize
will be explained, while results will be shown and analysed. Finally, the stage is
set for parallelisation to be applied to the code using SIMD intrinsics provided in
ARMyvT7 architecture.

4.1 Profiling

Profiling measure performance characteristics of a running application, for the
purpose of identifying compute-intensive areas that may be worth optimizing, in
our case vectorizing. [63] It provides figure of merits, quantitative criteria, upon
which the choice of target module to optimize can be made. This section describes
how the choice of the functions to improve has been made.

4.1.1 Global profile

The goal here is to have a global view of the cycle consumption of the functions
involved in the algorithm. Two separates approach have been made in order to
gather profiling data. It is going to provide us with our first criterion.

4.1.1.1 Cycle counting

While observing the execution of the application, three cases have been high-
lighted

o Case A: no beat detected
o Case B: beat detected, no classification
o Case C: beat detected, classification

For each case, the amount of cycles that have passed has been counted (by deduct-
ing the cycle number at the end of a function with the cycle number at the start of
the function). This method provides an overview of what part of the workflow is
compute-extensive. Although these data are computed manually and thus are not
totally accurate, they still give valuable tendencies and information. All the data
and percentage can be found in appendix [A]

Figure [.1] shows us that cases A and C largely dominate the consumption break-
down. Detailed results from appendix [A|shows that case A amount for 51.5% of the
cycle consumption while case C amount for 46.6% - bringing us to a total of 98.1%.
We can dig deeper into the analysis of both cases, in order to pinpoint the most
impactful part of the algorithm. The analysis narrows down the potential target
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Figure 4.1: Cycle breakdown with cycle counting

functions to four functions only. Yet, they still consume 85.5% of total number of
cycles.

= declaration
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= increment_beat
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= other

Figure 4.2: Cycle distribution - case A
Case A While this case has a relatively low amount of cycles per occurrence, the

high amount of time the for loop is accessed makes up for it. Figure 4.2 shows the
cycle distribution within this case. The two main beat detection functions, pre-
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processing and detection, are the most expensive, amounting to 42.1% and 34.5%
of the case A consumption respectively and 21.7% and 17.7% of total consumption
respectively. The two main functions in Case A therefore consume a total of 39.4%
of the total number of cycles of the application.

declaration
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26% QRS _filter
= push_sample
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buffer_get f
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m svm_predict

svm_predict

725 = update_gain
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Figure 4.3: Cycle distribution - case C

Case C This case, on the contrary, occurs only a few times but to a great impact:
each classification has a significant impact. Figure [4.3 shows the cycle distribution
within this case. The main beat classification functions, feature extraction and
SVM prediction, are the most expensive, amounting to 25.6% and 71.9% of the case
C consumption respectively and 11.9% and 33.5% of total consumption respectively.
When adding the beat detection (0.7%) to these two main functions, Case C
therefore consume a total of 46.1% of the total number of cycles of the application.

4.1.1.2 pVision performance analyzer

pVision provides a performance analyzer that displays the information collected
during debug execution. This method provides an overview of which module (which
is a group of functions) is compute-extensive, as well as a much more precise data.
All the data and percentage can be found in appendix [B]
Figure displays the performance of each module (for a total of 72 functions).
From data gathered, the five most expensive modules (> 5% of total cycle consump-
tion) are the SVM (33.4%), the pre-processing (23.5%), the threshold detection
(16.1%), the direct wavelet transform (9.5%) and the wrapper that encompasses
the whole process for each sample of ECG data (6.0%). That gives a total of
85.3% for 40 functions. Going down further in the analysis, the most expensive
functions of each module allow us to narrow down the candidate for optimisation
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to 10 functions while still consuming 80.1% of the total cycle, as shown in figure
4.0
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4.1.2 Compiler optimisation profile

The second method is to try to profile the algorithm on different optimisation
level (see section [3.2.2)). Observing where the compiler focus its optimisation efforts
gives the programmer an hint on where he should try to make an improvement.
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It is even more relevant in our case, because our goal is to implement parallelism
through vectorization.

—tmmSylT] @ rsfilt  eme=grsdet dwt

1600000 -
1400000 |
1200000 |

1000000 |

800000 | \o—o
\ ———o
600000 \
I -1

400000 [

#cycles

200000 | ® o

01 02 03 Ofast

module

Figure 4.6: Comparison of module consumption (on selected functions) depending
on optimisation level

Figure displays how the compiler improves the performance, in respect to the
optimisation level. The four chosen modules have been selected because they are
the only four that showed significant normalized standard deviation (see|C|) through
the different optimisation levels.

Those modules, that where already highlighted as the best potential targets earlier
in the thesis, are greatly impacted.

4.1.3 Parallelisation potential

As mentioned in the prior discussion of Amdahl’s law , the overall speedup
due to vectorization is largely determined by the percentage of a code that is
vectorizable. This provides a last criterion, qualitative this time, that can guide
the selection of the module to optimize. The key to analyze here is to explore the
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functions that were made candidate by the two previous methods and pinpoints
those with the most "parallelizable" instructions.

e From these four modules, only the pre-processing module, qrsfilt is the most
suitable candidate to parallelisation, because its digital filters uses a lot of
arithmetic operations that could benefit from vectorization, depending on
the architecture. Indeed, register size and available SIMD operations in the
will tell if there is a possibility to proceed to vectorization.

e The SVM module could prove difficult to parallelize because it uses 64-bits
long data word. On a processor such as the CM4, there is nothing that can
be done on this module.

e Operations from the detection module are mostly tied to the calculation of
threshold.

o The DWT module uses FIR filter, so vectorization is a viable option. However,
the implementation from [9] uses while loop and thus violate a key rule about
vectorization in loops (mentioned in section [3.2.3.1)): the compiler cannot
predict the length of the loop.

4.2 Preparation to parallelisation

There are several steps between the original source code and a vectorization-
friendly code. These steps will be discussed in this section. The batcherisation
is a first step that aimed to reduce the amount of pointwise operation and thus
reducing the amount of wake-up interrupt. Then, the ping-pong approach is
discussed. Its goal is to remove the necessity to use the ring buffer. Finally, two
concurrent implementation for removing branches and their performance overhead
are explained.

All data used for analysis can be found in appendix [C]

4.2.1 Batcherisation

The qrsfilt module is initially designed to operate on a sample-to-sample basis,
introducing a delay and a circular buffer for the filter functions. The goal is to
send the filter functions a batch so that they can process on an array. The main
benefits from this is the reduction of the wake-up interrupts frequency, which is a
huge part of the power consumption (see [3.1.1.1)).

The diagram from figure [4.7] shows us the difference the pointwise implementation
and the batch implementation.
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Figure 4.7: Difference between pointwise implementation and batch implementation

o It shows that only the pre-processing step has been targeted. The reason
is that all the steps beyond pre-processing (from detection to classification)
are designed to operate on a pointwise basis (because they have to compare
the points to each other). Applying batcherisation on these other operations
would come at the cost of accuracy: for example, the thresholds would be
calculated after every batch instead of after every sample. Therefore, only
the filters have gone through batcherisation.

o The amplitude normalisation step (see occurs before the pre-processing
filters. However, the normalisation factor is calculated only after a beat is
detected, which can occur in the middle of a batch. Thus, there is gonna be
an error between the results due this inevitable bottleneck.

4.2.1.1 Results

Figure displays the result from the batcherisation and figure [4.9] displays
the error induced by the normalisation step.

e The overall performance is worse than the base implementation of the filter
(pointwise and with buffers), which is expected so far because there is an
overhead to create and fill the batches. This step is preparation step, so the
algorithm has not been improved yet.
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Figure 4.8: Results of batcherisation for different batch size
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Figure 4.9: Absolute value of the error due to the normalisation step

e There is a monotonic increase of the error due to the normalisation step when
the size of the batch is going up. It is expected because there are fewer "batch
breaks" when the batch is bigger; that means there are less opportunities to
update the amplitude with the normalisation function.

4.2.2 Ping-pong batches

Now that batches of sample are sent to the filters instead individual samples,
the next step is to make the most of it by removing the circular buffers. These
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buffers were only relevant in a pointwise operation because the was a need to keep
old input values in memory.

The approach that has been implemented is the ping-pong buffers. It is a concept
borrowed from the hardware side of a microcontroller, which use a peripheral called
DMA (Direct memory access) to access memory without using CPU resources [64].
Ping pong buffers is a way of moving memory back and forth so that different parts
of the system can use it without colliding. When one buffer is being written (role
"A"), the data can be accessed from the second one (role 'B"). Once the first buffer
is completely filled, a flag is waived and both buffers switch role. [65]

4{ Regular batches I <{ Ping-pong batches I
o?:itthN half-batch 1 half-batch 1
of size N of size N
next batch next batch
of data of data
batch half-batch 2 half-batch 2
of size N of size N of size N

Figure 4.10: Difference between regular batch implementation and ping-pong
batches implementation

In the current context, the ping-pong approach goal is to use batches twice as large
as required in order to keep an access to older value. Therefore, filters write safely
on one half of the batch while the other half can be accessed without the risk of
data dependency hazard.

Figure [4.10| shows the difference between regular batch implementation and ping-
pong batches implementation. The features of this step

o Because all the data required is now available in the double-sized batch, the
circular buffers become obsolete.

o The algorithm must keep track of the half of the buffer it is currently writing
in.

o Each filter of the pre-processing step has two cases: one if it is currently
working in the first half, the other if it is working in the second half.
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o If the half-batch being operated on is the first half, the previous data computed
in the previous iteration sit at the end of the second half. The situation is
shown in figure .11} As it stand, a conditional statement - checking in what
half-batch must the filter look to get the required data - is necessary.

o Initialisation fills the first half of the batch with zeroes and the writing start
in the second half of the batch.

—| Writing in half 2 I— 4| Writing in half 1 I—
) l | x[n] |

A

half 1

| x[n-2] | half0
| x[n-1] |
| x[n] |
half 2 | half1 e ey
lwl x[n-1] |

¥

Figure 4.11: Difference in writing in the first half or the second half

4.2.2.1 Results

Figure displays the result from the ping-pong batches and figure [4.13]
displays the performance in each halves of the buffer.

o The overall performance is better than the original implementation of the
filter. Now that the circular buffer usage has been removed, it was the
expected outcome.

o Size of the batch is limited to 1000 because the batch are now twice as long
to be able to operate on half batches.

o There is a monotonic increase of the performance when the size of the batches
is going up. This is the expected behaviour, this time.
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Figure 4.12: Results of ping-pong batches implementation
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Figure 4.13: Performance in each halves of the buffer

o The performance in the first half is worse than in the second half. This was
expected because the first half includes conditional statement to fetch data
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11

in the end of the second half at the beginning of the loop.

o There is a monotonic increase of the performance when the size of the batches

is going up, apart when the size of the batch is equal to 800.

4.2.2.2 Analysis

Difference of performance in halves In order to understand the difference in
execution between the two halves, an analysis of the assembly is in order. It will
show what instructions the compiler has interpreted for each halves. The analysis
on the derivative (with batch size of 1000) because it is the simplest function and
is given without context. Only the instructions relevant for the comparison have

been kept.

SUBS R2, R2, @OXOl ; advance in the loop
LDR R12, [RO, R3, LSL #2] ; load samplel[i]
; conditional branch start

MOV R2, R3
CMP R3, #0x02
IT CC

ADDCC R2, R2, @Ox?DO ; 0x7DO = 1000

; conditional branch end

LDR R2, [R2, #-0x08] ; load sample[i-2]

SUB R2, R12, R2 ; compute

STR R2, [R1, R3, LSL @2] ; store the answer

Assembly code 4.1: First half - cycle count= 12/13

SUBS R2, R2, #0x01 ; advance in the loop
LDR R3, [RO, #0x08] ; load sample[<]
LDR R12, [RO, H0x041[! ; load sample[i-2]
SUB R3, R3, R12 ; compute

STR R3, [R1, @OXO4]@ ; store the answer

Assembly code 4.2: Second half - cycle count= 8

The two assembly codes show the difference in execution between the halves. The
first half has to apply the conditional statement to check if the previous data are
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at the end of at the start of the batch.

A theoretical estimate of the cycle consumption can be made thanks to data from
[66]. The first half count is 12-13 (because the IT instruction can take 0 cycle or
1 cycle, depending on the preceding instruction) and the second half is 8. The
theoretical ratio between the two is between 18—2 = 1.5 and %’ = 1.625. So the mean
theoretical ratio is 1.563 while the experimental ratio is equal to 1.545. This
demonstrates that the analysis of this hypothesis is correct and therefore explains
where the difference in performance between the two halves comes from.

255000 255000
245000 AN S / g : \ 245000
235000 1 235000
225000 ‘:;‘ 225000

215000 215000

# cycles
# cycles

205000 205 000

195000
185000

175000 175000
50 100 160 200 400 500 800 1000 50 100 200 400 500 1000

195000

185000

Figure 4.14: Performance in each halves of the buffer: with 160- & 800-samples
batches vs without

Case of 800-samples batch The number of iterations N depends on the batch
size B.

4000
N=— 4.1
. (11)
If N is odd, the number of accesses to the first and second half-buffer are not equal.
B=800— N=5 (4.2)

In the case of 800-samples batch, since writing starts in the second half, there are
3 accesses in the second half and 2 in the first half.

To prove this point further, measurements have been taken on a batch: with 160-800
vs without 160-800. Results are shown in figure [4.1§

B =160 — N =25 (4.3)
There are 13 accesses in the second half and 12 in the first half.

To explain this, one must look at the performances in each halves, explained
and analysed previously. For the 800-samples case for example:
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e In order to follow the monotonic trend, the first half should be accessed 2.5
times. Because 2.5 > 2, it is accessed less that it should and the performance
is accordingly better than it should be according to trend.

e In order to follow the monotonic trend, the second half should be accessed
2.5 times. Because 2.5 < 3,, it is accessed more that it should and the
performance is accordingly worse than it should be according to trend.

While the performance does not show monotonic increase when removing those
two special batch size (see figure [4.18)), the major bumps are removed and the
behaviour is stable.

4.2.3 Branches removal

Conditional statement, on the software level, produces branches, on an assembly
level. The way pipelined processor handle these branches is called branch prediction.
It attempts to guess whether a conditional jump will be taken or not. [67] While it
improves the way the processor uses its pipeline, it has a performance cost that is
greater than a regular arithmetic operation. Aside from this cost, branches are not
instructions that can vectorized (see section [3.1.1.1]), hence the need to get rid of
conditional statement if possible.

Conditional statements appear in each pre-processing filter due to the structure
of the ping-pong batch, as explained above. Two methods have been implemented
to deal with this.

4.2.3.1 Bit masking

The first way to deal with branches is to replace them with operations that do
the same job. Conditional branches are based on whether a statement is true or
false, so if this can be turned into some sort of mathematical operation, there is a
work-around to a branch.

Figure [4.15| explains how the bit mask works and how it is computed.

4.2.3.2 For loop separation

The second way to deal with branches is to analyze when the branch will be
accessed or not. The whole loop is then separated into several loops, making the
job of the compiler much easier and removing the need of branches.

1 for (i=0;i<BATCH LENGTH; i++) {
2 //Get the samples + apply index correction
s0= sample[i];
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Index calculation
index= i - (size of filter)

;

Sign of the index is extracted
isNegative = -(index >> 31)

! !

Index correction M 0 < index 0> index R Index correction
correction= N isNegative = 0 isNegative = 1 g correction=
2*BATCH_LENGTH *isNegative 2*BATCH_LENGTH*isNegative
Y Y
Index correction Index correction
index= index + correction index= index + correction
index= index index= index + 2¥*BATCH_LENGTH

Figure 4.15: How the bit mask works

sl0=sample [ i—DERIV_ LENGTH + 2+BATCH LENGTH=x(i<DERIV_ LENGTH) |;

6 //Proceed to the computation
7 out[i] = s0 — s10;

Code 4.1: Derivative before separating

1 for (i=0;i<DERIV_LENGTH; i++) {

//Get the samples + apply index correction

: s0= sample[i];

4 sl0=sample [i—DERIV_LENGTH + 2«BATCH LENGTH];

w N

6 //Proceed to the computation

7 out[i] = s0 — s10;

s )

9 for (i=DERIV_LENGTH; i <BATCH_LENGTH; i++) {

10 //Get the samples + apply index correction
1 s0= sample[i];

12 sl0=sample [ i—DERIV_ LENGTH] ;

14 //Proceed to the computation
15 out[i] = s0 — s10;
16 }
Code 4.2: Derivative after separation

Code bits [4.1] and [4.2] shows how the separation is done and allows to get rid of
the conditional statement, with the derivative being taken as example.
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Figure 4.16: Results of branch removal through bit masking
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Figure 4.17: Results of branch removal through loop separation respectively

4.2.3.3 Results

Figures [4.16] and [4.17] display the result from the bit masking and the loop
separation, respectively. Figures displays the performance in each halves of
the buffer.

» Since the analysis above has proved that 160 and 800 are not ideal batch size,
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Figure 4.18: Performance in each halves of the buffer for bit masking & loop
separation respectively

they have been removed from the measurements. Therefore the evolution of
the performance when the batch size increases is monotonic.

o The overall performance is better than the original implementation of the
filter, as expected to a greater impact than the ping-pong batches step. It is
expected because there is a great overhead in branch prediction.

o Performance in the second half is exactly the same as in the previous step for
both methods, as it should because nothing changes in the execution of this
half.

« For the bit masking the performance in the first half is worse than in the
second half, just as before, for the same reason.

« For the loop separation, the performances between halves are roughly the
same. Both behaviour were expected.

4.2.3.4 Analysis - bit masking

Difference of performance in halves Analysing the assembly will allow to
compute the theoretical ratio between the halves. Once again, the context is not
important here. The derivative for a batch of 1000 samples is analysed.

From codes |4.3|and , the theoretical ratio [66] is 1—81 =1.375 and the experimental
ratio is 1.364.
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ADDS R3, R3, @OXOl ; advance in the loop

; bit masking start

SUBS R2, R3, #2

ASR R2, R2, #31

SMLABB R2, R2, R12, LR

; bit masking end

LDR R4, [RO, R3, LSL #2] ; load sampleli]
LDR R2, [R2, R3, LSL %2] ; load sample[i-2]
SUB R2, R4, R2 ; compute

STR R2, [R1, R3, LSL #2] ,; store the answer

Assembly code 4.3: First half (bit masking) - cycle count= 11

LDR R3, [R3, #0x08] ; load sampleli]
LDR R12, [R3, W0x041|! ; load sample[i-2]
SUBS R3, R3, R12 ; compute

STR R3, [R1, @OXO{I@ ; store the answer

SUBS R2, R2, %OXOl ; advance in the loop

Assembly code 4.4: Second half (bit masking) - cycle count= 8

Effect of branch removal To understand how this version of branch removal
improves on the previous step, comparing the assembly execution of the first halves
is gonna give us once again the theoretical tools to validate the method. In order
to do so, a comparison between the ping-pong batches (see code and the bit
masking branch removal (see code [4.3)).

The theoretical decrease of cycle output is between % =0.917 and % = 0.846.
So, the mean theoretical decrease 88.2% is while the experimental decrease is
88.3%.

4.2.3.5 Analysis - loop separation

Difference of performance in halves The conditions are the same as above

(see [-2.34).
From codes , and , the theoretical ratio |@| is % =1 and the experimental

ratio is 1.001.
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ADDS R3, R3, @OXOl ; advance in the loop
LDR LR, [RO, R3, LSL #2] ; load sample[i]
LDR R2, [R2, @—OXOSJ ; load sample[i-2]
SUB R2, LR, R2 ; compute

STR R2, [R1, R3, LSL #2] ; store the answer

Assembly code 4.5: First half (loop separation when i < 2) - cycle count= 8

SUBS R2, R2, @OxOl ; advance in the loop
LDR R12, [RO, #0x041! ; load sample[%]
LDR R3, [RO, @—OXOSJ ; load sample[i-2]
SUB R3, R12, R3 ; compute

STR R3, [R1, @OXO{I@ ; store the answer

Assembly code 4.6: First half (loop separation when i > 2) - cycle count= 8

SUBS R2, R2, #0x01 ; advance in the loop
LDR R3, [R3, %OXOS] ; load samplel[i]
LDR R12, [R3, W0x041[! ; load sample[i-2]
SUBS R3, R3, R12 ; compute

STR R3, [R1, @OXOM@ ; store the answer

Assembly code 4.7: Second half (loop separation) - cycle count= 8

Effect of branch removal The conditions are the same as above (see 4.2.3.4)).
The theoretical decrease of cycle output is between % = 0.667 and % = 0.615.
So, the mean theoretical decrease 64.1% is while the experimental decrease is
64.7%.

4.2.3.6 Comparison

Although these two methods achieve the same goal, their performances can be
compared, as well as their respective potential to be parallelised.
Figure [4.19] shows the difference in results between the two removals methods:
better results are obtained with the loops separation. From what we could gather
from the assembly codes, the for loop separation only uses basic arithmetic opera-
tions (besides the loads and stores). This is a huge advantage for the final step of
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Figure 4.19: Comparison of branch removal methods

parallelisation, because the SIMD instructions available for the Cortex-M4 only
handle addition and subtraction.

In conclusion, the loop separation method is selected as a basis to proceed to
the parallelisation.

4.3 Parallelisation

After all the previous steps, the data pre-processing part of the algorithm is
ready to be parallelized. Two preparation steps are going to be described: data
type change and for loop unrolling. Finally, the implementation of SIMD intrinsics
is going to be explained and the results will be analysed.

The SIMD instructions on the Cortex-M4 only allow vectorisation on 8-bit
or 16-bit data, so data type must be converted. Furthermore, for loops have to
modified in order to make the most of the SIMD instructions: the goal is to make
them go two steps at a time instead of one.
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Function Input variables Range Output variables Range

X[n] 16-bit  y[n] 32-bit
Low pass filter  x[n-24ms] 16-bit  y[n-1] 32-bit
x[n-48ms] 16-bit  y[n-2] 32-bit
X[n] 16-bit :
High pass filter x[n-64ms] 16-bit y{ﬁ]—l] g;:g:
x[n-128ms] 16-bit
o X[n] 16-bit :
Derivative «n-10ms] 16-bit y[n] 16-bit
. x([n] 16-bit .
Moving average «n-16ms] 16.bit y[n] 32-bit

Table 4.1: Necessary data range for the different variables used by the filters

4.3.1 32-bit to 16-bit

The first thing to do in order to implement the SIMD intrinsics of the CMSIS
library is to change the data types. Indeed, before doing so, it is important to
make sure that there will be no impact on the validity of the answer. Here are the
signed data type ranges [67]

o signed intsg: [—128;127]
o signed intig: [—32,768;32,767]
e signed ints: [—2, 147,483, 648; 2, 147, 483, 647]

Because of certain operations done to make the algorithm less gain sensitive [9],
some variables must be 32-bit wide. The table 4.1 encompasses the necessary data
ranges.

4.3.1.1 Results

So far, no improvements have been implemented to the algorithm, so there
should be no improvement expected from a simple change of data type. Therefore,
the increase in performance is unexpected. To understand what happened, looking
at the assembly execution is the way to go.

Another observation is that batch size above 200 samples per batch seems to give
more predictable results (which means similar to those in figure [£.17)).

4.3.1.2 Analysis

In order to have an idea of what to look for, we have to analyse how the change
impacted all the filters. The data used for the figures and the assembly codes come
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Figure 4.21: Decrease in cycle output from each filter from 32-bit to 16-bit

As seen in the derivative performance is exactly the same. The three other
filters, however, show a significant improvement in performance. For example, the
low pass filter can be analysed.

The theoretical decrease of cycle output |@| is % = 0.75, which is 75%. The
experimental decrease is 77.8%. The difference of performance stems from the
treatment of values y1 and y2. In order to store and fetch them, the 32-bit
implementation uses LDR and STR while the 16-bit uses MOV, which consumes
less cycles. A similar study can be done for both high pass filter and moving

average: the difference of performance can be explained now.
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SUBS R2, R2, #0x01 ; advance in the loop

LDR R4, [RO, Ox04]m ; load sample[i]

LDR R6, [R4, -#0x14] ; load sample[i-5]

LDR R5, [R4, -#0x28] ; load sample[i-10]

LDR R3, [R8, #0x00] ; load the wvalue of y2

LDR R7, [RlQ,%EOXOO] ; load the walue of yl

SUB R4, R4, R6, LSL @1 ; computation start

ADD R4, R4, R5

SUBS R3, R4, R3

ADD R3, R3, R7, LSL @1 ; computation end

STR R3, [R12, #0x00] ; store the walue of y0 in yl1
STR R7, [RS8, Q@XOO] ; store the wvalue of yl1 in y2
SMMUL R3, R3, LR ; amplitude adjustment start

ASRS R4, R3, #3

ADD R3, R4, R3, LSR #31 ; amplitude adjustment end
STR R3, [R1, @OXO4JE@; store the answer

Assembly code 4.8: LPF 32-bit (1000 samples) - cycle count= 24

SUBS R3, R3, @OxOl ; advance in the loop
LDRSH R7, [RO, #0x021[!| ; load sampleli]

MOV R5, R6 ; store the walue of y2

MOV R6, R2 ; store the walue of yl1

LDRSH R2, [RO, #-0x0A] ; load sample[i-5]
LDRSH R4, [RO, E—Oxl4] ; load sample[i-10]
SUB R2, R7, R2, LSL @1 ; computation start
ADD R2, R2, R4

SUBS R2, R2, R5

ADD R2, R2, R6, LSL #l ; computation end
SMMUL R4, R2, R8 ; amplitude adjustment start
LSRS R5, R4, #3

ADD R4, R5, R4, LSR @31 ; amplitude adjustment end
STRH R4, [R1, R2, LSL @1] ; store the answer

Assembly code 4.9: LPF 16-bit (1000 samples) - cycle count= 18
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4.3.2 For loop unrolling

To make the most of SIMD instructions, the structure of the for loops must

be adapted to proceed two computations at a time. Therefore, the second step
of the preparation for the intrinsics requires to unroll the for loops inside each
filter function. Here, we will halve the amount of iteration by going for two steps
increments for every iteration of a loop.
One detail that must be taken into account when analysing the results is that
manual loop unrolling will reduce the loop overhead [68], so it will always produce
better performance. Likewise, unrolling the whole loop would provide the best cycle
output but is a very impractical way of coding. The reader must thus keep in mind
that the main reason for undergoing loop unrolling is to create an SIMD-friendly
environment in the algorithm, not improve cycle output.

4.3.2.1 Results
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Figure 4.22: Results of loop unrolling / Halves comparison (left) & comparison
with previous steps

As mentioned previously, manual loop unrolling will always provide a per-
formance gain due to reduced loop overhead. The increase in performance was
therefore expected.

4.3.3 Intrinsics

Once this transition has been made, the instructions can be implemented and
the impact on performance studied and discussed. The intrinsics of interest are the
following (the way they work is described in details in [61]).
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« PKHBT & PKHTB: the bit packing operations are very important. Its
goal is to concatenate two 16-bit words in a 32-bit word. This is a necessary
step because the SIMD instructions use the 16 most significant bits
as the first operand and the 16 least significant bits as the second
operand. In order to unpack words, bit shift and type cast are used.

« SADD16 & SSUBI16: the addition and subtract operations, operating on
two 16-bits words at a time. This is the main intrinsic that can be used
because the digital filters operations are mostly arithmetic ones.

o SSAT: the saturate operation. It allows to saturate a value to a certain bit
(for example, if the bit at position 2 is selected, the value will saturate at 4).

While various other operations could have been useful (such has dual multiplication),
the range of data limits the potential of what can be used. This will be discussed
in the last chapter.

e The LPF and HPF are not compatible to 16-bit SIMD instructions so no
further optimization has been done on them.

o The derivative and the moving average window are eligible to SSUB16 intrin-
sic.

o The moving average window is also eligible to the SSAT intrinsic. This will
be used to replace the conditional statement that essentially does a saturation
at 32000. With the intrinsic, a saturation can be set at 32767 with a single
instruction.

4.3.3.1 Results

The expectation would be to see an increase in performances because two
operations can be processed as one instruction thanks to the SIMD instructions.
However, results show that it is not the case: the results are roughly the same
as before. The hypothesis is that the overhead needed to pack the words and
then unpack them. The SSAT intrinsic, in contrast, should have a positive impact
because it allows to get rid of branching. To see the impact of the SSAT intrinsic,
measurements have been taken with only the SSAT intrinsic (without the SSUB16)
applied in the moving average windpw. The results show that the performance is
better without SSUB16 for this filter.

4.3.3.2 Analysis

Figure [4.25] shows how to cycle output evolves depending on what SIMD
instructions are implemented (data taken on batch of 1000 samples).
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Figure 4.24: Results with only SSAT implemented / Halves comparison (left) &
comparison with previous steps

o In the case of the derivative, the SIMD instructions have little to no impact.

e In the case of the moving average window, the SIMD arithmetic have a
negative impact on the performance, while the saturation intrinsic has a
positive impact.

To understand how the SIMD work in motion, let’s analyze the derivative
function, with batches of 1000 samples. The cycle count from both assembly
exhibits and [4.11)) shows that the theoretical ratio (% =1) is the same as the
experimental ratio, hence why there is no performance gain or loss from using the
SIMD intrinsic. The SIMD version has to concede an overhead due to bit packing
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Figure 4.25: Decrease in cycle output from each filter: from no SIMD to full SIMD
(left) and only SSAT (right)

ADDS R2, R2, @OXOQ ; advance in the loop
LDRH LR, [RO, #0x041|!| ; load sample[i-1]
LDRH R3, [RO, #0x02] ; load sample[i]
LDRH R4, [RO, #-0x02] ; load sample[i-2]
LDRH R5, [RO, #0x04] ; load sample[i+1]
SUBS R3, R3, R4 ; computation 1

STRH R3, [R1, @OXO4]@ ; store answer 1
SUB R3, R5, LR ; computation 2

STRH R3, [R1, @OXO2] ; store answer 2

Assembly code 4.10: Derivative 16-bit + loop unrolled (1000 samples) - cycle
count= 15

and unpacking but makes up for it by needing only one store for two answers.
The compiler does not take advantage of the fact that the four loads are stored
consecutively in the memory. A vector processor could have used only the starting
address and would have fetched multiple words at once. Furthermore, the potential
gain is limited because only two operations can be done at a time. Wider registers
(such as the 128-bits Helium registers) could allow more parallel operations.
These observations and hypothesis will be discussed in chapter 5.
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ADDS R2, R2, #0x02 ; advance in the loop
LDRH LR, [RO, #0x041]!| ; load sampleli]
LDRH R3, [RO, #0x04] ; load sample[i-2]
LDRH R4, [RO, #0x02] ; load sample[i-1]
LDRH R5, [RO, #-0x02] ; load sample[i+1]
ORR R3, R3, R4, LSL #16 , bit packing 1
ORR R5, LR, R5, LSL @16 ; bit packing 2
SSUB16 R3, R3, RS ; computation

ROR R3, R3, #16 ; bit unpacking

STR R3, [R1, #0x041[l| ; store both answers

Assembly code 4.11: Derivative 16-bit 4 loop unrolled 4+ SIMD (1000 samples) -
cycle count= 15
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Chapter 5

Discussion

In this chapter, the results of the previous chapter are compiled to give an
overview of all the work that has been done. As the technical and functional
analysis has already been done, the aim here is to step back and analyse the
relevance of the optimisations that have been implemented, as well as to reflect on
the future possibilities opened up by this work.

5.1 Results summary

Figures[p.1]and [5.2]are compilations of the key results from all the successive step
from the baseline pre-processing algorithm towards the SIMD-improved algorithm.
Each version is summarised below.

« Base: this is the initial version of the pre-processing algorithm, used in the
SleepRider and developed by Pan and Tompkins [§]

o Batcherization: the pre-processing algorithm adapted to process samples
in batches instead of one by one, making the ring buffer obsolete

« Ping-pong: adaptation have been made to ease the data fetching of old
values

e Branches removal: branches and their consequent performance overhead
have been replaced; the loop separation method has been chosen as its results
are better

e 16-bit (without SIMD): in preparation for the SIMD intrinsics, the pre-
processing algorithm has been adapted to work with 16-bit values as much as
possible without impeding the results; loop unrolling has also been performed
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Figure 5.1: Evolution of performance for each version of the algorithm - batch size:
1000

e 16-bit (with SIMD): SIMD intrinsics have been implemented in the deriva-
tive and moving average window functions

Figure [5.3] shows how each filter performance have evolved compared to the initial
algorithm. The 16-bit SIMD version is the final version and shows the greater
improvements all round: the overall cycle output reduction is 45.47%. The filters
final results, in term of cycle output decrease, are:

e 46.89% for the LPF
e 42.93% for the HPF
e 58.09% for the derivative

o 37.86% for the moving average window

Figure shows the memory usage evolution through all the steps towards batcher-
ization. A big part of the zero-initialization are due to the ECG data, the read-only
(RO) data are the constants. Then, the total RAM Size = RW Data + ZI Data
and the total ROM Size = Code + RO Data + RW Data.
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Figure 5.2: Evolution of performance for each filter - batch size: 1000

5.2 Parallelisation: assessment

Optimizing the algorithm was the main goal of this work and parellelisation had
been identified has the most potent way to improve performance on a algorithm
that is already known to be the state of the art of ULP arrhythmia detection.
Working towards this goal has brought to light a number of related specificities
that are worth examining in more detail.

5.2.1 Benefits & drawbacks

Parallel programming as such has clear performance benefits, as the literature
review identified in Chapter [3
Setting up the parallelisation was not immediate. It was necessary to go through
intermediate steps to allow the algorithm to be a compatible environment for the
implementation. These various intermediate steps have themselves been beneficial
in improving the performance of the algorithm.

e The batcherization reduced the number of wake-up interrupts, which are
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responsible for a significant part of the SleepRider’s power consumption.

e The move to 16-bit has reduced the number of cycles by making it easier for
the compiler to store the data.
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o The study of the available SIMD instructions has made it possible to discover
useful intrinsics other than for vectorisation.

» Going from 32- to 16-bit reduced the memory usage.

Stepping back from the whole implementation process, it can be said that the most
important benefit is actually the whole process. Indeed, having in mind all the
considerations necessary for the algorithm to be parallelizable allows to realize
many performance bottlenecks. As the study in Chapter [3| showed, vectorisation is
a process that takes place at several levels. The results show that harmonising the
pre-processing code to make it fully parallelizable leads to significant gains: up to
58.1% fewer cycles (in the case of the derivative) and 45.47% fewer cycles for the
whole pre-processing.

5.2.2 Limitations

In the end, even if the results obtained by vectorising are light, their analysis
in chapter [4] allows us to realise the potential behind this method. The first thing
to notice is the limitations of word size. The SIMD instructions of the Cortex-
M4 are limited to operations on 16-bit and 8-bit words, which is not adapted
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to the application of the SleepRider and therefore limits the scope of the opti-
misations. Some calculations could have been effectively vectorized without this
constraint. We can then see that there was a shortfall in the Load and Store. The
compiler did not take into account the fact that the data was aligned in memory
and could have been recovered in a single instruction (a Multiple Load for example).

The application would therefore have benefited from an architecture with vector
registers (and larger) and native vector instructions, not requiring the preparatory
steps that wasted a few cycles. This is why the Cortex-M33 and its Helium vector
extension seemed to be the ideal solution for an improvement and would be the
next best step in the path to parallelisation.

The main reason why the simulation could not be performed on the Cortex-M33 was
the pVision IDE. This environment offers many useful tools for profiling, debugging
and simulation for cores that are compatible, which is the case with the Cortex-M4.
This is not the case for the CM33, which required an extension to uVision called
Fixed Virtual Platform (FVP) in order to replace the physical target hardware.
[69] However, working with FVP proved to be difficult, even with assistance with
ARM Customer service. Therefore, the Helium intrinsics could not be simulated.

Another disadvantage of the method adopted in this thesis is that the match
size is limited by certain constraints. Firstly, it is imperative that the number of
iterations in a batch must be an even number for the performance to be optimal.
Although the impact on performance is small, this made it more difficult to study
the results until the problem was identified. It can be seen that overall, the batch
size has very little impact on performance. The results slightly favour a batch of
200 samples.

5.3 Improvements

5.3.1 Further optimisation

This master thesis focused on optimising the pre-processing step due to time
limitations. However, the whole algorithm, under thorough analysis, could have
benefited from the SIMD intrinsics.

5.3.2 Cycles assessment

Neither pVision simulator or ARM Fast Models simulation is "cycle accurate'.
Both pVision simulator and ARM Fast Models simulation are only "instruction
accurate", meaning that it can only simulate the instructions of the application
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which are executed by the ARM CPU core comparing with the real hardware
implementation. The pipeline effect and wait-states to access different memory
areas are not considered in the simulation. [70] In order to have a cycle accurate
model, another model product from ARM should be used: Cycle models. [71]

5.3.3 Memory constraints

As the focus of this work was put on performance, memory constraints have
not been taken into account. Memory has been upscaled in order to ensure that no
problem would occur (like the heap and the stack colliding). However, the memory
settings remained the same all the time, to maintain consistency all over the work.
Further study is required in order to take memory requirement into account.

5.3.4 Power consumption

A key element of this thesis is that the application being studied must operate
under ULP constraints. In order to have a complete picture of the energy con-
sumption of the application after making changes to the algorithm, energy profiling
would have been an important element. This could serve as a starting point for
future work.
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Conclusion

Heart rhythm disorders and related conditions are becoming increasingly com-
mon, due to the ageing population. An arrhythmia is a heart that beats too slowly,
too fast or in an uncontrolled manner. Many forms of arrhythmia do not cause any
health problems; however, they can cause a variety of troublesome symptoms, such
as dizziness or chest pain. Other, more dangerous forms of arrhythmia affect the
blood supply and therefore require medical attention. If left untreated, they can
lead to stroke, heart attack, heart failure or sudden death. |2, |1} |21]

ECG is the main diagnostic method used to detect arrhythmia and determine their
cause. It provides a graphic representation of the electric impulse that produces
each beat. The main focus of chapter 1 is to give a medical context to the reader.
19

Wearable biomedical systems are solution that allow data to be taken on a regular
basis and allow physicians to continuously monitor patients over longer periods of
time.

This work first analysed the functioning of cardiac arrhythmia detection algo-
rithms, taking stock of existing technologies. Then, 