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ABSTRACT

Nowadays, brain computer interface (BCI) systems, which are based on electroencephalo-
gram (EEQ) signals, are becoming more accessible and convenient, and allows to control by
thoughts”, for example, wheelchair, robotic prosthesis or even a car. Since wireless BCI sys-
tems use batteries, efficient energy management is crucial for increased operation time. One part
of this system is analog-to-digital converter (ADC), where energy consumption can be signifi-
cantly reduced. Even further, by using appropriate ADC it is also possible to reduce the amount
of information to be transmitted, thus greatly reducing the energy consumption of a transmitter.

In order to choose the most appropriate ADC, first a literature review on EEG signals and
BCI systems is carried out, to define requirements for selection of ADC. Then, based on these
requirements, an in depth analysis of synchronous and asynchronous ADCs is performed, in
order to identify their advantages and disadvantaged as well as suitability for BCI applications.

Asynchronous Sigma-Delta modulator (ASDM) ADC is selected for further in depth analy-
sis. It shows that for wide dynamic range signals (e.g. EEG), high switching activity of ASDM
circuit appears when the input signal amplitude is low, causing increased power consumption
of a wireless BCI.

To improve efficiency, a new method, called Amplitude Adaptive Asynchronous Sigma-
Delta modulator (AA-ASDM), is presented and described in detail, including description of
signal encoding and fast and real-time reconstruction. In order to verify and assess the proposed
method in practice, various simulations, modelings and physical implementations are carried
out, including development of one complete wireless BCI system. The experimental research
results show that by using AA-ASDM for asynchronous EEG signal acquisition, it is possible to
reduce the switching activity by up to 68.85% and thus proportionally the power consumption
of a wireless transmitter. Finally, at the end of this work, a summary and conclusion is given.

This thesis is the result of the research carried out at the Institute of Electronics and Computer
Science within the framework of the National Research Programme ,,Cyber-physical systems,
ontologies and biophotonics for safe&smart city and society” project No. 4.: “Development of
technologies for secure and reliable smart-city” and European Social Fund’s (ESF) supported
project “R&D Center for Smart Sensors and Networked Embedded Systems”.

The work consists of 174 pages, 72 figures, 183 sources of literature and 12 appendixes.



ANOTACIJA

Maisdienas, uz elektroencefalogrammas (EEG) signaliem balstitas domu jiitiga saskarnes
(BCI) klast arvien ertakas un pieejamakas, laujot ar domu speku” kontrolét, piem&ram, ratin-
kréslu, robotisku protézi vai pat auto. Bezvadu BCI par energijas avotu parasti tiek izmantotas
baterijas, tapéc, lai paildzinatu sistémas darbibas laiku, ir butiski veidot sistému no tadam kom-
ponentém, kas patéré maz energiju. Viena no komponenteém, kur energijas patérinu var butiski
samazinat, ir analogais-ciparu parveidotajs (ADC). V¢l vairak, lietojot atbiltosu ADC, ir iespé-
jams arT samazinat parraidamo datu apjomu, tada veida samazinot ar1 raiditaja energijas patérinu.

Lai izveletos visatbiltosako ADC, vispirms, darba tiek veikta literatiras analize par EEG
signaliem un BCI kopuma, lai nodefin€tu prasibas ADC izvélei. Balstoties uz §Tm prasibam,
talak darba tiek veikta sinhrono un asinhrono ADC analize, ar mérki identificét to priekSrocibas
un trikumus, ka arT to piemérotibu BCI pielietojumiem.

Asinhronais Sigma-Delta modulators (ASDM) tiek izv€lets ka atbilstoSakais ADC prieks
BCI, tapéc par to tick veikta padzilinataka analize. STanalize parada, ka prieks plasa dinamiska
diapazona signaliem (piem., EEG), ASDM ké&des slégSanas aktivitate pie zemam ieejas signala
apmlitidam ir liela, tada veida radot paaugstinatu BCI sistémas energijas patérinu.

Lai uzlabotu ASDM effektivitati, darba tiek piedavats jauns risinajums - Amplitudas Adap-
tivs Asinhronais Sigma-Delta modulators (AA-ASDM), kurs darba tiek detalizeti aprakstits gan
no teorétiskas puses, gan prakstiskas. Lai prakse parbauditu un novertetu piedavato AA-ASDM,
darba tiek veikta virkne simulaciju un modeleSana, ka ar ir izstradata fiziska iekarta ka dala no
darba raditas bezvadu BCI sisteémas. Eksperimentalie rezultati parada, ka izmantojot AA-ASDM
priek$ EEG signalu kodéSanas, ir iesp&jams iegiit par 68.85% mazaku kédes aktivitati, ka lietojot
standarta ASDM. Tas rezultgjas arT ar proporcionalu energijas patérina samazinajumu raiditaja.
Darba beigas tiek dots Tss paveikta kopsavilkums, ka ar1 izdariti secinajumi.

Promocijas darbs ir izstradats Elektronikas un datorzinatnu institiita Valsts p&tijumu pro-
grammas “Kiberfizikalas sistémas, ontologijas un biofotonika drosai&viedai pilsétai un sabie-
dribai” projekta Nr.4. , Tehnologijas droSai un uzticamai gudrajai pilsétai” un ESF projekta
Nr.2009/0219/1 DP/1.1.1.2.0/09/APIA/VIAA/020 “Viedo sensoru un tiklotu iegulto sist€ému
pétijumu un attistibas centrs” ietvaros.

Darba ir 174.1pp., 72 atteli, 183 izmantotie literatiiras avoti un 12 pielikumi.
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SMD - Surface-Mounted Device

SNR - Signal to Noise Ratio

SNDR - Signal to Noise plus Distortion Ratio
SoC - System on Chip

SoD - Send on Delta

SRG - Shift Register

SWR - Sine Wave Crossing

S&H - Sample and Hold

TDC - Time to Digital Converter

TEM - Time Encoding Machine

UWSB - Ultra Wide-band

VCC - Power Supply Voltage

VCO - Voltage Controlled Oscillator

XNOR - Exclusive Neither Disjunction
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NOMENCLATURE

a - vector

a” - transposed vector

b - ASDM/AA-ASDM trigger parameter

C', ¢ - maximum value of the modulus of a signal

c(t), o(t) - signal time-varying envelope function

D - diagonal matrix

E' - energy of the signal

e(t) - error signal

Fpae - maximum frequency

G - matrix

G ! - inverse matrix

G™ - pseudo-inverse matrix

g(t) - signal reconstruction base function

g(t) - periodic approximation of ¢(t)

h(t) - signal reconstruction base function/impulse response of a filter
Naspa - number of switching time instants

P - signal power

supy.c» () - least number y that is greater than or equal to all numbers zy, k € Z
T - period/Nyquist step

t - continuous time

tn, Tn - discrete time

. - ASDM/AA-ASDM trigger switching time instants
w(t) - window function

x(t) - analog signal

(
(
(

S

)
t) - mean value
)

=>

t) - reconstructed signal

=

..k (t) - reconstructed signal from intervals

y(t) - output of the integrator
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Z - set of all integers

z(t) - ASDM/AA-ASDM output trigger signal

«, 3 - constant

A - quantization step

0 - ASDM/AA-ASDM trigger parameter

Ok,n - Kronecker symbol

O - length of a signal

6(t) - function, which describes the rising and falling edge of the window function
k - ASDM/AA-ASDM integrator parameter

¢ - constant

¢(t) - integral signal representation

Tmaz - Maximum distance between two consecutive trigger switching time instants
Tmin - Minimum distance between two consecutive trigger switching time instants
Q) - cut-off cyclic frequency

w - cyclic frequency
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INTRODUCTION

Almost everything we encounter in our daily lives - sound, light, temperature, pressure,
smell, flavor, etc. are in analog form. On the other hand, nowadays, almost all information is
stored and processed in digital form. In order to fill this gap between the real world and the
digital world, various analog to digital converters (ADCs) are used.

One very rapidly growing sector, which demands good quality ADCs is neuroscience. Hu-
man brain has more than 100 billion neurons which conduct electrical impulses (signals) and are
the core components of the nervous system. The nervous system, which includes the brain and
spinal cord, which together comprise the central nervous system (CNS) and the ganglia of the
peripheral nervous system (PNS) is responsible for sending, receiving, and processing nerve im-
pulses throughout the body. All the organs and muscles inside your body rely upon these nerve
impulses to function. Basically, the nervous system controls everything that human do, see,
hear, smell, feel, think, remember, dream, etc. by conducting electrical impulses. In fact, brain
neuronal activity generates electrical currents, which in turn generate electrical field potentials
which can be measured by using special electrodes, located on the scalp in certain places. [1]
The measured signals, called electroencephalogram (EEG) signals, are in analog form and must
be digitized (by ADC) to enable easier and much faster signal storage, analysis, processing and
research. Since EEG signals contain information about the brain neuronal functions and neu-
rophysiological properties, nowadays, by using advanced signal processing techniques [2], it is
possible to understand different processes in the human body. Even further, by using advanced
signal processing techniques in modern Brain Computer Interface (BCI) systems [3], [4], [5], it
is possible to control by thoughts”, for example, wheelchair, robotic prosthesis, computer, or
even a car [6], [7], [8], therefore it is reasonable to believe that BCI is a future technology and
it is very important to develop such a field.

In general, BCI is a communication pathway between the brain and an external device. Typ-
ical BCI system consists of four main parts: electrodes, differential amplifiers, ADC(s) and data
processing / visualization device (i.e. PC). But, nowadays, in order to make it more accessible
and convenient to use, a modern BCI systems also include wireless data transmission [9], [10],
[11] and a battery as a power source. Despite the fact that development of such systems very

increasingly becomes the subject of research [12], [13], [14], still there exist various problems,

20



weaknesses and limitations.

In order to prolong the life of battery and thus operation time of wireless BCI system, man-
agement of energy consumption is a crucial factor. As mentioned before, one very important
part of BCI system is ADC, where energy consumption can be significantly reduced. Even fur-
ther, by using appropriate ADC it is also possible to reduce the amount of information to be
transmitted, thus greatly reducing the energy consumption of a transmitter as well. But, exclud-
ing low energy consumption, ADC must also ensure proper sampling rate and resolution for
good signal quality as well as small physical size for convenient and lightweight on-head device
implementations.

Two types of ADCs can be differentiated: a) synchronous ADCs, for example, Flash ADC,
Digital Ramp ADC, Successive Approximation ADC, Tracking ADC, Sigma-Delta ADC and
Slope (integrating) ADC [15], [16], [17]; and b) asynchronous ADCs, for example, Zero Cross-
ing ADC, Sine Wave Crossing ADC, Level Crossing ADC, Send-on-Delta ADC, Peak Sampling
ADC and Asynchronous Sigma-Delta Modulator [18], [19], [20]. Each of these topologies have
its own advantages and disadvantages depending on the end-use application.

For BCI application, it is shown that asynchronous designs, instead of synchronous (which
are used in almost all available BCI systems), in ADCs, exhibit better properties such as lower
energy consumption, immunity to metastable behavior, modular design, low complicity, exclu-
sion of electromagnetic interference (EMI) and absence of clock jitter [21], [22].

Since EEG signals can be classified as a wide dynamic range signals, non-uniform sampling
method called Asynchronous Sigma-Delta Modulator (ASDM) has a great potential to improve
energy efficiency in BCI system [23], while maintaining other quality requirements. ASDM
is a Time Encoding Machine (TEM) which transforms the amplitude information of the sig-
nal into time information or time codes without the amplitude quantization error that exists in
the clocked converters. The method replaces high precision analog amplitude quantizer with
1bit comparator. This reduces the analog circuit complexity. The number of transitions can be
controlled by adjusting step size that is hysteresis of the comparator. This in turn reduces the
switching activity and the dynamic power consumption. [24] Latest implementations show that
it is possible to create standard ASDM with power consumption not exceeding 7.5nW [25].

However, due to wide dynamic range that EEG signals have, a high switching activity of

ASDM circuit appears when the input signal amplitude is low, causing increased power con-
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sumption of a wireless BCI system. Considering the above-mentioned, the main aim of this
thesis 1s to develop an improved method for signal encoding based on ASDM, which allows to
reduce the power consumption of the wireless BCI system, while maintaining the desired signal

quality. In order to reach the aim, following tasks have been defined:

* to carry out literature review and analysis on EEG signals, including neural activities,
action potentials, brain rthythms, EEG signal properties and measurement techniques;

* based on EEG signal and BCI system properties, to define requirements for ADCs;

* based on defined requirements, to carry out literature review and analysis on synchronous
and asynchronous ADCs and select the most appropriate ADC;

* to carry out an in depth analysis and research on ASDM, and identify the points of im-
provement;

* to carry out an in depth research on these improvements;

* to develop, test and assess the proposed methods.

Accordingly, the author has defined three theses:

1. In comparison to ASDM, the decrease of the number of switchings per second of the
Amplitude Adaptive Asynchronous Sigma-Delta modulator (AA-ASDM) output trigger
is determined by the mean value and the maximum value of the modulus of the signal and
the mean value of its estimated envelope function.

2. For electroencephalogram (EEG) signals, the AA-ASDM with the proposed envelope
function has up to 68.85% less average switchings per second of the output trigger, com-
pared to ASDM, while maintaining a 22-bit resolution of AA-ASDM conversion.

3. In comparison to ASDM, by using AA-ASDM it is possible to reduce energy consumption

of an event-driven data transmitter by 50% depending on the circuit parameters.

Based on the defined thesis and set tasks, the Doctoral thesis is divided into five sections. In
Section 1, a literature review on neural activities, action potentials, brain rhythms, EEG signal
properties and measurement techniques is carried out. Also, in this section, an in depth analysis
of synchronous and asynchronous analog-to-digital converters is performed, in order to iden-
tify their advantages and disadvantaged as well as suitability for BCI applications. Based on

this analysis, one the most suitable ADC for BCI is selected for in depth analysis in Section 2.
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This section is dedicated to research on ASDM, particularly on signal encoding and decoding
fundamental principles. Also, the main advantages and disadvantages are identified and ana-
lyzed. Knowing the main drawbacks of ASDM, in Section 3 the proposed new method, called
AA-ASDM is presented. This section describes the main theoretical principles of AA-ASDM
signal encoding and reconstruction, as well as fast and real-time reconstruction. In order to ver-
ify and assess this theory in practice, in Section 4 various simulations, modeling and physical
implementations are carried out for both ASDM (as a reference design) and AA-ASDM. Fi-
nally, at the end of this work, in Section 5, conclusion with suggestions for future research is
given. In appendices several mathematical derivations and Matlab codes related to ASDM and
AA-ASDM are given.

This Doctoral thesis is based on the papers [26], [27], [28] [29] by the author of this Thesis

and paper co-authors Rolands Shavelis and Modris Greitans. Here and further in the text, the

references with authors own contribution are highlighted in bold un underlined.
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1. BACKGROUND AND RELATED WORK

The main purpose of this section is to describe previous research in the field of analog-to-
digital converts (ADC) and choose one the most appropriate for electroencephalogram (EEG)
encoding and brain computer interface (BCI) application as whole. In order to achieve this aim,
first of all it is necessary to understand the nature of EEG signals. For example, is it random? Is
it linear? Is it stationary? What are typical amplitudes and frequencies? etc. For this reason, the
Section 1.1 is dedicated to understanding how our brain works, what are the properties of EEG
signals, how these signals can be measured and how BCI systems work. Based on the results
achieved in Section 1.1, the most suitable for EEG signal encoding, synchronous (Section 1.2.1)
and asynchronous (Section 1.2.2) ADC’s will be chosen and analyzed against criteria set out in
the Section 1.2. After the analysis, performed in Section 1.2.1 and Section 1.2.2, the most
appropriate/promising ADC for brain computer interface (BCI) application will be selected for
further in-depth analysis in Section 2. At the end of this section a summary and conclusions are

given.

1.1 Electroencephalogram Signals

A brain-computer interface (BCI), sometimes called a mind-machine interface (MMI), direct
neural interface (DNI), or brain—machine interface (BMI), is a direct communication pathway
between the brain and an external device [30]. In order to establish this communication, first
it is necessary to measure brain neural activity. The brain neural activity can be measured by
the electroencephalogram (EEG) and the measured signals are called EEG signals. In order
to understand main properties of EEG signals, which further will be used to choose the most
appropriate ADC, in this section a brief overview on neural activities, action potentials, EEG
generation, brain rhythms, EEG measurement techniques and description of typical BCI will be

given.
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1.1.1 Neural Activities and Action Potentials

Human brain has more than 100 billion neurons (or nerve cells) which conduct electrical
impulses (signals) and are the core components of the nervous system [1]. The nervous system,
which includes the brain and spinal cord, which together comprise the central nervous system
(CNS) and the ganglia of the peripheral nervous system (PNS) is responsible for sending, re-
ceiving, and processing nerve impulses throughout the body [1]. In general, the CNS consists
of two types of cells: glial and nerve cells, which are located between neurons. As it is shown in
Fig. 1.1, each nerve cell consists of cell body (with nucleus), axons and dendrites. Nerve cells
sense changes in the environment, transmit information to other neurons (via axon terminal) and
respond to sensations. A nerve cell body has a single nucleus and contains most of the nerve
cell metabolism [2]. The axon, which can be several meters long, is specialized in information
(electrical impulses) transfer in the nervous system. In order to transmit the information faster,
axons are insulated by Schwann cells. [1] [2] [31]

Dendrite

Axon
/Terminal

Cell Body

%

%
Nucleus Schwann Cell

Figure 1.1: Structure of a nerve cell [32]

Dendrites are connected to either the axons or dendrites of other cells and receive electrical
impulses from other nerves or relay the signals to other nerves [2]. In the human brain, through
dendrite connections, each nerve is connected to approximately 10,000 other nerves [2].

Generally, most of the activities in CNS are related to the synaptic currents, which are trans-
mitted between the synapses of axons and dendrites in order to pass the information. The in-
formation transmitted by a nerve over distances in the nervous system is called an action poten-
tial (AP). Action potentials can be initiated by different types of stimuli, for example, sensory
nerves respond to stimuli such as sound, light, pressure, electricity, touch, smell, etc. On the
other hand, the CNS nerves are stimulated mostly by chemical activity at synapses. All the

organs and muscles inside humans’ body rely upon these stimuli currents (nerve impulses) to
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function. Basically, the nervous system controls everything a human do, see, hear, smell, feel,
think, remember, dream, etc. by conducting electrical impulses. [1] [2] [31]

Action potentials are caused by an exchange of Na+ (sodium) and K+ (potassium) ions across
the neuron membrane and can only occur when opposite charges exist on two sides of a cell
membrane (intra- and extracellular space). In short, AP is simply an electric current, which is
created by sudden reversal in charge, that travels down an axon of a nerve cell. [2] [31]

As it is shown in Fig.1.2, when a nerve cell is resting (not transmitting impulses) the mem-
brane potential is —60mV’. At this state Na+ and K+ ions move their concentration gradients
through their membrane channels to opposite sides of membrane, thereby ensuring that the num-
ber of positive charges on the outside is higher than on the inside. When nerve cell is sending
a signal (impulse), the membrane potential depolarizes (becomes more positive (rising phase)),
producing a spike. At this phase, additional Na+ channels open and the Na+ influx drives the
interior of the cell membrane up to approximately +25mV’. After the peak of the spike, Na+
channels close and the K+ channels open therefore membrane potential re-polarizes and be-
comes more negative than the resting potential. After hyper-polarization phase, which prevents
the neuron from receiving another stimulus and thus ensuring that the signal is proceeding in
one direction, membrane potential returns to normal - resting level. Usually, for human, the AP

of most nerves last between 1 and 10 milliseconds and amplitude ranges between —60m V" and
25mV. [2] [31] [33] [34]
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Figure 1.2: The phases of an action potential [33]

An inflow of anions into the nerve cell and overflow of cations from the nerve cell causes a

potential change along the nerve cell membrane. Primary trans-membranous currents generate
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secondary ional currents along the cell membranes in the intra- and extracellular space. The
portion of these currents that flow through the extracellular space is directly responsible for
the generation of field potentials. These field potentials, which are usually with less than 100
Hz frequency, are called EEGs and can be measured also by non-invasive methods from scalp.
Basically, an EEG signal measurement is a measurement of currents that flow during synaptic
excitations of the dendrites of neurons in the cerebral cortex. The measured signal is a sum of
the large number of nerve cells (neurons) potentials, since only large number of neurons can

generate enough potential to be recorded from the scalp electrodes. [1], [2] [35]

1.1.2 Brain Rhythms

According to [36] the cerebral cortex can be divided into 52 Brodmann’s "areas” (Fig. 1.3)
which designate functional regions in the cortex. For example, there is an area for the ”motor”
cortex, which control our muscles, an area for “’visual” cortex, which we see with, areas for

somatosensory cortex, and so on. [36]

Figure 1.3: 3D representation of Brodmann areas [37]

By taking into account Brodmann’s areas, when measuring and analysing neural activities in
the brain, it is possible to understand different processes in our body. Even further, it’s possible
to diagnose many neurological disorders and other abnormalities in the human body, such as,
epilepsy, seizures, sleep disorders, physiology, and many more. [2]

In order to be able to analyze EEG signals, it’s necessary to understand main EEG signal
properties. Our brain primarily operates in five brainwave states or brain rthythms, which can
be divided into bands by frequency. Brain rhythms range from being wide awake and active,

the beta brainwave state, to the calm, focused alpha state, and the creative, deeply meditative
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theta state, down to low wave, deep, dreamless, restorative sleep referred to as the delta brain-
wave state. Figure 1.4 shows the typical brain rhythms with their typical frequency ranges and

amplitude levels. [38] [39] [40]

Brain Rhythm Brainwave Typical Frequencies  Typical Amplitudes
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Figure 1.4: Brain Rhythms (adopted from [39])

Delta waves. The typical frequency range is from 0.2 — 3.9 Hz, while typical amplitudes,
measured from the scalp, are from 100 - 200 V. Delta is the slowest band of brainwaves with the
highest amplitude and are primarily associated with deep, dreamless sleep and may be present
in the waking state. It is easy to confuse delta waves with artifact signals from neck and jaw
muscles. Nevertheless, by using simple signal processing methods it is easy to distinguish delta
waves from responses caused by excessive movement. [41] [42] [43]

Theta waves. The typical frequency range is from 4 — 7.9 Hz, while typical amplitudes
are from 5 - 10uV. Theta waves are associated with light sleep, creative inspiration, extreme
relaxation, deep meditation or even hypnotherapy and self-hypnosis. High theta wave activity
in an awake adult are abnormal and are caused by various pathological problems. [41] [43] [44]

Alpha waves. The typical frequency range is from 8 — 12.9 Hz, while typical amplitudes are
from 20 - 80 V. Alpha waves are associated with tranquility, light meditation and relaxation
without any attention or concentration. Alpha activity has also been associated to the ability to
recall memories, reductions in stress and anxiety and lessened discomfort and pain. Most of the

subjects produce more alpha waves when their eyes are closed. Usually, alpha waves appears
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as a sinusoidal or round shaped signal. A peak of alpha waves can regularly be seen in the beta
waves in frequencies up to 20 Hz. Also, quite often an alpha wave response is seen at 75 Hz.
[41][43] [45]

Beta waves. The typical frequency range is from 13 — 40 Hz, while typical amplitudes are
from 1 - 54V, Beta waves are the usual waking rhythm associated with mental activity, active
thinking, active attention, concentration, solving concrete problems, etc. High-level beta waves
may occur when a human is in a state pf panic. A central beta rhythm can be blocked by tactile
stimulation or motor activity. Many people lack sufficient beta activity, which can cause mental
or emotional disorders such as depression or insomnia. By stimulating beta activity it is possible
to improve emotional stability, attentiveness and concentration [46]. [41] [43]

Gamma waves. The typical frequency range is from 40 - 100 Hz, while typical ampli-
tudes are from 0.5 - 2V. Gamma waves are associated with language and memory processing,
formation of ideas and various types of learning [47]. Gamma waves are thought to represent
binding of different populations of neurons together into a network for the purpose of carrying
out a certain cognitive or motor function [48]. [43]

Besides primary brain waves delta, theta, alpha, beta and gamma, there are other brain wave-
forms, like rho, mu, phi, kappa, tau, chi and lambda. [41]

All these brain rhythms together are forming the electroencephalogram signal (Fig. 1.5).
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Figure 1.5: Electroencephalogram (EEG) signal

In general, EEG signals are the projection of neural activities that are attenuated by lep-
tomeninges, cerebrospinal fluid, dura matter, bone, galea, and the scalp. Cartographic dis-
charges show amplitudes of 0.5—1.5 mV" and up to several millivolts for spikes. However, on

the scalp the amplitudes commonly lie within range of 0.5-200 pV'. [41]
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1.1.3 EEG Measurement

In neuroscience, electroencephalography is a very often used measurement technique for
brain electrical potential measurement. Using special electrodes, located on the scalp in certain
places, it is possible to get information about the brain neuronal functions and neurophysiolog-
ical properties.

EEG measurement and recording systems

Usually multi-channel electroencephalography systems consist of four main parts: elec-
trodes, differential amplifiers (one for each channel), analog-to-digital converter (ADC) and
data processing / visualization device (i.e. PC). But, nowadays, a modern multi-channel BCI
systems also include wireless data transmission (see Fig. 1.6) [9], [10], [11]. Depending on
the design, some systems are supplemented by other parts, for example, hardware filters, pre-

processing units, etc.

% Ampliﬂer ﬁé Transmitter 9’)) % é

Figure 1.6: Block diagram of generalized EEG measurement and recording system

The EEG recording electrodes are crucial for high quality data acquisition. Currently, for
EEG recording systems, different types of electrodes are used, such as, disposable, reusable
silver/gold disc electrodes, headbands and electrode caps, saline-based electrodes, needle elec-
trodes, etc. Non-invasive scalp electrodes usually are divided into two groups: wet and dry
electrodes, where due to better contact with the skin, wet electrodes present higher signal qual-
ity. For multi-channel EEG systems with a large number of electrodes, one of the most popular
scalp electrodes are AgCl disks. Since high impedance (more than 5k€2) between the cortex and
the electrodes can lead to distortions, modern EEG recording systems are often equipped with
impedance measurement sensors. [2] [49]

Since the amplitude of the EEG signal, measured from scalp, are only few pV', amplifiers are
an important part of the modern EEG measurement systems. In order to avoid distortions, these
amplifiers must meet certain requirements. First of all, they must have high input impedance

(at least 10M(2), so they provide minimal loading of the signal being measured. Besides that,
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the input circuit must provide protection, since any current appearing across the amplifier input
terminals produced by the amplifier is capable of affecting the signal being measured. Also, the
amplifiers should have isolation and protection circuitry, so the current through the electrode
circuit can be kept at safe level and any artifact generated by such current can be minimized.
Furthermore, the output impedance of the amplifier must be low with respect to lead impedance
and it must operate in particular frequency range, thus ensuring optimal signal to noise ratio
(SNR). Modern EEG systems use differential amplifiers, where signals are obtained from bipolar
electrodes. In this case, the differential amplifier must have high common-mode-rejection ratio
(CMRR) (at least 120dB), in order to minimize interference due to the common-mode signal.
[49], [50]

In order to make EEG signal processing and analysis more effective, different ADCs are
used to digitize analog EEG signal. Since EEG signals can be classified as High Dynamic Range
(HDR) signals (see Section 1.4), ADC must have appropriate resolution not to lose important
components of the signal. By knowing typical amplitudes of the measured EEG signal from
previous section (0.5-200 pV'), it is possible to calculate desired resolution of the ADC.

In the case shown in Figure 1.7, the maximum peak to peak amplitude of the EEG signal is

2A, but minimum peak to peak amplitude: 2a.
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Figure 1.7: Calculating ADC resolution depending on the signal dynamic range; 2A - maxi-
mum peak to peak amplitude, 2a - minimum peak to peak amplitude, M - quantization levels

By assuming that it is necessary to have M quantization levels between a and —a we can
write a following expression:

2a
M’

where a > 0 and A, is the quantization step.
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In order to determine the desired resolution, i.e. how many bits (/V) are necessary for ADC
to encode EEG signal without loosing important components, we can write an equation for N-bit
ADC, where dynamic range is 2A:

2A
A = o (1.2)

where A is the quantization step.

In this case, it is necessary to ensure following inequality:
Ay <Ay (1.3)

From (1.3) it follows:

24 22 | N_an.g
2N = M  In2

(1.4)
By knowing typical EEG signal amplitudes and assuming that A/ = 10 is a sufficient condi-
tion, it is possible to calculate minimum number of bits, which are necessary to encode the EEG
signal:
In10 - 490

N=——1 =11.9658 ~ 12 bits. (1.5)
In2

Since EEG signal bandwidth in most cases is limited to approximately 200 Hz (see Section
1.4), there is no need to have ADCs with high sampling rate capabilities.

When EEG signal is digitized by ADC, it must be transmitted to signal reconstruction and
processing unit, which usually is some kind of embedded system or PC. Usually bluetooth or
wi-fi communication is used for wireless data transmission.

Currently, in modern BCI systems, one of the biggest challenges is to reduce the power
consumption in data acquisition part, i.e., to develop ultra low power amplifiers, ADCs and
transmitters, in order to prolong the life of the battery and thus operation time of a wireless BCI
system. State of the art low power, low noise amplifiers or their cascade with at least 80dB gain,
which is necessary for EEG signal amplification, consume starting from 1,37aW [51], [52], [53],
[54]. But low power ADCs, which can ensure 12-bit resolution, consume starting from 40nW
[55], [56], [57]. As expected, the most power consuming part of the data acquisition system
is transmitter. The power consumption of conventional transmitters varies between 3mW and
60mW [58], [59], [60] [61], but ongoing research shows, that it is possible to create a transmitter
which consumes few hundreds of nW [62], [63] or even hundreds of pW if an Ultra Wide Band
(UWB) technologies are used to transmit 100 events per second [64], [64], [65]. Although power
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consumption of UWB based transmitters is extremely low, the reception and reconstruction of
the signal is very complex and usually inaccurate. Also, the generation of different shape UWB
pulses is very complicated, thus limiting the number of channels which can be used for BCI
system.

Electrode Positioning

The International Federation of Societies for Electroencephalography and Clinical Neuro-
physiology has recommended the 10-20 system, which is the most commonly used method for

electrode placement on scalp for EEG tests and experiments (see Fig. 1.8). [41]
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Figure 1.8: The international 10-20 system of electrode placement [66]

The 10-20 system, is based on the ratio (in %) between electrode location and underlying area
of cerebral cortex, where 10% and 20% refer to the actual distances between adjacent electrodes
of the total skull’s front—back or right—left distance (see Figure 1.8). In order to identify the
lobe and the hemisphere location, each of these positions has a designation, which consists of
a letter and a number. In this case, the letter F stands for frontal lobe, T - temporal lobe, C -
central lobe, P - parietal lobe, and O - occipital lobe. The numbers show in which hemisphere
particular electrode is located, if even number - on the right hemisphere, if odd number - on
the left hemisphere. In addition, also earlobe reference electrodes with expressions Al and A2
are used in 10-20 system. Even though the original 10-20 system contains only 21 electrode,

modern systems, for example ”10-5 system”, use up to 256 electrodes. [67]
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EEG Signals and their Artifacts

EEG is complicated, continuous, non-stationary, non-linear and noisy signal, which is also
affected by different artifacts. [41] [68] The main artifacts can be divided into biological and
environmental/system artifacts.

The biological or internal artifacts include eye-induced artifacts or EOG (i.e. eye blinks,
eye movements, extra-ocular muscle activity), body movement-related artifacts, EMG (muscle
activation) induced artifacts, ECG (cardiac) and pulsation artifacts, glossokinetic artifacts and
others. [41] [48] An example of EEG signals, which are affected by biological artifacts is shown

in Figure 1.9. In order to remove biological artifacts different methods, such as independent
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Figure 1.9: EEG signal affected by biological artifacts

component analysis (ICA) or blind source separation (BSS), are used. [69] [70] [71] The basic
idea behind such methods is to ”remix” only those components that would result in ”clean” EEG
signal by zeroing the weight of unwanted components. [48]

The environmental/system artifacts may result from 50/60 Hz power supply interference, an
electrode pops from patient movement, impedance fluctuation, electrical noise from the elec-
tronic components, cable defects, unbalanced impedance of the electrodes, etc. [41] [48] In
order to remove environmental/system artifacts and exclude any distortion of the EEG signals,
different filters are designed. Highpass filters (cut-off frequency less than 0.5 Hz) are used to
remove the low frequency components, for example, breathing. On the other hand, lowpass fil-
ters (cut-off frequency ~50-70 Hz) are used to mitigate high-frequency noise. In addition, also
notch filters with a null frequency of 50 Hz are used, in order to mitigate noise, coming from

the strong 50 Hz power supply. [41]
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1.2 Analogue-to-Digital Converters

Despite the fact that development of Brain Computer Interfaces (BCI) has increasingly be-
come the subject of research [12], [13], [14], still there exist various problems, weaknesses and
limitations. Since the recent trend is developing such systems more convenient in use [72], [73],
most of them are equipped with wireless data transmission and accordingly with a battery as a
power source. In order to prolong the life of the battery and thus operation time of wireless
system, management of energy consumption is a crucial factor. One very important part of all
BCI systems is analog-to-digital converter (ADC) (see Section 1.1.3), where energy consump-
tion can be significantly reduced. In addition, by choosing appropriate ADC, it is also possible
to reduce the power consumption of the transmitter, by reducing the amount of data to be trans-
mitted. Therefore the main aim of this section is to choose and analyse both synchronous and
asynchronous ADC’s against requirements/criteria, which are set out based on the EEG signal
properties (see Section 1.1) and BCI system as whole.

In order to be able to choose and analyse different ADC:s, first of all the requirements/criteria,
against which all ADCs will be examined, must be set out. Based on EEG signal properties and
the current situation in the field of BCI’s (see Section 1.1), four main criteria have been set out:
Energy Efficiency. In modern wireless BCI systems, energy efficiency is a crucial parameter,
since lifetime of the battery is strongly related to the whole system’s power consumption. The
less power BCI system consumes, the longer it will operate. In this case, the most energy effi-
cient ADCs will have a greater advantage to be selected.

Encoding Complexity. In order to develop a miniature and convenient BCI system, it is im-
portant to reduce both, size and weight. This can be achieved by reducing complexity of the
overall BCI system. Since ADC is part of the whole system, it is also important to reduce its
complexity (and therefore costs as well). This can be achieved by using fewer elements at the
encoding side. ADC occupying the smallest area on the silicon die will have greater advantage
to be selected. In this case, all ADCs are compared evenly by finding the smallest, most energy
efficient ADC, which is implemented by using 180nm CMOS process technology and fits to
the Resolution and Sampling Rate requirements (see below).

Resolution. In general, the resolution defines the smallest analog input signal voltage change

that can be measured by the ADC. In practice, the resolution of the ADC is limited by the signal-
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to-noise ratio (SNR). If there is too much noise present in the analog input, it will not be possible
to reconstruct accurately the signal beyond a certain number of bits of resolution, the Effective
Number Of Bits (ENOB). ENOB defines ADC’s dynamic performance at the specific input fre-
quency and sampling rate. An error of an ideal ADC consists only of quantization noise. As
the frequency of the input signal increases, the overall noise also increases, thereby reducing the

ENOB. [74] In this case, the ENOB can be calculated as [74]:

SNR —1.76
ENOB = —— 1.6
6.02 (16)

Since EEG signals can be classified as a high dynamic range (HDR) signals it is important

to have such ADC, which supports conversion of HDR signals. In this case, as shown in Section
1.1.3, ADC must ensure at least ENODB > 12 bit resolution.
Sampling Rate. As shown in Section 1.1.2 and Section 1.1.3, EEG signal maximum frequency
does not exceed 200 Hz. Therefore, the parameter of sampling rate is not very demanding for
ADC and can be ensured by almost all ADCs. In this case, ADC must ensure at least 400 S/s
sampling rate.

Based on these requirements, in the next two sub-sections (Section 1.2.1 and Section 1.2.2),
both synchronous and asynchronous ADC techniques will be analysed with the associated trade
offs of each topology. After the analysis the most appropriate/promising ADC for BCI applica-

tion will be chosen for further in depth analysis and research.

1.2.1 Synchronous Analogue-to-Digital Conversion

Currently, the most popular architectures of analogue-to-digital converters (ADCs) are Flash
ADC (direct conversion), Pipeline ADC, Digital Ramp ADC, Tracking ADC, Successive Ap-
proximation (SAR) ADC and Sigma-Delta (¥ A) ADC. Since all of these ADCs are driven by a
global clock, where ADC states are changed only on rising or falling edges of the clock pulses,
such ADCs are called synchronous ADCs. In this section, an overview of mentioned ADCs
as well as analysis in relation to set out requirements (energy efficiency, encoding complexity,

resolution and sampling frequency) is given.
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1.2.1.1 Flash Analogue-to-Digital Converter

Flash ADC, also called parallel ADC, is the fastest type of ADCs. [75] Figure 1.10 shows
the block diagram of Flash ADC. A N-bit Flash ADC consists of 2" resistors and 2V — 1
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Figure 1.10: Flash ADC: a) block diagram; b) analog input signal (red color) and digital out-
put signal (blue color)

comparators, each one comparing the input signal to reference voltage. When analog input signal
voltage exceeds the reference voltage (+Vzpr) at each comparator, the comparator outputs will
sequentially saturate to a high state. It means that for a given input voltage, all the comparators
below a certain point will have their input voltage larger than their reference voltage and a 17
logic output, and all the comparators above that point will have input voltage lower than the
reference voltage and a 0 logic output. Since the input signal is applied to all the comparators
at once, the output is delayed by one comparator delay from the input, and the encoder /N-bit
output by a few gate delays, so the conversion process is very fast. The outputs of comparators
are connected to the priority encoder circuit, which produces an N-bit binary output, based on
the highest-order active input, ignoring all other active inputs. [75] [76]

Energy Efficiency. Energy consumption is always a big consideration in flash ADCs, especially
at resolutions above 8-bits. The latest research results show, that it is possible to create Flash
ADC with power consumption 127 uWW (180 nm technology) [77] or even 72 puW (45 nm

technology) [78], however, resolution will be no more than 4-bits. If resolution is increased to

37



8-bits or more, the energy consumption will increase either, as it is shown in [79], where 8-bit
Flash ADC consumes 690 W (130 nm technology).

Encoding Complexity. As shown in Figure 1.10, Flash ADC architecture uses large numbers
of resistors (2/V) and comparators (2" — 1). It means, if there is a need for 8-bit (N = 8) Flash
ADC, it will consist of 28 = 256 resistors and 28 — 1 = 255 comparators. Thereby there is a
high energy dissipation due to large number of comparators and therefore relatively large (and
therefore expensive) chip sizes, thus making Flash ADC encoding complex. [75] The most
suitable Flash ADC, with 90,8mW power consumption, 8-bit resolution and 2 GS/s sampling
rate will occupy 0.253mm? of a silicon die. [80]

Resolution. In practice, relatively high complexity hybrid Flash ADCs (e.g. Flash + SAR ADC)
are available with up to 14 bits of resolution [81], [82], but standard Flash ADCs usually have
only 3-8 bits. [75]

Sampling Rate. The maximum sampling rate is the main strength of Flash ADCs. It can be
as high as 20 GS/s for low resolution (4-bit), high power consumption (15.5 mWW') Flash ADCs
[83] and 1.42 GS/s for 8-bit, 0.54 mW Flash ADC [84].

1.2.1.2 Pipeline Analogue-to-Digital Converter

Figure 1.11 shows the block diagram of Pipeline ADC, also called multi-step ADC. Pipeline
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Figure 1.11: Pipeline ADC: a) block diagram; b) analog input signal (red color) and digital
output data (blue color)
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ADC’s operation is very similar to Two-Step Flash ADC [85]. First, the analog input signal
value is captured and held steady ("S&H” block), while the flash ADC in ”Stage 1” quantizes
it to 3 bits (see Figure 1.11).

The 3-bit Flash ADC output is then fed to a 3-bit digital-to-analogue converter (DAC) (ac-
curate to 12 bits), and the analog output is subtracted from the analog input. The output of
adder (residue) is then gained up by a factor of 4 and fed to subsequent stages. As soon as
any of stages has performed its task, it can quantize the next input sample without waiting for
the residue of a specific sample to reach the end of the pipeline, to complete its quantization.
Therefore, the throughput of the pipeline ADC is similar to Flash ADC, but its latency is higher.
The more stages there are, the higher the latency will be. Since the bits from each of the stages
are determined at different time instants, they are time-aligned with shift registers before being
fed to the digital-error-correction logic, where by estimating and correcting inter stage gain it is
possible to enhance the resolution.[85] [86]

The main advantage of Pipeline ADC is high sampling rate (from 1 MS/s for high resolution
16-bit ADCs up to 100+ MS/s for lower resolution 8-bit ADCs) with high bandwidth, therefore
Pipeline ADC covers a wide range of applications. On the other hand, parallelism increases not
only throughput, but also power consumption and latency. [87]

Energy Efficiency. Pipeline ADC architecture offers one of the best performances in terms of
speed and power. In such an architecture, the main power dissipation components in each of the
Pipeline stages are operational amplifiers in Flash ADC and DAC (see Figure 1.11), which are
consuming 65-80% of the total power. The power consumption from other components, such as
clock generators, biasing circuits and digital circuitry, usually is much smaller and almost inde-
pendent from the number of bits/stage. [88] There is a trade-off between the speed, resolution
and power. The latest low power implementations show that it is possible to create a Pipeline
ADC with power consumption as low as 1-10 mW [89], [90], [91], [92] with 50-200 MS/s and
10-bit resolution. But for preferred 12-bit resolution, low power Pipeline ADCs will consume
20-60 mW [93], [94], [95]

Encoding Complexity. As shown in Figure 1.11, Pipeline ADC has very complex architecture
due to multiple “stages”, where each ”stage” consists of several elements, such as comparators,
amplifiers, etc. If the number of stages is reduced, there will be more bits per stage and thereby

more comparators, which increase the overall power consumption as well as occupied silicon
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die area. On the other hand, if the amount of amplifiers is lower (saves energy), accuracy is
higher and latency smaller. But, if there is a large number of stages and thereby fewer bits per
stage, there is a higher amount of amplifiers (which increase the overall power consumption),
lower accuracy and makes larger latency. On the other hand, fewer comparators allow to reduce
power consumption and complexity of the circuit significantly. Due to this trade-off, the least
complex designs usually involve 3-4 bits per stage. [96] The most suitable Pipeline ADC, with
30mW power consumption, 12-bit resolution and 25 MS/s sampling rate will occupy 0.86mm?
of a silicon die. [97]

Resolution. In order to simplify the Pipeline ADC’s layout and implementation, usually all
”stages” are designed with the same resolution, thereby it is possible to use the same reference
voltage for all quantizers and DACs. Still, different design trade-offs may use different resolu-
tions for each stage. Then, normally, the first stage is with a higher resolution. For high speed
designs, usually lower per-stage resolution is used, but for low-power designs higher per-stage
resolutions are used. [85] In practice, Pipeline ADCs have higher resolution then Flash ADC,
which is up to 16-bits [98], while maintaining high sampling frequency.

Sampling Rate. In Comparison to Flash ADCs, Pipeline ADCs are almost as fast as Flash
ADC:s, but with much higher resolution. It can be as high as 5 GS/s for 8-bit, 150 mWW Pipeline
ADC [99] and 200 MS/s for 12-bit, 11.5 mW Pipeline ADC [93], [94].

1.2.1.3 Digital Ramp Analogue-to-Digital Converter

Digital Ramp ADC, also called as a stairstep-ramp ADC, has one of the simplest architectures
of all ADCs. Figure 1.12 shows the block diagram of Digital Ramp ADC. In Digital Ramp
ADC, the output of a free-running binary counter (CTR) is connected to the input of a Digital
to Analogue Converter (DAC). At the beginning of the conversion, the CTR is set to zero and
comparator’s output is ’high”. Then, with each clock pulse, the CTR incrementally counts up
until the output voltage of the DAC is higher than the analogue input voltage. At this moment
of time, the comparator’s output will switch to ”low” state and CTR will stop counting and reset
to zero on the next clock pulse (see Fig. 1.12 b)). Also, at this moment, the shift register (SRG)
will “load” the binary output of CTR, thus updating the circuit’s digital output (see Fig. 1.12

c¢). As it can be seen in Fig. 1.12 b) and c), due to time which is necessary for ramp to rise, for
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Figure 1.12: Digital Ramp ADC: a) block diagram; b) analog input (red color), DAC output
(green color); and c) digital output (blue color)

higher input voltages it takes longer time to convert, therefore sampling rate is not fixed, which
is unacceptable in many applications. [100]

Energy Efficiency. Even though Digital Ramp ADC has a simple architecture and thereby a
potential to be very energy efficient, due to variations in sampling frequency and thereby low
application range, there are very few research groups working in this field. As a result, the
achieved performance isn’t as high as it could be. Although Digital Ramp ADC requires only
one comparison per clock cycle, the latest research results show that 12-bit Digital Ramp ADC
will consume up to 3mIV at average sampling rate of ~1,28 MS/s [101], [102]. For lower
resolution, it is possible to achieve power consumption of ©WW [103].

Encoding Complexity. Since Digital Ramp ADC usually does not need any calibration circuit
and regardless of the resolution it has only one comparator, the Digital Ramp ADC architecture
can be considered as a low complexity or even very low in most simple cases. [104] The most
suitable Digital Ramp ADC, with 3.8mW power consumption, 12-bit resolution and 0.746 MS/s
sampling rate will occupy ~0.017mm? of a silicon die. [102]

Resolution. Current state-of-the-art Digital Ramp ADCs achieve up to 12 bit resolution and
sampling rate up to 2,5 MS/s. [101], [102] The accuracy of the Digital Ramp ADC depends on
the ramp generator (or the DAC) as well as the oscillator. [75]

Sampling Rate. Since Digital Ramp ADC'’s circuit needs to count from zero level all the way
from the beginning of each count cycle, the sampling rate is not only relatively slow, but also

depends on how high the input signal voltage is, i.e., for low input voltages, the sampling rate is
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higher, but for higher input voltages, it takes longer time to convert, which means sampling rate
isnt’t fixed. [100] For low resolution applications (4-6 bits), Digital Ramp ADC can achieve
up to 250 MS/s with power consumtion of 1mW [104], but for desired 12 bits, up to 2,5 MS/s
(24mW) [105].

It is possible to avoid using a DAC by replacing it with an analog ramping circuit (integrator).
Such ADC is called Slope, or integrating ADC. In this case, the reference voltage for comparator
is a smooth sawtooth waveform rather than a “stairstep”. Nevertheless, Slope ADC has all the
disadvantages of the digital ramp ADC, with the added drawback of calibration drift. The only
advantage of this circuit is that it avoids the use of a DAC, which reduces circuit complexity.
There are also dual-slope, triple-slope and even quad-slope ADCs which allow to increase the

resolution and sampling rate at the cost of added complexity. [75], [100]

1.2.1.4 Tracking Analogue-to-Digital Converter

Tracking ADC is another variation of the counter-DAC-based converter (see Section 1.2.1.3

and Section 1.2.1.5). As shown in Fig. 1.13, instead of using regular ”up” counter, Tracking
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Figure 1.13: Tracking ADC: a) block diagram; b) analog input (red color) and digital output
(blue color)

ADC uses an “up/down” counter in order to drive the DAC. The "up/down” counter is driven
by the output of the comparator. When analog input signal exceeds the DAC output, the counter
counts up, on the other hand, when the DAC output exceeds the analog input, the counter counts
down, thus tracking the analog input signal value (see Fig. 1.13 b)). Since the counter never has

to reset, the conversion speed is higher then in other ”counting” ADCs. Also, there is no need
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for a shift register and the binary output is updated with every clock. Tracking ADCs are not
very common, but their advantages are valuable in synchro/resolver to digital converters, where
Tracking ADCs are most often used. [75], [76], [100]
Energy Efficiency. Similarly to Digital Ramp ADC, Tracking ADC has a small application
range and therefore there are very few research groups working in this field. Research results
shows that it is possible to achieve 84,/ power consumption for 6-bit, SOMS/s Tracking ADC
and 0.49mW for 6-bit, 130MS/s Tracking ADCs [106], [107]. For higher resolution applica-
tions, the power consumption of Tracking ADC is also higher, for example, 12-bit ADC will
consume from 50m WV [108].
Encoding Complexity. In the most simple case, the complexity of Tracking ADC is low, how-
ever the binary output is never stable. The stability issue can be solved by a using specific
shift register which increases the overall circuit complexity. Also, if the resolution is increased,
the complexity will increase as well [107], [109]. Therefore, the Tracking ADC can be char-
acterized as medium complexity. [100] The most suitable Tracking ADC, with 50mWW power
consumption, 12-bit resolution and 500 S/s sampling rate will occupy ~0.35mm? of a silicon
die. [109], [108]
Resolution. Currently Tracking ADCs can achieve up to 12 bits of resolution, with sampling
rate up to 0.5 kS/s [108]. The resolution of Tracking ADC:s is relatively low and does not exceed
12-bits. [75]
Sampling Rate. From Fig. 1.13 b), it can be seen that if the analog input signal changes slowly,
the counter will be able to track it, but if there will be a sudden change in the signal, it will
take thousands of clock cycles before the output is correct again. Therefore, Tracking ADCs
can respond quickly to slowly changing signals, but slowly to rapidly changing signals. [75]
Current research results show that for low resolution applications (up to 6-bits) it is possible to
achieve up to 130 MS/s, but for desired 12-bits, only 0.5 kS/S, which is enough for EEG signal
sampling. [108]

By replacing the "up/down” counter with SAR logic, we obtain a Successive Approximation

ADC (see next Section 1.2.1.5).
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1.2.1.5 Successive Approximation Register Analogue-to-Digital Converter

Successive Approximation Register (SAR) ADC architecture is very similar to Digital Ramp
ADC (see Fig. 1.12) and Tracking ADC (see Fig. 1.13), the only difference is a counter circuit
(Successive Approximations Register), which allows to address the main disadvantages of Digi-

tal Ramp ADC (see Fig. 1.14). Figure 1.14 shows the block diagram of SAR ADC. In this case,

Analog
Input
Digital - e
Output gilgtgil
t
2) | b)

Figure 1.14: Successive Approximation Register ADC: a) block diagram; b) analog input (red
color), DAC output (green color); and c) digital output (blue color)

instead of incrementally counting up in binary sequence, SAR counts by trying all values of
bits starting with the most-significant bit (MSB) and finishing at the least significant bit (LSB).
During the count process, when the input voltage is compared against the output of an N-bit
DAC, the output of the comparator (high or low) is monitored by a register to see if the binary
count is greater than or less than the analog signal input, and adjusts the bit values accordingly
(see Fig. 1.14 b)). As each bit is determined, the output of the SAR corresponds to the value of
analog input signal and form the basis of the SAR ADC serial output. It should also be noted
that the overall SAR ADC accuracy and linearity is determined primarily by the internal DAC.
[76][75]

SAR ADC is usually used for low power, medium to high resolution applications with sam-
ple rates up to 200 MS/s. The main advantages of SAR ADC are low latency, high accuracy,
low power and simple architecture. Compared to Digital Ramp ADC, SAR ADC converges on
the input signal much faster and it has a fixed sampling rate. Due to all mentioned SAR ADC ad-

vantages, it is one of the most popular ADCs used for bio-potential measurements. SAR ADCs
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are available in a wide variety of power consumptions, sampling rates, resolutions, input and
output options, costs and package styles. [75]

Energy Efficiency. SAR ADCs are one of the least power consuming ADCs from all ADCs,
especially, when resolution is between 4 and 10 bits, but sampling rate a few KS/s. The lat-
est research results show that it is possible to create a SAR ADC with power consumption of
impressive 717pW for 8-bits and 1 KS/s [110] and 3nW for 10-bits, 1 KS/s [111]. For higher
resolution application the power consumption is also much higher, but still relatively low. For
example, desired 12-bit SAR ADC will consume starting from 100nW (1 KS/s) [55], but 18-bit
SAR ADC will consume already 30.52mW (5SMS/s) [112].

Encoding Complexity. Although the SAR ADCs consist of one SAR, one DAC, one compara-
tor and a logic control unit, their analog design is relatively intensive and more complex than
Digital Ramp ADC, therefore it can be characterized as a medium complexity. [113] The most
suitable SAR ADC, with 100nWW power consumption, 12-bit resolution and 20 KS/s sampling
rate will occupy 0.3mm? of a silicon die. [55]

Resolution. Recent technological developments allow to extend the resolution of SAR ADCs
up to 24 bits [114], [115], but usually SAR ADCs are in the range of 8-18 bits [116]-[117].
Sampling Rate. Recent SAR ADC design improvements have extended the sampling rate to
GS/s region, but this is valid only for low resolution SAR ADCs. The most extreme case is 36
GS/s, 6-bit, 110mW SAR ADC [118], but for desired 12-bit resolution, the sampling rate is up
to 36 MS/s, with power consumption of nI¥ [55].

1.2.1.6 Sigma-Delta Analogue-to-Digital Converter

As shown in Fig. 1.15 a), in Sigma-Delta ADC, also called an oversampling converter,
the analog input signal summed with the output of DAC is fed into an integrator, producing
a slope, which corresponds to input magnitude. Then, in the N-bit ADC, the output of the
integrator is compared to ground potential, producing high or low output, depending on whether
the integrator output is positive or negative. Afterwards, the output of comparator is latched
through a D-type flip-flop, which is clocked at high frequency, and the output of latch, through
DAC and subtraction from the input, is fed back to the integrator, to drive it in the direction of a

0 volt output. At the end, the digital filter removes the noise, but decimator reduces the output
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Figure 1.15: Sigma Delta ADC: a) block diagram; b) analog input (red color), integrator out-
put (green color) and digital output (blue color)

data rate back to the Nyquist rate. The digital output of Sigma-Delta ADC is a serial bit stream.
[75][100]

Sigma-Delta ADCs are usually used for low speed, high resolution applications. Due to their
advantages - high resolution and stability, low noise, power consumption and cost, Sigma Delta
ADCs just as SAR ADCs are one of the most popular ADCs used for bio-potential measurement
applications.

Energy Efficiency. Sigma-Delta ADCs can be considered very energy efficient, especially,
when sampling rate is few KS/s or less. The latest research results show that it is possible to
create a Sigma-Delta ADC with power consumption of 125nW for 8-bits and 64 S/s [119], but
for higher resolution application the power consumption is also higher. For example, for desired
12-bits, Sigma-Delta ADC will consume starting from 600n1V (0.5 KS/s) [120], but practical
implementations show 15041 and more [121].

Encoding Complexity. As shown in Fig. 1.15, in the most simple case, Sigma-Delta ADC in-
cludes integrator, comparator, 1-bit DAC, which is in a feedback and a clock unit that provides
proper timing for the modulator and digital filter. In this case, the complexity can be charac-
terized as low, but, since multi-bit quantizers are usually used to increase the resolution, it also
greatly increases the overall complexity and size of the circuit. Therefore, the complexity of
Sigma-Delta ADC can be characterized as medium/high. [113] The most suitable Sigma-Delta
ADC, with 13.3uW power consumption, 12-bit resolution and 512 S/s sampling rate will oc-
cupy 0.51mm? of a silicon die. [57]

Resolution. Current state-of-the-art Sigma-Delta ADCs achieve up to impressive 32 bit reso-
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lution with sampling rate up to 38 KS/s [122], [123], but in this case, the ADC will consume
from 20-100m WV . However, there are also available Sigma-Delta ADCs with lower resolution,
sampling rate and power consumption [120], [121].

Sampling Rate. The high resolution of the Sigma-Delta ADC comes at the expense of sampling
rate. The fastest Sigma-Delta ADCs can achieve up to 640 MS/s [124], but energy consumption
will be ~500mIV. Since EEG encoding demands only 200 Hz sampling frequency, there are
various Sigma-Delta modulators which offer very low sampling rates (125-500 S/s) and low

power consumption [121], [125], [126].

1.2.2 Asynchronous Analogue-to-Digital Conversion

Although some of synchronous ADC architectures (see Section 1.2.1) fit the defined require-
ments and could be used for EEG and BCI applications, most of them exhibit poor properties
in terms of electromagnetic interference (EMI), complexity of circuit, sensitivity against power
supply voltage, temperature and development process parameter variations, delays, etc. [21],
[22].

An alternative to synchronous ADCs is asynchronous ADCs, which due to its great prop-
erties often are used for encoding of non-stationary signals. [14], [23] Since EEG signals can
be classified as a wide dynamic range signals, non-uniform sampling methods have a great po-
tential to improve energy efficiency, reduce complexity of the encoding and avoid unnecessary
EMI in brain computer interfaces (BCI) [23].

The most popular non-uniform sampling methods found in literature are Zero crossing ADC,
Sine-wave crossing ADC, Level crossing ADC, Send-on-Delta ADC, Asynchronous Sigma-
Delta modulator and Peak Sampling ADC.

Therefore, in this section, an overview of mentioned ADCs as well as analysis in relation
to set out requirements (energy efficiency, encoding complexity, resolution and sampling fre-

quency) is given.
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1.2.2.1 Zero Crossing Analogue-to-Digital Converter

Reference crossing techniques are one type of asynchronous encoding, where Zero Crossing

ADC is the simplest of all. Figure 1.16 shows the block diagram of Zero Crossing ADC. In
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Figure 1.16: Zero-Crossing ADC a) block diagram; b) analog input (red color), zero voltage
reference (green color) and digital output (blue color)

general, it detects the transition of an analog input signal waveform from positive to negative and
negative to positive. When such transition occurs, there is a change in the output of comparator
that coincides with the zero voltage condition. The output is a square wave. [127]

Although Zero Crossing ADC’s block diagram appears to be very simple, in fact it is quite a
challenge to create a Zero Crossing ADC for high frequency applications. For instance, if high
accuracy is needed, already 1 kH z signal starts to present a real challenge for the comparator.
Essentially, the comparator must have low input offset, high slew rate and speed. In practice,
most of the comparators do not switch at exactly 0 V, and usually have asymmetrical dead band.
Only with several modifications it is possible to obtain true OV detection, which increase the
complexity of the circuit. Also, supply voltage is quite critical factor for the comparator, the
higher it is, the further the output voltage has to swing. In addition, high speed comparators will
consume more power. [127], [128]

Even though Zero Crossing ADC has very low complexity and thus the energy consump-
tion, it can’t be used for EEG signal encoding, since one level crossings are not enough to ensure
Nyquist step, i.e., the distance between two consecutive level crossings (time instants) will ex-
ceed the Nyquist step and thus the signal will not be recoverable. [129] Therefore Zero Crossing
ADC will not be analyzed with regards to Energy Efficiency, Encoding Complexity, Resolution

and Sampling Rate requirements.

48



1.2.2.2 Sine Wave Crossing Analogue-to-Digital Converter

Since it is not possible to reconstruct EEG signal from zero crossings (see Section 1.2.2.1),
choosing an appropriate reference signal(s) (function(s)) is vital for effective implementation of
ADC. One such reference signal is sinusoidal function, which can be easily generated, stabilized
and used for input signal reconstruction. [19]

As shown in Fig. 1.17, in the most simple case, Sine Wave Crossing (SWC) ADC consist
of a sine wave generator and a comparator, where analog input signal is compared with a sine

wave reference signal. Digital output is ”1”, when the analog input signal exceeds the reference

Analog Input ] ] ]
Analog + Sine-waW
Input . Digital t
Sine-wave G Output Digital
reference Ouiont
| | utpu
r P

a) b)

Figure 1.17: Sine Wave Crossing ADC a) block diagram; b) analog input (red color), sine
wave reference signal (green color) and digital output (blue color)

signal and ’0” when it does not. It should be noted that sine-wave amplitude must be higher than
amplitude of the input signal. By knowing the reference signal and time instants of the digital
output rising and falling edges, it is possible to reconstruct the original input signal. Since the
comparator is a core element of the SWC ADC, it also determines performance of the SWC
ADC. Also, the quality of the generated sine wave can effect the SWC ADC performance [19],
[130]
Energy Efficiency. At the time of writing this thesis, exact calculations of SWC ADC energy
consumption are not found in the literature. Therefore, a rough estimation of power consumption
of a simple SWC ADC was performed, by analyzing SWC ADC’s circuit in Fig. 1.17 a).
Sine-wave signal can be generated by dynamic programming of DAC, Phase-Locked-Loop
(PLL)-based technique [131], Direct Digital Synthesis (DDS) chips [132] or by simple cir-
cuit comprising two operational amplifiers (e.g., dual OpAmp chip LPV542, which consumes
~882nIV) and few passive elements. The comparator, according to [19] must ensure a response
time of at least 1.5, in order to ensure 12-bit resolution. The most energy efficient comparator,

which meets this requirement is TLV3201 [133], which consumes ~108,:1//. So, in the simplest
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case, with the mentioned components, it is assumed that SWC ADC would consume =110 pIV.
Encoding Complexity. As the SWC ADC consists of two operational amplifiers, one com-
parator and few passive elements, it can be characterized as very low complexity circuit, even
though physical implementation can not be found in the literature.

Resolution.The resolution mostly depends on the duration of the time slots, within which the
comparator compares the values of input signal and reference signal. As shown in [19], in order
to ensure necessary 12-bit, the comparator must ensure a response time of at least 1,.5. [19]
Sampling Rate. The maximum sampling rate is highly dependent on sine-wave reference signal
frequency. In the available literature it can be found that with several modifications, the average

sampling rate can be achieved as high as 60 MS/s. [19]

1.2.2.3 Level Crossing Analogue-to-Digital Converter

As shown in Section 1.2.2.1, it is not possible to reconstruct EEG signal from zero reference
signal level crossings. In order to be able to reconstruct it, several threshold (quantization)

levels can be used. Figure 1.18 shows the block diagram of Level Crossing ADC. Such Level

Y —
D Analog
Input
F 3 _— \_/
;B —| Disi t
Analog | Digital —
Input — | ——>——| Output 81gltal
B ———— utput
| —p
Intervals Time interval
a) b)

Figure 1.18: Level Crossing ADC a) block diagram; b) analog input (red color), quantization
levels (gray color) and digital output (blue color)

Crossing (LC) ADC approach usually consists of a comparator, up/down counter, n-bit DAC
(which defines quantization levels), timer and control logic. In LC ADC, samples are generated

only when the analog input signal crosses the predefined quantization levels, while the time in
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between two consecutive samples is measured by a timer.The conversion results are composed
of digital codes for the voltage magnitude and the time intervals of the samples. [134]

The main advantages of LC ADC are: low sampling rate (in some cases even below Nyquist
[135]), especially for low frequency and low amplitude signals (i.e. EEG), and thus lower power
consumption; low quantization noise floor (signal to noise plus distortion ratio (SNDR) exceeds
the theoretical limit of conventional systems with the same resolution in amplitude); low EMI
emission (due to absence of clock); and other (see [134], [136]).

Energy Efficiency. In LC ADC, the DAC and the comparator consume most of the power. The
latest research results show that it is possible to create a LC ADC with power consumption of
582nW for 6-bits and 3.3kHz input bandwidth [134], 3uWV for 8-bits and 20kHz input band-
width [137], but for desired 12-bits, LC ADC will consume starting from 1.7mW with 144kHz
input bandwidth [138], [139].

Encoding Complexity. As the LC ADC architecture is not driven by any global clock, but only
by the analog input itself, it allows to reduce not only power consumption, but also complex-
ity, die area, and electromagnetic emissions. [138] Therefore, the complexity of the LC ADC
circuit can be characterized as low/medium. The most suitable LC ADC, with 1.7mWW power
consumption, 12-bit resolution and 144kHz (equivalent to ~288kS/s) input bandwidth sampling
rate will occupy ~0.3mm? of a silicon die. [138]

Resolution. The resolution in LC ADC mostly depends on the DAC and the comparator. Cur-
rent state-of-the-art low energy LC ADCs achieve up to 12-bits with 144kHz input bandwidth.
[138]

Sampling Rate. For 12-bits, the input bandwidth up to 10MHz (or ~20 MS/s sampling rate, if
roughly converted) can be achieved [138], [139].

In order to increase the noise resistance and reduce the number of samples, it is possible
to use a LC ADC modification, called Send-on-Delta (SoD) ADC. In SoD ADC, the sampling
is triggered if the signal deviates by predefined step value “’delta” from the value referred to
the most recent sample. Thus, the sample is not triggered until the analog input signal remains
within a certain interval of delta. [140], [141], [142] On the other hand, fewer samples mean

more complicated signal reconstruction.
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1.2.2.4 Asynchronous Sigma-Delta Modulator

Asynchronous Sigma-Delta Modulator (ASDM) is a Time Encoding Machine (TEM) which
transforms the amplitude information of the signal into time information or time codes without
the quantization error that exists in the clocked converters. Figure 1.19 shows the block dia-

gram of ASDM. The ASDM consists of an integrator, a non-inverting Schmitt and a negative-
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Figure 1.19: Asynchronous Sigma-Delta modulator a) block diagram; b) analog input (red
color), integrator output (green color) and digital output (blue color)

feedback, where «, d and b are circuit parameters. [143]

Energy Efficiency. ASDM is one of the less power consuming ADCs. The latest research
results show that it is possible to create an ASDM with power consumption of only 7.5nWW
for 8-bits and 250Hz input signal bandwidth [25], [144]. Knowing that ASDM frequency dou-
bling increases the SNR by 1-bit (see (2.15) and (2.16)), in order to achieve desired 12-bits, it
is necessary to increase ASDM frequency 16 times. As shown in [145], if ASDM frequency is
increased 20 times, the overall ASDM power consumption will increase only by 25%, which
means in [25] case, the proposed circuit for 12-bits will consume not more than 9,375nW.
Encoding Complexity. In ASDM, the complexity of the system is moved from the encoding
part to the decoding part, therefore the modulator itself is very simple and can be implemented
with very few elements. Therefore its complexity can be characterized as very low. For exam-
ple, as shown in [146], ASDM circuit with 12-bit resolution can be implemented in 0.026mm?
area of a silicon die.

Resolution. ASDM usually is used for low resolution applications, but latest research results
show, that it is possible to achieve up to 13-bit resolution with 2MHz input bandwidth [146].

The resolution highly depends on precision of the trigger (jitter, slew rate) as well as on time-
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to-digital (TDC) converter.

Sampling Rate. The fastest ASDMs can encode signals up to 12MHz (equivalent to ~~24 MS/s)
[147], but then power consumption will be high. Since this requirement demands only 400 S/s
sampling rate, there are various ASDMs which offer very low sampling rates (60-500 S/s) with

lower power consumption [148], [25], [149].

1.2.2.5 Peak Sampling Analogue-to-Digital Converter

Peak Sampling ADC, also called Min-Max sampling ADC, captures a sample every time

an analog input signal reaches its local maximum or minimum value (see Fig. 1.20). The main
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Figure 1.20: Peak Sampling ADC a) block diagram; b) analog input (red color) and digital
output (blue color)

Peak sampling ADC advantage is that sampling density depends only on the input signal (in
LC ADC case, it also depends on the placement of the levels). On the other hand, compared to
uniform sampling or LC ADC, Peak Sampling ADC has lower signal to noise (SNR) ratio. Also,
both amplitude and time instants must be quantized, therefore the number of bits per sample is
larger. [150], [151], [152]

At the time of writing this thesis, only one physical implementation of Peak Sampling ADC
has been presented [152], therefore the estimation of Peak Sampling ADC is very limited.
Energy Efficiency. In Peak Sampling ADC, the power consumption highly depends on the
activity of input signal. For lower ratio of peaks, Peak Sampling ADC is more energy efficient.
As shown in [152], it is possible to reduce SAR ADC power consumption by up to 18%, if the
ratio of peaks does not exceed 10% or up to 9%, if ratio of peaks does not exceed 20%. Even

though particular implementation consumes ~15uW , it is clear, that for 7.5n1/ SAR ADC (see
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1.2.1.5) it would be also possible to reduce the energy consumption for ~ 18%, resulting in
~6nWW power consumption. [152]

Encoding Complexity. Since the overall architecture includes Peak Sampling circuit as well as
SAR ADC circuit, based on previous consideration about SAR ADC, the overall circuit com-
plexity can be characterized as medium/high. [152] The most suitable Peak Sampling ADC, with
15 W power consumption, 8-bit resolution and 1.25 MS/s sampling rate will occupy 0.23mm?
of a silicon die. [152]

Resolution. In [152] implementation, an 8-bit SAR ADC is used as a part of the system. But,
since the resolution depends on the selected SAR ADC, by choosing appropriate SAR ADC for
Peak Sampling ADC, theoretically up to 24-bit resolution can be ensured.

Sampling Rate. As shown in [152], the maximum conversion rate of Peak sampling ADC is
~1.25 MS/s, which is mainly limited by the internal DAC delay in the conversion circuitry. But,
if SAR ADC with higher sampling rate (e.g. 36 GS/s) is used (see 1.2.1.5), the proposed circuit
in [152], theoretically could ensure 10% of this sampling rate, i.e. ~3.6 GS/s.

1.3 Summary and Conclusions

In Section 1.1, the origin, properties and measurement techniques of an electroencephalogram
(EEG) signals were described and analyzed. Human brain has more than 100 billion neurons
which conduct electrical impulses and are the core components of the nervous system. These
electrical activities can be measured by non-invasive methods from scalp by using electrodes,
and the measured signals are called EEG signals. Since human’s brains primarily operates in
five brain rhythms: Delta (0.2-3.9Hz), Theta (4-7.9Hz), Alpha (8-12.9Hz), Beta (13-40 Hz) and
Gamma (40+ Hz), all these components together are forming the EEG signal. Typically the
amplitude of the measured EEG signal from scalp is between 0.5 and 200 V.

By using EEG signals, it is possible to create so called Brain Computer Interface (BCI),
which can be used to control other electrical or electro-mechanical devices by “’thoughts”. If
simplified, usually modern BCI consists of an electrode (as a sensor), an amplifier, an analog-
to-digital converter (ADC), a transmitter, a receiver and a computer (for signal reconstruction
and processing).

Since a recent trend is to develop wireless BCI devices, management of energy consumption
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becomes a crucial factor. As shown before, one very important part of all BCI systems is ADC,
where power consumption can be significantly reduced.

In order to select the most suitable ADC for BCI, in Section 1.2, ten different synchronous
and asynchronous ADCs were described and analyzed against requirements/criteria, which were
set out based on the EEG signal properties and the current situation in the field of the BCI
systems. These four main criteria are: Energy Efficiency (the less consumption, the better),
Encoding Complexity (the smaller area of silicon die occupied, the better), Resolution (at least
12-bits) and Sampling Rate (at least 400 S/s).

The overall capabilities of all ADCs, which were analyzed against the criteria in Section 1.2.1
and Section 1.2.2, are summarized in Table 1.1, where for better visual comparison "Max. Sam-
pling Rate” column for asynchronous ADCs is obtained by converting maximum input band-

width accordingly 1Hz~2S/s. For example, for Flash ADC, the least power consuming Flash

Table 1.1: Overall capabilities of different ADCs

ADC tvoe Power Cons- Encoding Typical Max. Sampling
P umption (uW) Complexity Resolution (blts) Rate (MS/s)

Flash ADC From ~ 72 High 20 000

Pipeline ADC From ~ 1 000 Very High 8-16 5000
Digital Ramp ADC From ~ 3 000 Very Low 4-12 250
Tracking ADC From ~ 84 Medium 6-12 130

Successive Approx. ADC From ~ 0.0007 Medium 4-24 36 000
Sigma-Delta ADC From ~ 0.125 Medium/High 8-32 640
Sinewave Crossing ADC From ~ 110" Very Low 4-12" 60"
Level Crossing ADC From ~ 0.582 Low/Medium 4-12 20
ASDM From ~ 0.0075 Very Low 3-13 24

Peak Sampling ADC From ~ 0.0006" Medium 4-24" 3 600*

* - Theoretically calculated/assumed

ADC circuit found in the literature consumes 721/, but then its resolution is only 4-bits, but
sampling rate 4.2 GS/s. Still, the table shows that it is possible to create Flash ADC with higher
resolution (e.g. 8-bits), but then other circuit parameters are affected, such as power consump-
tion and maximum sampling rate, and vice versa, if there is a Flash ADC circuit with very high
sampling rate (e.g. 20 GS/s), it will not be able to ensure 724/ power consumption as well as

&-bit resolution.
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As shown above, there are many trade-offs for each of the ADCs. In order to select the
most suitable ADC for EEG signal encoding and BCI as whole, from each of the analyzed ADC
types, the most suitable (against criteria) ADC was selected for further comparison. The final

comparison is shown in Table 1.2.

Table 1.2: Comparison of different types of ADCs, where in each type the most suitable ADC
for EEG/BCI application is selected, based on the set out criteria

ADC tvpe Power Cons- Core Area Resolution Max. Sampling
R umption (WW) (mm?) (blts) Rate (MS/s)

Flash ADC 90 800 0.253 2 000
Pipeline ADC 30 000 0.860 12 25

Digital Ramp ADC 3 800 0.017 12 0.746
Tracking ADC 50 000 0.350 12 0.0005
Successive Approx. ADC 0.100 0.300 12 0.020
Sigma-Delta ADC 13.30 0.510 12 0.0005

Sinewave Crossing ADC 110* - 12* 60"
Level Crossing ADC 1700 0.300 12 0,228
ASDM 0.0094 0.026 12 0.0005

Peak Sampling ADC 15 0.230 8 1.25

* - Theoretically calculated/assumed

From analysis in Section 1.2, and overview in Table 1.2, it is possible to conclude that:

Flash ADC is not suitable for EEG signal encoding, since it does not meet the required resolu-
tion (12-bits). Also, the power consumption (98 000 p1) as well as complexity of the circuit
(0.253mm?) is high. In some special cases, mentioned in Section 1.2.1.1, the resolution can
be increased, but then, the power consumption will be even higher. The complexity and power
consumption can be slightly reduced by using two-step Flash ADC, but then there is an increase
in latency. Flash ADC is designed for low resolution and high sampling rate applications, and
for BCI applications there is no need for GS/s sampling rate, since the maximum EEG signal
frequency is 200H z;

Although Pipeline ADC meets the requirements of resolution and sampling rate, the power
consumption is high (30 000 ;1¥) and the complexity of the circuit is very high (0.860mm?).
Pipeline ADC could be used for EEG signal encoding, but it is clear that it is not the best option
for BCI, where energy efficiency and small size play crucial role;

Digital Ramp ADC can be implemented in a very small dimensions on the silicon die (0.017mm?),
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which makes it very attractive for BCI applications. On the other hand, although it can ensure
the necessary resolution and sampling rate, the power consumption of the circuit is high (3 800
uW), which makes it less attractive for BCI applications;

Tracking ADC is able to ensure the necessary resolution and sampling rate, but the power con-
sumption (50 000 p¥V) as well as complexity of the circuit (0.350mm?) is too high for BCI
applications;

SAR ADC is one of the best choices for EEG signal encoding and BCI applications as whole,
since it can ensure not only the necessary resolution and sampling rate, but also very low
power consumption (0.100 pW), despite the fact that complexity of the circuit is relatively
high (0.300mm?).

Sigma Delta ADC as SAR ADC is very attractive for EEG signal encoding and BCI applica-
tion as whole. It offers high resolution (up to 32-bits) and low power consumption (13.3 uWW
for 12-bits) and proper sampling rate. The only disadvantage is the complexity of the circuit,
which occupies more space on silicon die (0.510mm?);

Zero ADC can not be used for EEG signal encoding, since it can’t meet the required resolution,
even though it has very simple architecture and potentially very low power consumption;
Sinewave ADC could be used for EEG signal encoding, due to its low complexity circuit and
potentially low power consumption, but at the time of writing this thesis, no physical implemen-
tations could be found, therefore it was not possible to estimate its true performance;

Level Crossing ADC can be used for EEG signal encoding and BCI application as whole, since
it offers simple circuit and low power consumption (from 582n11'). But this is valid only for
low resolution applications. For desired 12-bits, both the complexity of the circuit (0.300mm?)
as well as power consumption (9 V) increase and make it less attractive for BCI applications;
ASDM exhibit excellent properties for EEG signal encoding and BCI application as whole. It
offers very low power consumption (from 9.4n1W) and complexity of the circuit (0.026mm?),
while preserving necessary resolution and sampling rate. The only ASDM disadvantage is more
complex and resource demanding signal reconstruction;

Peak Sampling ADC, basically, is an energy efficient modification of SAR ADC and poten-
tially could be used for EEG signal encoding. But, since at the time of writing this thesis, there
was only one physical implementation of Peak Sampling ADC (with only 8-bits), it was not

possible to estimate its true performance, even though theoretically, if better SAR ADC would
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be used in this circuit, it could offer very attractive and similar to SAR ADC properties.

By taking into account analysis and conclusions made above, SAR ADC and ASDM exhibit
the most suitable properties for EEG signal Encoding and BCI application as whole. In this
case, by considering parameters of both ADCs in Table 1.2 and advantages of asynchronous
over synchronous designs, such as [21], [22], [153]:

* lower energy consumption;

* lower electromagnetic emissions (asynchronous circuits do not emit radiation at the clock

frequency and harmonic frequencies);

* lower sensitivity against power supply voltage, temperature and development process pa-

rameter variations;

* lower delays (by avoiding the wait until the next clock edge, asynchronous circuits exhibit

better average-case performance rather than worst-case performance);

* lower complexity (easier and cheaper to realize);

* better modularity and interlinking between individual circuit units;

* higher potential for energy efficiency improvement, if used for wide dynamic range sig-

nals (as EEG signals);

« absence of overheads and problems associated with distributing clock signals,
an ASDM method is chosen for further in depth analysis, research and improvements.

Although ASDM has many advantages, the use of asynchronous systems in real life appli-
cations are limited due to incompatibility with classical (synchronous) systems, which results
in fewer research studies in this area, thus slowing down its development. Therefore, the author
of this work believes that it is very important to understand the true potential of asynchronous

systems and will dedicate himself to carry out the research in the field of ASDM.
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2. ASYNCHRONOUS SIGMA-DELTA MODULATOR

From the analysis carried out in Section 1.2 and conclusions made in Section 1.3, it is
clear that Asynchronous Sigma-Delta modulator (ASDM) can be used for electroencephalo-
gram (EEQG) signal encoding and has a huge potential to reduce energy consumption and thus
prolongs the operation time of the battery in wireless Brain Computer Interface (BCI) systems.
Therefore, the main purpose of this section is to carry out an in depth analysis of ASDM to
understand its main advantages and disadvantages. At the end of this section the summary and

conclusions are given.

2.1 Signal Encoding

Asynchronous Sigma-Delta modulator (ASDM) belongs to Time Encoding Machine (TEM)
class, since amplitude information is converted into time information or time sequence. An ex-
ample of basic zero crossing TEM is depicted in Figure 2.1. In this example, the difference
x(t)—f(t) is passed through a comparator where f(¢) is a periodic ramp function. Since the
comparator switches at ¢ = ¢, when x(fx) = f(tx) holds, the time sequence t;, which corre-
sponds to the comparator output z(¢) represents the input signal x(¢). The function f(¢) can
also be chosen to be constant f(t) = 0 [128] or sinusoid f(t) = Agsin(2w fot) [154], where
Ap > |x(t)| and fy exceeds the maximum frequency of the input signal z(¢). [19] [143] [155]

£ N 2 £
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z(t) ytl rzvyt4 \7u >
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Figure 2.1: a) Time Encoding Machine (TEM) block diagram b) TEM input signal - x(¢),
known function - f(t) and comparator output - z(t) [143]

x(t)

ASDM is slightly more complicated then the simplest TEM and the block diagram of it is
shown in Figure 2.2. It consists of an integrator with parameter «, a non-inverting Schmitt trigger

with parameters 0 and b and a negative feedback. The values of these parameters determine the
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average switching rate of the trigger. [143] [156]

Schmitt-Trigger

Integrator

Mo .
_btotz Iy

—> z(t)

Figure 2.2: Asynchronous sigma-delta modulator (ASDM) block diagram [143] [26]

The input signal x(¢) of ASDM is bounded in amplitude as [156]:
lz(t) <c<b 2.1)

Since trigger output z(t) has either b or —b value, the integrator input is either x(¢)+b or z(t) —b.

From (2.1) it follows the integrator output y(¢) is strictly increasing or decreasing function for
t € [tg, trs1], and

y(te) = (=1)%0 (2.2)

The relationship between the binary output z(¢) and the input signal z(¢) of the ASDM for

tx+1 > tx, and integers k € Z, is given by the integral equation [157]

th+1
/ z(t)dt = (—1)*[2k0 — b(tpsr — t)] (2.3)
173
Due to (2.1) the distances between consecutive triggering points ¢;, and ¢; are bounded [158]
2K0 2K0
Tmin = e = T =T T 4)

If the input x(¢) of the ASDM is bounded as (2.1), the output of the integrator at time ¢;., 1 >
tr is [157]
1 tet+1
s =yt + 5 [ lole) = (0] @3)

173

If the state of the Schmitt trigger is (—b, —9) at t = tx, (y(tx) = —0 and z(tx) = —b), at some
time t51 > tx we have that [157]

1 tri1 1 tkt1
P / w(t) + B)dt — —o + / w4 by — 1) (2.6)
k 2% k tg

Right after ;.. 1, the trigger switches to a (b, §) state so that for some time t5,o > ;1 [157]
1 tpio 1 trio
—0 =0+ —/ [2(t) +b))dt = 6 + —/ z(t)dt — b(tpys — trsr) (2.7)

k tk+1 tk+1
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which when added with (2.6) gives
tito
/ r(t)dt = (tpyo — 21 +ti) - k-b= (Xp — ¥r) - K- b, (2.8)
ty
where ¢, and Y are defined below. [157]
The output of the ASDM consists of a sequence of binary rectangular pulses (see Fig. 2.3),

where duration of two consecutive pulses can be defined as T, = 1y + xx. If ¥ is the duration

4 =(1)
1 —
>
tr tht1 T2 t
—1
<t D> < >
Ak Vs,

Figure 2.3: The output of ASDM [157]

of the pulse of amplitude 1 and y;, the duration of the other pulse of amplitude —1, for x(¢),

try <t < tgio, the duty-cycle % can be expressed from (2.8):

0 < % o 1 + f(t)|t€[tk,tk+2] < 1

= 2.9
T : , 2.9)

L ["+2 3.(1)dt and the values of x and b are chosen to be k = b = 1.

where j(t)|t6[tk7tk+2] T

k
If the input signal x(t) = 0 for all times (—oo0 < ¢t < 00), then ¢, = xy, or Y /T), = 0.5.
But if the input signal z(t) = A, where |A| < 1 and ¢, <t < tx 9, then [157]

(14 AT}

b=

(2.10)
and
Xt = T — Py (2.11)

If the input signal z(¢) is not constant in a time segment, the duty-cycle is not clearly defined

with respect to the amplitude. [157]

From the above it follows that the local average of the input signal Z(t)],c, ,, ., can be
obtained from the ¢/, and x; in the duty cycle modulation, i.e., [157]
. Yk — X
x(t)lté[tk,tk_‘_g] = 1/]k; + Xk (2.12)
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Figure 2.4: Operation of ASDM. EEG signal (red line) and corresponding ASDM integrator
output y(t) (green line) and ASDM trigger output z(t) (blue line)

Figure 2.4 shows the operation of ASDM on an Electroencephalogram signal.
In order to calculate a signal to noise ratio (SNR) of the ASDM, first, the signal and noise

power must be determined. The power of a sinusoidal signal is given by: [159]
1
P, = §A§, (2.13)

where A is the amplitude (voltage) of the input signal. The total noise power within bandwidth

2F . 1s given by: [159]
8 Az 1
Py ==(1—"9=T2 2F,. 2.14
N 3( 2 )T res Y ( )

where T is a constant mean value of T}, but 7)., denotes the resolution of the Time to Digital
Converter (TDC), which is a device for recognizing events and providing a digital representation
of the time they occurred. Assuming that Aq = 1, the signal to noise ratio of ASDM can be
calculated as follows: [159]

P, 3T 3
SNR = 10[0910 (P—> = 1Ol0910 <——) = 10[0910—
N

201 2.15
] 2T2 Fmaz 82Fmaz + 0 0910f7"es7 ( )

res

1

Tres

By knowing SNR, it is possible to calculate Effective Number Of Bits (ENOB) of an ideal
ASDM: [160]

where f,.s =

SNR — 1,76
6,02
From (2.15) and (2.16) it follows that by doubling the frequency f,.; of TDC, SNR and

ENOB = (2.16)

ENOB of ASDM increase by 6 dB and 1 bit, respectively.
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2.2 Signal Recovery

In order to reconstruct the original signal encoded by ASDM, in this subsection, typical
ASDM signal recovery algorithm as well as fast and real-time signal recovery algorithms are
described.

The classical (uniform) sampling theorem by Claude Shannon states that: If a function con-
tains no frequencies higher than F},,,, it is completely determined by giving its ordinates at a
series of points spaced T' = 1/(2F},4,) seconds apart [161]. It means that samples z(¢,,), which
are taken at time instants ¢,, = n1’, where n € Z, fully represent the signal. The theorem is

supplemented by signal recovery equation: [155]

x(t) = i x(nT)sinc(nt/T — nr), (2.17)
where ‘
sinc(t) = Sm;t). (2.18)

The signal recovery equation (2.17) can not be directly used to reconstruct the signal sampled
by ASDM, since the samples x(nT') are not given, therefore in this section signal recovery

algorithms for ASDM encoded signals are described.

2.2.1 Signal Recovery from ASDM Output Time Sequence

The signal, which is encoded by ASDM, can be perfectly recovered from the time sequence
t) (obtain from ASDM output signal z(t)) if the maximum distance does not exceed the Nyquist

step:
2Kk0 1
Tmaz = S )
b—c ™ 2F 4z

(2.19)

where F,,,, is maximum frequency of the input signal z(¢) [156]. By assuming that the signal

x(t) can be represented as

2(t) = ang(t — 1), (2.20)
nez
where
inQt O
g(t) = I 2 e 2.21)
7t 7
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is the impulse response of an ideal low pass filter with cutoff frequency (2, 7,, = % and a,,

are the coefficients to be estimated, then from (2.3) and (2.20) follow that the coefficient values
can be expressed as [156]

a=G'q, (2.22)

where G is the pseudoinverse matrix of G and elements of vector q and matrix G are [156]
G = (—1)"(2k6 — bltp1 — t)) (2.23)

tr4+1
Gin = / g(t —7,)dt (2.24)

ty

As graphically shown in Figure 2.5, by finding coefficient values a (black bars), which are
multiplied by sinc functions g(¢ — 7,,) (2.21) and summed together, it is possible to reconstruct

the original signal x(¢) (red line).

1
0.8r
0.6-

Amplitude (V)

80 0.01 002 003 004 005 006 007 008
Time (s)

Figure 2.5: Visualization of signal recovery. Coefficients a (black bars), sinc functions g(¢ —
7,) (blue lines), reconstructed EEG signal (red line)

Unfortunately, as shown in the author’s paper [27], by using this reconstruction method,
signal recovery is time and resource consuming thereby must be improved in order to reconstruct
the original signal in real time. In the next section (Section 2.2.2) an algorithm for faster signal

recovery is described.

2.2.2 Fast Signal Recovery

As outlined in Section 2.2.1, the typical approach for signal recovery in not efficient enough
for the real-time signal reconstruction. This is due to time consuming calculation of the coeffi-
cients a,, according to (2.22) since:
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 numerical calculation of elements gy ,, from matrix G (see (2.24)) requires to assign the
function g(t) with sufficiently fine step;
* matrix G pseudoinversion (see (2.22)) is carried out. [162]
In order to increase the speed of signal reconstruction, instead of finding the coefficients a,,
which correspond to signal representation (2.20), it is more efficient to find the coefficients d,,,

which correspond to integral signal representation [162]

/ t w)du = " dyg(t (2.25)

nez

From (2.25) it follows [162]:
tot1
/ wdu =Y " dy(gltess — tn) — gty — tn)). (2.26)
tg nez
As the right side of (2.26) equals to g, (see (2.3) and (2.23)), the equation (2.26) in matrix form

can be written as

q = PVd, (2.27)

where matrix P and V elements are
Py = Skt10 — Ok (2.28)
Vin = g(tr — tn), (2.29)

where 0y, ,, represents the Kronecker symbol: 6, = 1,if k = n, and 5, = 0, if £ # n [162].

The unknown coefficients d,, are obtained from (2.27) as:
d=V'pPlq, (2.30)

where the elements of inverse matrix P~! at row k and column n is —1, if k¥ < n and 0, if
k > n. [162] In comparison to (2.22), in this case, the matrix V is required for estimation of the
coefficients, and since the elements of V are found according to (2.29), the calculation of matrix
V is precise and significantly faster. [28], [162]

The next step to increase the speed of signal reconstruction, is to fasten matrix V pseudo-

inversion. This is achieved by using the periodic approximation of g(t) [28], [162]:

M
DI (231)
m=—M
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Figure 2.6: functions g(t) (blue line) and g(¢) (red line)

which more closely approximates g(t), as M tends to infinity. The coefficient{ = 2F,,,,../(2M +
1) and the value M/ F,,,, determine the repetition period (see Fig. 2.6). [162]

In result, the expression (2.27) becomes:
q = £PV, (2.32)
where matrix V elements are:

M
Vin = Y Smestim), (2.33)
m=—M

Multiplying both (2.32) sides by P~* and expressing V = R’Y, gives
P !lq = (RTYA, (2.34)

where (.)¥ is a designation of conjugated transposed matrix, but matrix R and Y elements are

0 2T Fmax
_ —Jm tk
Rmk = M

(2.35)

. 27w Fmax t
M n

Yoo =e7™

(2.36)

By denoting diagonal matrix as D = diag(ty+1 — tx), k € Z, and multiplying (2.34) both sides
by RD, give [28], [162]

RDP !q = ERDR”Yd (2.37)
Equivalently with
& = (RDR” (2.38)
and
v = £Yd, (2.39)
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we obtain (2.37) equivalent expression
1 1
RDP 'q = E(I'v, (2.40)
from which follow unknown coefficients v, (m = —M, ..., M) vector [162]
v =E(PTRDP . (2.41)
In this case, pseudo-inversed is matrix ®, which elements

D, = €Z(tk+1 — ty)ed M) et (2.42)
keZ
determine its Toeplitz and Hermitian type matrix structure and ensure fast pseudo-inverse. [28],
[162] The expression of coefficients v,, follows from (2.39)
=€ dye M (2.43)
nez

Further, if (2.31) is used instead of ¢g(t), from (2.25) it is obtained:

/t du—fzd Z e]m27TFmaTt tn) (2.44)

nez m=—M

By considering (2.43) and transforming right side of (2.44), we obtain

t M
27rF»maT 27TFmaT . 27 Fmax
/ E eI E dn,e™’ tn E U™ 2t (2.45)
m=—M

o nez

Finally, by deriving right side of (2.45), the expression of reconstructed signal is obtained [28],
[162]

27k M 2nF
:ﬁ(t)z‘% D e (2.46)
m=—M

By using this - fast signal recovery method, the signal reconstruction is up to 228 times faster
(see simulation results in Section 4.1.1.2). Still, the signal reconstruction from time instants ¢, is
not possible in real time, since prior to reconstruction it is necessary to store time instants from
z(t) signal. In order to reconstruct the original signal in real-time, a separate section (Section

2.2.3) is dedicated to describe an idea [163] on how to reconstruct the signal, which is encoded

by ASDM, in real time.
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2.2.3 Real-time Signal Recovery

As outlined in Section 2.2.2, despite the fact that it is possible to reconstruct the original
signal significantly faster, it is not possible to reconstruct the signal in real-time, since prior
to reconstruction it is necessary to store ASDM output time instants ¢;. Usually, in real-time
systems, the signal is continuously sampled by ADC at the rate of f,, and the ADC presents a
new sample to the Digital Signal Processor (DSP) at this rate. In order to maintain a real-time
operation, the DSP must perform all its required computation within the sampling interval, 1/ f;,
and present an output sample before arrival of the next sample from the ADC. [15]

In ASDM case, in order to reconstruct the signal in real-time, the reconstruction must be
carried out in short time intervals ¢ € [t,,7, t;ss 1], Where m = 0, 1,2, ... designates the order
number of the interval, but .J determines the number of switchings, after which the reconstruction
of the next interval can start, but L is a number of switching instants, which determines the length
of the interval (see Fig. 2.7). [163]

Since the precision of the reconstructed signal fragment at the beginning and at the end of the
fragment is low, the reconstructed signal z,, () is multiplied by corresponding window function:

[163]

0, if ¢ (Tims Omt1)s
0,,(t), if

wn(t) = 4 o) if £ € (Tin, o) (2.47)
1, if §75 (Tm> Tms1),
11— 0m+1(t)7 if (Tm+17 Um—l—l]

where Tm = th-l—Ma Om = th—i—M—}—K and
t— m

0,.(t) = sin? TE = Tm)_ (2.48)

2(0m — Tim)

After the multiplication, the signal fragment is different from zero only in the middle part of
the interval, therefore the next interval is chosen after receiving J = L — 2M — K switching
time instants, thus ensuring overlapping of the intervals. In this case, increasing L not only
improves the accuracy of the reconstruction, but also broadens window function w,, () in time
domain, and hence decreases its bandwidth €2, in frequency domain. It should be noted that

enlarged size and decreased conditioning of G increase the computational load for calculating

the pseudo-inverses G (see (2.22)). [163]
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Figure 2.7: Real-time signal reconstruction by using interval approach [163]. In this particular
case/figure, tg =0, L =8, M =2, K = 1(J = 3)

By combining all intervals, it is possible to obtain the whole reconstructed signal [163]:
Franx(t) =Y Em(t)wn(t, L, M, K). (2.49)
meZ
In this case, it can be assumed that the signal is recovered in real time if every last interval
is reconstructed before the new sequence of J switching time instants have arrived (see Section

4.1.1.2).

The overall reconstruction error can be quantified by the following equation [163]:
ermk(t) = x(t) — ok (). (2.50)

and SNR, according to (2.50), after reconstruction is given by:
SNR, = 10l0910E = 10loglof$2(t)dt

P, [e2(t)dt

In order to restore the initial signal frequency bandwidth, reconstructed signal &, ys i (%) is

2.51)

low pass filtered with a cut-off frequency €2. Since the reconstruction spreads over the range
w e (=N — Q,Q, + ), low pass filtering also improves the overall accuracy. If h(t) and *

denote the filter’s impulse response and convolution, respectively, the error signal can be written
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as [163]:
ermx(t) =x(t) — rmx(t) * h(t), (2.52)

but SNR for reconstructed signal:

[ (t)dt

W. (2.53)

P,
SNR, = 10[0910? = 10log1o

2.3 Advantages and Disadvantages

As shown in Section 1.3, ASDM design, instead of other synchronous and asynchronous
designs, in analog to digital converters (ADC) exhibit better properties such as low energy con-
sumption and encoding complexity, etc. However, ASDM also have some disadvantages, for
example, unnecessary high switching activity when it’s applied to wide dynamic range signals
(i.e. EEG signals) and complex signal reconstruction. In order to understand how to improve
the ASDM, in this subsection an analysis on ASDM advantages and disadvantages are carried

out in more details. Special emphasis will lay on ASDM disadvantages.

2.3.1 Advantages

The well-known benefits of ASDM are low energy consumption, immunity to metastable
behavior, modular design, significant exclusion of electromagnetic interference (EMI), the ab-
sence of clock jitter, continuous-time signal processing, etc. (see Section 1.3) [164] [165] [166]

In the design and implementation of Brain Computer Interfaces (BCI), energy management
and use of clocks are two main issues. First of all, the power dissipation due to analog to dig-
ital conversion is significant, therefore, it is crucial to find the best possible solution to reduce
power consumption [167]. ASDM has promise for ultra-low power consumption because of
the extreme simplicity of the required analog circuitry without any oversampling requirements
[168]. Since the input signal is encoded in time and not in amplitude (voltage), it is possible to
scale down the operating voltages and power consumption of ASDM, where speed/bandwidth
is not a key limiting factor. Latest implementations show that it is possible to create a standard

ASDM with power consumption less than 7.5nW . [25]
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Secondly, the presence of clocks, which are used in synchronous ADCs, in BCIs is problem-
atic, since the required periodic clocks may cause EMI corrupting the analog signal (EEG) to
be sampled [167]. In addition, in system on chip (SoC) implementations, these clocks consume
a lot of power [169]. Even further, external clock will cause problems related to clock jitter.
For example, in Sigma Delta modulator, the input of the quantizer at each clock moment has to
be represented by a certain discrete value, thus introducing quantization noise [170]. By using
clock-less ASDM, problems with clock jitter and high frequency components of the clock will
be removed, thereby the spectrum of the signal will be “cleaner” and will have fewer distortion
components at frequencies within the band of interest. [171]

Since ASDM is not using clock, it can be implemented in very simple analog circuit, which
is much simpler than conventional ADCs circuits and allow to operate at low power levels,
thus ensuring the low encoding complexity (see Section 1.3). The elimination of clocks also
reduces device size. The latest implementations show that ASDM circuit will occupy as less as
0.026mm? of a silicon die [146]. [172]

Finally, ASDM is immune to metastable behavior. With technology scaling, traditional high
resolution ADC design in the voltage-domain becomes difficult due to the low supply voltage
in the deep-submicrometer process. Noise would cause a meta-stability issue as the voltage
resolution shrinks. However, for time-domain architecture, the time resolution benefits from

the reduced transition time of digital circuits. [173]

2.3.2 Disadvantages

Despite the fact that ASDM has a long list of advantages, which makes it one of the best
choices for EEG encoding and BCI application, it still has some disadvantages. For example,
due to non-uniform sampling the reconstruction of the original signal x(¢), based on (2.22) is
complicated (see Section 2.2). But, since the main aim is to reduce BCI power consumption
and thus the complexity at the signal encoding part, the complexity shift from encoding part to
decoding part is admissible.

Another ASDM disadvantage (inefficiency) is related to over-triggering, which occurs when
ASDM is applied to wide dynamic range signals such as EEG signals. Due to wide dynamic

range these signals have, an unnecessary high switching activity of ASDM circuit appears when
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the input signal amplitude is low (see Figure 2.8). This is due to ASDM circuit parameters (b

Time (s)
Figure 2.8: Switching activity of ASDM. EEG signal (red line) and ASDM trigger output sig-
nal (blue line)

e Over-triggering —a

N
~

~

Amplitude (V)

Jl

and 0) are chosen considering the maximum value that is never exceeded by the signal. [27]
How to choose the parameters b and 6? If the signal being encoded is bandlimited to
[—£2, £2], then from Section 2.2.1 it follows that the necessary condition for perfect recovery of

the original signal from the given time sequence ¢y is:

v
Supgey (tir1 — tr) < 0 T (2.54)

That means 7,,,,, can not exceed 7/2, and the parameters b and § can be chosen according to

equation

2
L (2.55)
b—c

The minimum distance 7,,,;, in this case becomes

2 _
KO :b CT: 1 T
b+c b+c 1+2/a

(2.56)

Tmin =

where b = (1+a)cand a > 0. From (2.56) it follows: the smaller the coefficient «, the smaller
the distance 7,,;, and thus the larger the number of trigger times. On the other hand, the larger
the coefficient «, the smaller the difference between 7,,;,, and 7,,,, and the more precision (more
bits) is required to encode the time sequence {;, in order to recover the original signal. [27]
What is the inefficiency of having the constant parameter 0? Let us assume we have a
signal z(t) with C' being the maximum value of |z(t)|. The parameters b, and J; are chosen

as by = (1 + «a)C and §; = aCT/(2k) according to (2.55). Considering that instantaneous
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maximum value of |z(¢)| changes over time, and can be denoted as ¢(t), the maximum and

minimum distances 7,4, and 7,,;, are time-varying as well:

2/'4}(51 T
= = 2.
Tmaz1 (1) by —c(t) 14 1/a—c(t)/(aC) 2:37)
2/1(51 T
. — = 2.
Tmml<t) b1+C(t) 1—|—1/Oé—|—C(t)/(OéC) ( 58)
TF
§
[
- T
~
——
% 0.2 0.4 0.6 0.8 1

c/C

Figure 2.9: Distances 7,4, (increasing lines) and 7,,;, (decreasing lines) depending on c(t) €
[0, C] for three different @« = 3 values 0.1 (red lines), 1 (blue lines) and 5 (green lines) with
constant parameter by

The dependence of 7,,,4,1 and 7,1 on the value of ¢(t) € [0, C] is shown in Fig. 2.9 for
different a values 0.1 (red lines), 1 (blue lines) and 5 (green lines). The decreasing lines corre-
spond to 7,,;,1 and increasing lines to 7,,,,1. As it can be seen, both distances 7,,,;,1 and 7,421
for small ¢(t) values are less than 7" and thus over-triggering occurs, which is not necessary for
reconstruction of the original signal. This can be reduced, if coefficient «v is increased, however,
too high « values lead to small differences 7,,,4,1 — Tinin1 and thus more precision is needed to

encode the distances between consecutive trigger times. [27]

2.4 Summary and Conclusions

Section 2 is dedicated to the in depth analysis of Asynchronous Sigma-Delta modulator
(ASDM). ASDM is a clock-less analog to digital converter (ADC), which converts amplitude
information of the input signal z(¢) into time information or time sequence ¢, in a very energy

efficient way. The latest implementations show that it is possible to create a standard ASDM

73



with power consumption less than 7.5n1 [25], therefore it has a huge potential to reduce energy
consumption in wireless Brain Computer Interface (BCI) systems.
The relationship between the switching instants ¢ of the ASDM output z(¢) and the input

signal z(t) is given by the integral equation (see Section 2.1):

/tkﬂ a(t)dt = (—1)*[2k6 — b(trs1 — ti)],

where k, § and b are ASDM circuit parameters, but ¢, are switching time instants of z(t).

The ASDM input signal z(t) can be represented as

£E(t) = Zan9<t - Tn)a

sinQ2t

where g(t) = *=

is the impulse response of an ideal low pass filter with cutoff frequency
O, = % and a,, are the coefficients to be estimated in order to reconstruct the original
signal. From both these equations follow that the unknown coefficient a,, values for signal

reconstruction can be found by (see Section 2.2)
a=G'q,

where g = (—1)"(2k6 — b(ty1 — i) and G, = [ g(t — 7).

Unfortunately, the signal recovery method described above is time and resource consuming
and thus can not be used for real-time applications. Therefore, in Section 2.2.2 a method for
fast signal recovery is described. In this case, expression which describes reconstructed signal

is (see Section 2.2.2):

(1) = ]—”MW 3 e

m=—M
where unknown coefficients v,,, can be found by:

v=E(PTRDP !q

However, despite the fact that by using the fast signal recovery method it is possible to re-
construct the original signal significantly faster, it is not possible to reconstruct the signal in
real-time, since prior to reconstruction it is necessary to store time instants from the ASDM
output signal. In order to be able to reconstruct the signal in real time, short time interval recon-

struction method should be used (see Section 2.2.3):

L(t) = Z T () Wi (1),
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where w,,(t) is a window function, defined in (2.47).

Finally, in Section 2.3, ASDM advantages and disadvantages are described. The main ben-
efits of ASDM are low energy consumption, immunity to metastable behavior, modular design,
significant exclusion of electromagnetic interference (EMI), the absence of clock, low complic-
ity, continuous-time signal processing, etc, which makes it suitable for BCI applications. But,
the main inefficiency is related to over-triggering, which occurs when ASDM is applied to wide
dynamic range signals such as EEG signals. Due to wide dynamic range that these signals have,
an unnecessary high switching activity of ASDM circuit appears when the input signal ampli-
tude is low. This is because the ASDM circuit parameters are chosen considering the maximum
value that is never exceeded by the signal. Since the envelope of the signal changes over time,
the proposition is: instead of constant value to consider the time-varying maximum value, which
is also never exceeded by the signal. This could allow to reduce the over-triggering of the circuit
and thus the power consumption of the whole wireless BCI system, since less switchings instants
(events) will be necessary to be transmitted, which greatly reduces the power consumption of

the transmitter. The proposed amplitude adaptive method is described in Section 3.
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3. AMPLITUDE ADAPTIVE ASYNCHRONOUS SIGMA-DELTA
MODULATOR

The concept of the Asynchronous Sigma-Delta modulator (ASDM) is described in Section
2. As it was shown in Section 2.3.2, due to wide dynamic range that electroencephalogram
(EEG) signals have, an unnecessary high switching activity of ASDM circuit appears when the
input signal amplitude is low, causing increased power consumption of wireless Brain Computer
Interface (BCI) system. This is due to ASDM circuit parameters are chosen considering only
the maximum value that is never exceeded by the signal. In recent years different studies and
several applications of ASDM have been presented [173], [174], [175], [176], however, no
signal-dependent adaptive enhancements have been shown.

Since envelope of the signal changes over time, the proposition of this work is, instead of
constant value b, to consider the time-varying maximum value, which is also never exceeded
by the signal. This would allow to reduce the over-triggering of the circuit and thus the power
consumption of a wireless BCI system, since less switchings instants (events) will be necessary
to be transmitted, which greatly reduces the power consumption of the transmitter.

The block diagram of proposed Amplitude-Adaptive Asynchronous Sigma-Delta modulator
(AA-ASDM), which is an enhanced version of ASDM, is shown in Figure 3.1. In addition

Schmitt-Trigger, | -
H—‘:»t
-1 totz [

Integrator

x(t)

\ 4

v
r

Figure 3.1: Amplitude Adaptive Asynchronous Sigma-Delta modulator block diagram

to ASDM circuit (see Fig. 2.2), there is an envelope detector with output ¢(¢) connected to
the feedback loop. Now, instead of the equation (2.3), the relationship between the switching
instants ¢ of the AA-ASDM output z(¢) and the input signal x(t) for t5,; > tx, and integers

k € Z, is given by the following equation:

tet1 tr4+1
z(t)dt = (—1)*[2kd — / c(t)dt], (3.1
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where x and § are AA-ASDM circuit parameters. By using the proposed method, the perfect
recovery of the original signal is still possible, if ¢(¢) is known.

Based on this, two amplitude adaptive methods: 1) AA-ASDM with additional envelope
encoding (Section 3.1); and 2) AA-ASDM without additional envelope encoding (Section 3.2);
which are both particularly advantageous for signals with wide dynamic range, are proposed
and described further in this section. In addition, at the end of this section a summary and

conclusions are given.

3.1 AA-ASDM with additional envelope encoding

In this section, the proposed AA-ASDM with additional envelope encoding is described.
First of all, signal encoding and decoding/recovery principles are described in Section 3.1.1 and
Section 3.1.2.1. Then, in order to reconstruct the original signal in real-time, a method for fast
signal reconstruction and a method for real-time signal reconstruction are given accordingly in

Section 3.1.2.2 and Section 3.1.2.3.

3.1.1 Signal Encoding

As outlined in Section 2.3.2, having the constant parameter b is inefficient (see equations
(2.57) and (2.58)). In order to avoid over-triggering, the proposition is instead of constant pa-
rameter b to use time-varying parameter b (¢) according to ¢(t) to ensure

2/4(52
ba(t) — c(t)

where 7' is the Nyquist step and equals the maximum distance between two consecutive trigger

Tmaz2(t) = = const. =T, (3.2)

switching times 5 and ¢;1. [27] In this case, the difference by(t) — ¢(¢) must be constant and

thus by(t) can be written as

ba(t) = c(t) + pC, (3.3)

where > 0 is a constant, but C' is the maximum value of |z(¢)|. [27] The second parameter
dy = BCT/(2k) follows from (3.2) and the minimum distance between two consecutive trigger
switching times becomes

2/4,(52 T

bo(t) + c(t) 1y 2¢(t)/(BC) 4

Tmin2 (t) -
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The dependence of 7,,;,2 on the value of ¢(t) € [0, C] is shown in Fig. 3.2 by colored lines
for different (5 values: 0.1 (red line), 1 (blue line) and 5 (green line), but for 7,,;,1 by black and
gray lines for different § values: 0.1 (black line), 1 (dark gray line) and 5 (light gray line) (see
also Fig. 2.9). As can be seen, Ty,in2 > Timint and Tiuae2 > Timae1 for all ¢(t) and 5 = « values,
which means the over-triggering reduces in comparison to the classical b = const. case. Also

the differences 7,422 — Tmin2 are larger for all c(t) < C values. [27]

T

T min , T maz
i

0 0.2 04 0.6 038 1
c/C

Figure 3.2: Distances 7, (increasing lines) and 7,,;,, (decreasing lines) depending on ¢(t) €
0, C] for three different « = [ values 0.1 (red line), 1 (blue line) and 5 (green line) for AA-
ASDM case (time-varying parameter by(t)), and o = (3 values 0.1 (black lines), 1 (dark gray
lines) and 5 (light gray lines) for ASDM case (constant parameter b, ).

The block diagram of the proposed AA-ASDM with additional envelop encoding is shown
in Figure 3.3. Now instead of (2.3) the following equation holds [27]:

Schmitt-Trigger , ; -

Integrator

x(0) — ()

v
v
4

Integrator Schmitt-Trigger bc{

b

v

Figure 3.3: Amplitude Adaptive Asynchronous sigma-delta modulator (AA-ASDM) with ad-
ditional envelop encoding block diagram
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tei1 tkt1
()it = (~1¥(266 — BCtrss — 1) = [ clt)d) (3.5)
tr Ly
where § > 0 is a constant and C is the maximum value of |z(t)|, but ¢(¢) can be obtained from

expression:

tpt1
c(t)dt = (—1)*(260, — be(Frn — )] = i (3.6)
i

As it follows from (3.5), the envelope signal ¢(¢) is also needed for recovery of x(t), therfore
it is encoded by another ASDM with circuit parameters «., d. and b.. Now, for AA-ASDM to
be advantageous over ASDM, the signal ¢(¢) must have low frequencies in comparison to z(t).
This ensures the number of triggering points in z.(t) is much less than in z(t). [27]

In this case, the complexity of signal recovery increases, but power consumption of the
wireless BCI system decreases, due to fewer trigger switchings. The effectiveness of this AA-
ASDM approach is estimated by simulations in Section 4.1.2.

Regardless of the decrease of the number of switchings, the perfect recovery of the original

signal from the obtained time sequence is still possible (see Section 3.1.2). [27]

3.1.2 Signal Recovery

The signal reconstruction in AA-ASDM (with additional envelop encoding) is similar to one
described in Section 2.2, but in this case, the envelope signal ¢(t) is also needed for recovery
of x(t) (see Section 3.1.2.1). The speed of x(t) reconstruction in AA-ASDM can be increased
by using fast signal reconstruction approach described in Section 3.1.2.2. Also, AA-ASDM

method can be used for real-time signal recovery as described in Section 3.1.2.3.

3.1.2.1 Signal Recovery from AA-ASDM Output Time Sequence

The signal z(¢) with time-varying envelope function ¢(t) is recovered considering that both
x(t) and ¢(t) are bandlimited to [—(2,, {2,] and [— (2, £2.], respectively. The first step is recovery
of c(t) from the given time sequence #;, by finding the unknown coefficients o,, in

c(t) = ouh(t — 1), (3.7)

nez
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where
in2.t Q. .
= Sl —sinc(§2.t) (3.8)

7t ™

h(t)

and 7, = (fg + tr11)/2. [162], [27] From (3.1) and (3.7) follows
o =H'q (3.9)

where H' is the pseudoinverse of H and the elements of vector q and matrix H are

G = (—1)* (26c0e — be(trr — 1)) (3.10)
and )
th+1
Hy,, = / h(t — 7,)dt. (3.11)
te

When ¢(t) is found, the signal z(t) is recovered from the given time sequence ¢;, by finding

the unknown coefficients a,, in

2(t) =Y ang(t — ), (3.12)
nez
where
in,t Q.
g(t) = 24 o e (1) (3.13)
7t ™

and 7, = (g + tr11)/2. [162], [27] From (3.5) and (3.12) follows

a=Gq, (3.14)
where
trt1
q = (—1)F (2@ — BC (kg1 — ) — / c(t)dt) (3.15)
tr
and
lk41
G = / ot — )t (3.16)
tr

By using this signal recovery method, signal reconstruction is time and resource consuming
(see Section 4.1.1.2) thereby can be improved in order to reconstruct the original signal in real

time. In next the Section 3.1.2.2, an algorithm for faster signal recovery is described.
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3.1.2.2 Fast Signal Recovery

The signal recovery approach, described in Section 3.1.2.1, is not efficient enough for real-

time signal reconstruction. This is due to time consuming calculation of the coefticients o,, and

a,, according to (3.9) and (3.14).

In order to increase the speed of signal reconstruction, instead of finding the coefficients a,,

which correspond to signal representation (3.12), it is more efficient to find the coefficients d,,

which correspond to integral signal representation [162], [27]

o(t) = / x(u)du = Zdng(t —Ty)

- nez

From (3.17) it follows:
tet+1 R
| atdu =Y dulgttns 7)ot ~ )
173

Similarly, the integral envelope ¢(t) representation can be written as

/ cwydu=3" ouh(t —7).)

- n=-—00

From (3.19) it follows:

/{ - c(u)du =Y on[htrir — ) = Wl — 7))

nez

/ " ewdn = 3 oulh(tinr — ) — h(te — 7))

Uk nez

As the right side of (3.6) equals g, from (3.6) and (3.20) it follows that
Gr = onlh(teer — ) — bt — 7).
nez

The equation (3.22) in matrix form can be written as

where matrix P and H elements are
Pkn = (SkJrl,n - 5k,n

81

(3.17)

(3.18)

(3.19)

(3.20)

(3.21)

(3.22)

(3.23)
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where 0y, ,, represents the Kronecker symbol: o5, = 1, if k = n, and d;,, = 0, if k& # n, but
unknown coefficients 6,, are obtained from (3.23) as:

o=H P 'q (3.26)

where the elements of inverse matrix lA’_1 atrow k and column nis —1,if kK <nand0, ifk > n.
[162], [28]
From (3.5), (3.18) and (3.21) obtain

> dulglters —7a) — gt — )] =

nez
= (=1)*[266 = BC(ter — )] + (=1 " ou[hltipr — 70) — bt — 7). (327)
nez
If
G = (=1)*[266 — BC(trp1 — ti)], (3.28)

then from (3.27) and (3.28) follows [28]

Y dulglters =) = gt = 7)) = G+ (=1 Y " 0ulhlthsr — 70) = hlty — 7)) (3:29)

nez nez

Y dulglterr — ) = glte = 7)) = G+ > 0ul(=1)" (Altes — 7) — h(ty — 7))] (3.30)
nez nez
The equation (3.30) in matrix form can be written as [28]

PGd = q + PHo, (3.31)

where matrix P, G, P and H elements are

Py, = 6k+1,n - 6k,n (332)

Gin = 9(tk — Tn) (3.33)

-lf)k:n = (5k+l,n - 5k,n) : <_1)k+1 (334)
Hyp = hity — 7). (3.35)

From (3.26) and (3.31) it follows, that unknown coefficients d,, are obtained as [162], [28]:
P q). (3.36)
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When all coefficients d,, are found, §(t) in (3.17) can be calculated as [28]

N
S(t) = dag(t — ), (3.37)
n=1

and then, original signal can be found from
x(t) = ——. (3.38)

In order to increase the speed of signal reconstruction even more, it is necessary to fasten
matrix G and H pseudoinversion in (3.36). This can be achieved by using the same method as
described in Section 2.2.2.

Still, by using fast signal reconstruction method, the signal reconstruction from time instants
t), and {, is not possible in real time, since prior to reconstruction it is necessary to store time
instants from z(¢) and z.(t) signals. In order to reconstruct the original signal in real-time, a
separate section (Section 3.1.2.3) is dedicated to describe how to reconstruct the signal, which

is encoded by AA-ASDM with additional envelope encoding, in real time.

3.1.2.3 Real-Time Signal Recovery

In order to reconstruct the envelop as well as the original signal in real-time, the reconstruc-
tion must be carried out in short time intervals. The principle of the real-time short time interval
signal reconstruction method is described in Section 2.2.3, based on [163].

In AA-ASDM case, first of all the envelop signal ¢(¢) must be reconstructed in short time
intervals ¢ € [t,.s.,tmJ.+1.), in order to reconstruct the original z(t) signal (see Fig.3.4).

When the first interval of ¢(¢) is reconstructed, the real-time reconstruction of z(t), in short
time intervals ¢ € [t,,7,tms+1], can start. In this particular example in Fig. 3.4, it is assumed
that c() frequency is four times lower than z(t) frequency, therefore it is possible to reconstruct
four z(t) intervals by knowing one c(t) interval. In practice, c¢(t) frequency is up to twenty
times lower than z(¢) frequency. The main drawback of this method applied to AA-ASDM
approach is an increased delay at the beginning of the conversion. In this case, the delay intro-
duced by reconstruction of ¢(t) is between t10 — to and t15 — to. Also, since it is necessary to
reconstruct two signals, the AA-ASDM real-time reconstruction algorithm is more computing

resource demanding than ASDM real time reconstruction algorithm.
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Figure 3.4: Real-time signal reconstruction by using interval approach. a) reconstruction of
the envelop c(t), ty = 0, L. = 10, M. = 1, K, = 1; b) reconstruction of the original signal
x(t),to=0,L=8 M=2 K=1

Although AA-ASDM with additional envelop encoding is advantageous over ASDM in
terms of switching activity (see Section 4.1.2), the efficiency of this method can be improved,
if the envelope of the signal is not needed to be encoded and transmitted in order to recover the
signal. Since the envelope depends on the signal itself, the appropriate reconstruction method
could be developed for recovery from only one time sequence obtained at the output of the upper
trigger in Fig. 3.3. This would also allow to avoid the delay, which is introduced by additional
envelope signal reconstruction prior to the original signal reconstruction. This is the topic, which

1s further described in Section 3.2. @

3.2 AA-ASDM without additional envelope encoding

In Section 3.1, an improved version of ASDM, called AA-ASDM was presented, where by
using time-varying envelope of the input signal in the feedback loop of ASDM, it is possible
to reduce the switching activity of ASDM and thus the power consumption of the wireless BCI
system. Regardless of this reduction the perfect recovery of the original signal from the obtained
time sequences is still possible. [27] However, as concluded in Section 3.1.2.3, the efficiency

of AA-ASDM can be improved if the time-varying envelope of the signal is not additionally
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encoded and transmitted in order to recover the original signal.

Further studies have led to a solution which not only solves the above-mentioned problem,
but also allows to reduce the switching activity of the ASDM circuit even more. The principles
of an improved version of AA-ASDM is described in Section 3.2.1. The proposed method
shows how to choose the time-varying envelope in such a way, that there is no need to encode
and transmit information about the time-varying envelope and to be able to recover the original
signal from the obtained time sequence. In the proposed fast signal reconstruction method,
Fourier series instead of sinc functions are used for signal representation, thus improving the
speed of reconstruction while keeping the precision (see Section 3.2.2.1 and Section 3.2.2.2). A

method for real-time reconstruction is described in Section 3.2.2.3.

3.2.1 Signal Encoding

The block diagram of the proposed AA-ASDM without additional envelop encoding is

Schmitt-TriggerﬂP [1
-1 to Lok 4

shown in Figure 3.5. [29]

Integrator

x(t) >

Figure 3.5: Amplitude Adaptive Asynchronous sigma-delta modulator (AA-ASDM) without
additional envelop encoding block diagram

The relationship between the switching instants 5 of the AA-ASDM output z(¢) and the

input signal z(t) is given by the same equation as in Section 3.1.1 (see equation (3.5)):

tei1 tht1
/ z(t)dt = (—1)*[2k0 — BC (tprr — t) — / o(t)dt], (3.39)
th th
where x(t) is bounded in amplitude as [—1, 1]; , §, 3, C' are known coefficients (C' = 1, since
|z(t)| < 1); and o(¢) is the estimated envelope of the input signal, where o(t) > |x(t)].

In this case, the proposition is to choose the time-varying envelope function as [29]:
o(t) = const. + 2*(t). (3.40)
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By choosing const. = 0.25, the inequality 6(¢) > |z(t)| holds for all z(t) € [—1, 1] (see Fig.

3.6), therefore the time-varying envelope 6(t) of the input signal z(t) is selected as [29]:
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Figure 3.6: Selection of the constant value in (3.40)

o(t) = 0.25 + 22(t) > x(t). (3.41)

This function, as follows from the next Section 3.2.2, does not require any additional encoding

scheme.

3.2.2 Signal Recovery

The signal reconstruction methods, described in Section 2.2 and Section 3.1.2, are not effi-
cient, because sinc functions are not well suited for representing time-limited signals and integral
values of sinc functions can no be analytically found, therefore the calculation of matrix G is
both time consuming and not perfectly precise. The proposition is therefore to use Fourier series
instead of sinc functions for the original signal representation. The proposed signal reconstruc-

tion method can also be used for real-time signal recovery as described further in sub-sections.

3.2.2.1 Signal Recovery from AA-ASDM Output Time Sequence

By inserting (3.41) into (3.39), a relationship between the output sequence {¢x }r—1 2. x and

the input signal z:(¢) of AA-ASDM can be obtained [29]:

trt1 tet1
/ 2Bt = (—1)F[266 — BC(tsr — ) — / (0.25 + 22(t))d]. (3.42)
tk th
The equation (3.42) can be expressed as:
tht1 tot1 lk41
/ 2(#)dt = (—1)F[266 — BC(tesr — ) — 0.25 / dt / 2d]  (3.43)
th th tk

86



/tk“ (t)dt + (=1)* /tk+1 2 (t)dt = (—1)*[260 — BC(tesr — tr) — 0.25(tpsr — ti)] (3.44)

k tk

[ 0 o [ i = 1o - B0+ 05t - 1], 349

k k
By denoting

e = (—1)F[266 — (BC + 0.25)(tps1 — ti)], (3.46)

the equation (3.45) becomes:

tpi1 tht1
/ x(t)dt + (—1)’“/ 22 (t)dt = Gp. (3.47)
tk th
By assuming that the input signal x(¢) can be represented as
N-1 ~
z(t) = ) dnga(t), (3.48)
n=0

where dn are unknown coefficients and g, (¢) are the chosen base functions, the first term of

/tk+1
tk

where d = [dy, dy, - -+ ,dy_1]T and

(3.47) can be written as

MZ

tit1
/ ndt—d'g,, (3.49)
tk

n=0

tr41
g t
f§c+l g?(t)d
g = . . (3.50)
tk+1 gn- 1(t>dt

The second term of (3.47) can be written as

/tk xQ(t)dt:/tk <n:o aingn(t)> dt =
A ]| o) go®) 9@ ] [oolt) @) - gyl do
| 4 v | 90 a0 () gi(t) e gna(t) al | @
_JNfl_ i gN_.1(t) gN—.l(t) gN—.l(t> 90'(?5) 91.(?5) QN—.I(t> va.—l
Cdy 17 [ S se(Dgo(t)dt g g(t)dt P go(t)gna (t)dt azo
| d e 91(t)go(t)dt t’““ gl(t)g1(t)dt tk+1 g1 gn_1(t)dt d
[ i gn- i() tyde [ gN—l.(t)gl(t)dt e [ g 1(. Hgy_1(t)dt]| |dy_
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—d -G, d (3.51)

trp41

where o denotes the Hadamard product, but G, = a7 gm () gn(t)dt.
From (3.47), (3.49) and (3.51) the final equation corresponding to the time interval ¢t &
[t, trr1] follows [29]:

A" g+ (-1 Gy d =G (3.52)

As there are total K —1 time intervals, then A —1 equations (3.52) are obtained, and the unknown

coefficients d are found by minimizing the total error value [29]:

=

-1
~T ~T  ~ o~ _\2
<d g+ (~1)d -Gk-d—qk>. (3.53)

1

b
Il

The question is what base functions g, (t) to choose for representing the input signal x(¢),
the bandwidth of which is limited to w € [—{2, {2]. In Section 2.2 and Section 3.1.2, the base
functions g, (¢) were chosen to be sinc functions: g, (t) = sinc(£2(t — 7,,)) [156], [163], how-
ever, two problems exist: 1) these functions are well suited for representing only time-unlimited
signals; 2) calculation of g, and Gy, is both time consuming and not perfectly precise since no
analytical solutions of the integrals exist. In order to solve these problems, in [162], periodic
sinc functions and integral signal representation is presented. The proposition of this work is
to use Fourier series instead of sinc functions for the original signal representation, in order to
increase speed of reconstruction even more, while keeping the precision in the same level. This

approach is described in next Section 3.2.2.2.

3.2.2.2 Fast Signal Recovery

By using Fourier series, given the output sequence {tx }r—1 2, x With the corresponding time

77777

period © = tx — t1, the input signal for ¢ € [t;, tx] is expressed as

M

- . 2 - 2
z(t) = dp + Z (dm cos(mgt) + dpm sin(mgt)), (3.54)
m=1

where the upper limit M follows from the bandwidth (2 of the signal [29]:
2
M= | @J .

21

(3.55)
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Such a representation of x(t) is both well suited for expressing time-limited signals of length ©
and allows fast and precise calculation of g, and Gy, (see simulation results in Section 4.1.3.2),

the expressions of which are given in Appendix A.

3.2.2.3 Real-Time Signal Recovery

The real-time signal reconstruction in ”AA-ASDM without additional envelope encoding”
is carried out in short time intervals as described in Section 2.2.3. The principle stays the same,
only the signal reconstruction inside each of the windows wy, is different. [29] In this case a new
signal recovery method, described in previous subsections (Section 3.2.2.1 and Section 3.2.2.2),

1s used instead of method described in Section 2.2.1 and Section 2.2.2.

3.3 Comparison of number of samples

Given a signal fragment x(t), t € [0, ©], a number Nagpys of switching instants 0 < ¢, <

< ... <tNnuspy < O,wherety —0 < T and © — < T, at the output of ASDM can

tNASDM

be found from equation (2.3) by dividing its both sides by (—1)F:
(2
/ [(=1)*z(t) + bldt = 2k0. (3.56)
ti

After summing the left side of (3.56) overall £ = 0,1,..., Naspy — 1, it is obtained:

Naspm—1 tk+1

b(tn,spn — to) + Z / (t)dt = 260N aspar, (3.57)

where © — 2T < tn, o, — to < O, therefore, if © > T, then ty,,,,,, —to ~ © and
Naspm—1 tk+1
Noaspus & — (b@ v Z / dt) (3.58)

By denoting Taps = 5 fo |z(t)|dt and considering —Z4s© < ZNASDM L)k (t)dt <

tk

Tabs O, 1t follows:
)

e
%(b — Zaps) < Naspu < %(b + ZTabs), (3.59)

where b > Zyps. If b is much larger than Z .5, then Naspa ~ Ob/(2k9).
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In case of AA-ASDM a relationship between the output sequence tx, k € Z, and the input

signal z(t) holds: t
/ ) + (=1 Ee(t)]dt = (—1)¥2%0. (3.60)

ty
By similar procedure, if both sides of (3.60) are divided by (—1)* and then summed over all
k=0,1,...,Naa_aspm — 1, anumber Na4_aspas of switching instants 0 < g < t; < ... <
INas aspn < O at the output of AA-ASDM is found:

Naa—aspm—1

tk+1
Npa_aspym = ﬂ (C@ + Z / dt) (3.61)
from which:
@( — Taps) < N. <ﬁ(c+w ) (3.62)
2 abs AA—-ASDM 2 abs .
where ¢ = 5 fo t)dt is the mean value of ¢(¢).

From (3.59) and (3.62) a ratio between the minimum value of N gpjs and the maximum
value of Naa_aspar can be obtained:

NASDMmin - b— jabs

. 3.63
NAAfASDM max c+ Eabs ( )

By introducing the coefficients v, = Zu,/C and 7. = 0/C, where 6 = & fo t)dt is the
mean value of 6(t), then b and ¢ can be expressed as b = C 4+ aC = Tus(1 + a) /7. and
¢=0+aC =7.C + aC = ZTus(Ve + a)/7z, which, after inserting into (3.63), gives:

NASDMmin _ 1_/7{2—’_0[
NAAfASD]\/[ max Ye + Yz +a

The coefficient v, is solely determined by x(¢) and its values are bounded: ~, € (0, 1], since

(3.64)

Zaps < C. On the other hand, the coefficient +, additionally depends on the chosen o6(¢) and its
values 7y, > 7., since 6(t) > |z(t)|. In AA-ASDM2 case, the maximum ratio is 4.

If the mean value Z; is small in comparison to the maximum value C' of |z(t)|, then 1 —~,
in (3.64) is close to 1 and for small 7. ~ ~, and « values the number Naa_aspas Will be
significantly less than Nagpys. In addition, Nasparmin > Naa—aspmmae for all a, if v, <
1 — 2v,. It means that AA-ASDM is advantageous over ASDM for signals having high peak-
to-peak amplitudes in comparison to their mean absolute values.

As «a grows, the ratio (3.64) for small 7, ~ ~, values decreases towards 1, however, since
the trigger times ¢, are measured with finite precision, increasing « values also reduce signal

reconstruction quality.
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3.4 Summary and Conclusions

As indicated in the conclusions of Section 2, Asynchronous Sigma-Delta modulator (ASDM)
circuit is inefficient when applied to wide dynamic range signals, such as electroencephalogram
(EEG) signals, i.e. an unnecessary high switching activity of ASDM circuit appears when the
input signal amplitude is low, causing increased power consumption of the wireless Brain Com-
puter Interface (BCI) system. This is due to ASDM circuit parameters are chosen considering
the maximum value that is never exceeded by the signal. Since envelope of the signal changes
over time, the proposition made in this Section is, instead of constant value, to use the time-
varying maximum value, which is also never exceeded by the signal, i.e. to change the ASDM
circuit parameter b according to ¢(t) to ensure that maximum distance between two consecutive

trigger switching times is:

2K0
Tmaa:2(t) = —H 2 =const. =T

by(t) — (1)
In this case, the difference by (t) — ¢(t) must be constant and thus by (%) can be written as by (t) =

c(t) + BC, where 8 > 0. The minimum distance becomes

B 2%52 . T
T b+ ct) 1+ 2¢(t)/(BO)

Tmin2 (t)

The proposed method, called Amplitude Adaptive Asynchronous Sigma-Delta modulator
(AA-ASDM) allows to reduce the over-triggering of the circuit and thus the power consumption
of wireless BCI system. Regardless of this reduction the perfect recovery of the original signal
from the obtained time sequence is still possible.

To implement this idea, in addition to ASDM circuit, there is an envelope detector with
output c(t) connected to the feedback loop. Now, the relationship between the switching instants
t, of the AA-ASDM output z(t) and the input signal x(t) for tx,; > t;, and integers k > 0, is
given by the following equation:

tha1 tht1
w(t)dt = (—1)*[2k0 — BC (tpr1 — t) — / c(t)dt).
th ty
Based on the above mentioned, two amplitude adaptive methods: 1) AA-ASDM with ad-

ditional envelope encoding; and 2) AA-ASDM without additional envelope encoding, are pro-

posed and described.
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AA-ASDM with additional envelope encoding

In this case, the envelope signal ¢(¢) is also needed for recovery of (), therefore it is en-
coded by another ASDM. Now, for AA-ASDM to be advantageous over ASDM, the signal ¢(t)
must have low frequencies in comparison to z(t).

In order to recover the encoded signal, the first step is recovery of envelope signal c(t).
When c¢(t) is found, the original signal z(t) is recovered from the given time sequence ¢ by

finding the unknown coefficients by the following equation:
a=G'q,

where g, = (—1)%(2r6 — BC(tr1 — t) — [ e(t)dt) and Gy, = [} g(t — 7).

By using this signal recovery method, the reconstruction is time and resource consuming
therefore fast and real-time signal reconstruction methods are considered.

In order to increase the speed of signal reconstruction, instead of finding the coefficients a,,
it is more efficient to find the coefficients d,,, which correspond to integral signal representation:

() = / w(uydu =Y dug(t — 72)

- nez

The unknown coefficients cZn are obtained as:

d=G™P ! (q4+PHo)=G'P'- (q+PHH P q).

N ~

When all coefficients d,, are found, <(t) can be calculated as ¢ (t) = S°~_, d,g(t —7,), and then,

original signal can be found as
ds(t
z(t) = %
It is also shown that speed of signal reconstruction can be increased even more by fastening
matrix G and H pseudoinversion (see Section 4.1.1.2).

In order to reconstruct the envelop as well as the original signal in real-time, the recon-
struction is carried out in short time intervals. When the first interval of ¢(t) is reconstructed,
the reconstruction of x(¢), in short time intervals, can start. If ¢(t) frequency is, for example,
twenty times lower than x(t¢) frequency, it is possible to reconstruct twenty z(t) intervals by

knowing one c¢(¢) interval. The main drawbacks of this method are an increased delay at the

beginning of the conversion and a demand for increased computational resources.
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Although "AA-ASDM with additional envelop encoding” is advantageous over ASDM in
terms of switching activity, the efficiency of this method can be improved, if the time-varying
envelope of the signal is not additionally encoded and transmitted in order to recover the original
signal.

AA-ASDM without additional envelope encoding

The relationship between the switching instants ¢;, of the AA-ASDM output z(¢) and the input
signal x(t) is the same as in "AA-ASDM with additional envelope encoding”, only in this case,
the proposition is to use the time-varying envelope function as 6(t) = 0.25 + z2(t), where
the inequality 6(¢) > |x(¢)| holds for all z(¢) € [—1,1]. This function does not require any
additional encoding scheme to be able to reconstruct the original signal with the same precision
as with the ASDM (see Section 4.1.3).

The input signal z(t) can be represented as z(t) = Zf;:ol dpgn(t), where d,, are unknown
coefficients and g, (t) are the chosen base functions. The unknown coefficients d are found by

minimizing the total error value:

K-1

DI CIRPREEIT N A

k=1

The question was what base functions g, (t) to choose for representing the input signal z(t).
If the base functions g, (t) are chosen to be sinc functions, as in ASDM and "AA-ASDM with
additional envelop encoding” case, two problems occur: 1) these functions are not well suited
for representing time-limited signals; 2) calculation of g, and G, is both time consuming and
not perfectly precise since no analytical solutions of the integrals exist. In order to solve these
problems, the proposition of this work is to use Fourier series instead of sinc functions for the
original signal representation.

By using Fourier series, given the output sequence {¢; } x—1 2 i With the corresponding time

period © = tx — t1, the input signal for ¢ € [t;, tx] is expressed as
M 2T 2T
t) = d, (cim Z28) + dyyy g sin(m ==t )
:c( ) 0+ mX::l cos(m o ) + M SlIl(m o )

where the upper limit M follows from the bandwidth (2 of the signal M = L%J Such a

representation of x(¢) is both well suited for expressing time-limited signals of length © and
allows fast and precise calculation of g, and Gy,. The real-time signal reconstruction is carried

out by using the same approach as in ”AA-ASDM with additional envelope encoding” case.

93



”AA-ASDM without additional envelope encoding” allows not only to reduce the switching
activity of the ASDM circuit even more, compared to "AA-ASDM with additional envelope
encoding”, but it also decreases the speed and delay of the signal reconstruction meanwhile
keeping the desired precision (see Section 4.1.3).

The ratio between the minimum value of a number N4spj; of switching time instants and
the maximum value of N44_aspas can be obtained from the following expression:

Naspmmin 1 =7t
NAA—ASDM max Ye + Yz + Oé’

where 7y, = Tus/C and v, = 5/ C are coefficients. It follows that AA-ASDM is advantageous
over ASDM for signals having high peak-to-peak amplitudes in comparison to their mean ab-

solute values.
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4. EXPERIMENTAL RESEARCH

In order to verify and assess the theory, developed in Section 3, in practice, in this Sec-
tion various simulations, modeling and physical implementations are carried out. First of all, in
Section 4.1, Asynchronous Sigma-Delta Modulator (ASDM) (as a reference design) and Am-
plitude Adaptive Asynchronous Sigma-Delta Modulator (AA-ASDM) are simulated in Matlab
numerical computing environment. Then, in Section 4.2, ASDM and AA-ASDM are modeled
in SIMetrix circuit simulation software. In Section 4.3, AA-ASDM together with other Brain
Computer Interface (BCI) system’s components are designed in Al/tium Designer Printed Circuit
Board (PCB) design software and finally constructed as physical devices. In each of these sub-
sections, a detailed description of tests as well as corresponding results are given. In addition,

at the end of Section 4, a summary and conclusions are given.

4.1 Simulations

In this sub-section, both ASDM and AA-ASDM are simulated and tested in Matlab environ-
ment. Both approaches are tested on real electroencephalogram (EEG) signals acquired by the

14-channel Emotiv EPOC [9] headset. An excerpt from these signals can be seen in Fig. 4.1.
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Figure 4.1: EEG signals used for simulations

Considering typical EEG signal frequencies (see Section 1.1.2), all signals are low-pass fil-
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tered up to 49Hz ir order to remove the noise prior to encoding.

4.1.1 Asynchronous Sigma-Delta Modulator

Based on the theory, described in Section 2, ASDM Matlab functions for signal encoding, re-
construction, fast reconstruction and real-time reconstruction are developed, tested and assessed

in this Section. All used Matlab functions can be found in Appendix B.

4.1.1.1 Signal Encoding

ASDM Matlab function for signal encoding is shown in Appendix B-1. First, considering
inequation (2.4) T,nin = g%‘: <tpar — g < g%i = Tmaz» the parameters of the ASDM must be
set in such a way that maximum distance between two consecutive trigger switchings £, — tx
does not exceed the Nyquist step, i.€, Tq: < ﬁ = T'. In this case, ASDM parameters are
set as follows: Kk = 1,b = ¢+ « - ¢, where « is a constant (0.1, 0.3, 0.7, 1, 1.3, 1.9 or 2.5) and ¢

is a maximum amplitude of absolute value of the EEG signal, but ¢ is calculated as

(b—¢o)T a02F1 ac
) ) max . 4‘1
0=0 9—2/1 =0 9—25 =0 94E}1ax’ 4.1)

where ”0.9” is added due to computing inaccuracies, otherwise, there might be occasions when
actual measured maximum distances between two trigger switching time instants is 7,4, > 7.
It introduces a small over-triggering, but ensures that 7,,,,,. is less than T. [27], [29]

The simulation results for different « values and EEG signals are shown in Table 4.1.

Table 4.1: Number of switching time instants per sec. for different o values and EEG signals

nmmmmmmmm

1168 1189 1192 1194 1193 1190 1189 1193 1189 1168 1186 1157 | 1184 | 0.64

0.3 463 469 470 471 471 470 470 470 470 463 469 460 | 468 | 0.79
0.7 262 264 264 264 264 264 264 264 264 262 263 261 | 263 | 0.85
1 216 217 217 218 218 217 217 218 217 216 217 216 | 217 | 0.87
1.3 192 192 193 193 193 192 192 193 192 192 192 191 | 192 | 0.87
1.9 166 166 166 166 166 166 166 166 166 166 166 165 | 166 | 0.88
25 152 152 152 152 152 152 152 152 152 152 152 152 | 152 | 0.88

As can be seen in Table 4.1, for low « values the average switching activity is high which

is not recommended due to increased power consumption, but for too high « values variance of
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distances between consecutive trigger switching time instants reduces and more precision (more
bits) is needed to measure the distances. The optimal choice could be o = 1, when the minimum
distance between consecutive trigger times is 7/3. [27], [29]

The distances between consecutive trigger switching time instants when v = 1 are shown

in Fig. 4.2.
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Figure 4.2: EEG signal (red line) and the obtained ASDM distances between consecutive trig-
ger switching time instants (blue line) and Nyquist step (7)) multiplied by 0.9 (green line)

As can be seen in Fig. 4.2, the maximum distances (equaling nearly 7" (green line)) are
obtained only when the input EEG signal reaches its highest values at ~0.15 and ~1.3 seconds.
Due to constant parameter b, the over-triggering occurs most of the time and the distances vary
closely around 7'/2. This over-triggering causes an increased power consumption of a BCI
system.

As can be seen in Table 4.1, 7,4, /T values are close to 0.9 - 7', except for « = 0.1 and
a = 0.3, where this parameter is less than 0.9. This is due to fact that the maximum absolute
value c of the original signal is set to be above the actual maximum value, since in real life
systems it is only normal to set the maximum and minimum amplitude values to be above the
range of the expected input signal.

Since the maximum distance between two consecutive ASDM trigger switching time in-

stants does not exceed Nyquist step, a sufficient condition to reconstruct the original signal
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from switching time instants ¢, is fulfilled (see next sub-section).

4.1.1.2 Signal Recovery

As shown in Section 2.2, ASDM encoded signal can be recovered by using two approaches.
The first one (Classical reconstruction) is based on expressions (2.20) and (2.22), and the second
one (Fast reconstruction) on expressions (2.41) and (2.46). In order to reconstruct the signal in
real time, an expressions (2.49) is used. Matlab functions for each of the approaches are shown
in Appendixes B-2, B-3 and B-4 accordingly.

Experimental simulation results, when @ = 1, show that in average 0.420 seconds are re-
quired for Classical reconstruction algorithm and 0.017 seconds for Fast reconstruction algo-

rithm to recover a 1 second long signal on a mid-range personal computer (PC) (see Table 4.2).

Table 4.2: Comparison of algorithms (Average time necessary to reconstruct the signal)

| Length of the signal: |_1sec | 2sec. | dsec | 8sec

Classical reconstruction:  0.420s 2.859s 21.253s 162.008s
Fast reconstruction: 0.017s 0.048s 0.164s 0.711s

Since the reconstruction speed (time) can vary depending on the performance of the PC, the
time values are compared in relative terms. In this case, Fast reconstruction algorithm is ~ 25
times faster then Classical reconstruction algorithm, if the signal length is 1 second, and ~ 61,
~ 130 and ~ 228 times faster, if the length of the signal is 2, 4 and 8 seconds, respectively. [28]

In order to evaluate the accuracy of both signal reconstruction methods, the average Signal-

to-Noise radio (SNR) is calculated based on the simulation results. For Classical reconstruction:

_ Ds _ Elx(t)]
SNRASDMC = 10[0910P€ = 10[0910(E[x(t) — .fj(t)]

) = 132.33 dB, (4.2)
where £ denotes the energy of the signal, x(¢) is the original signal, but Z(¢) the reconstructed
signal. From expression (4.2), it follows that Effective Number of Bits are

SNR—1,76 13233 —1,76
6,02 B 6,02

ENOBuspu,, = ~ 22 bits. (4.3)

Accordingly, for Fast reconstruction: SN Raspn, = 131.49 dB, and ENOBaspuy, ~
22 bits.
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Fig. 4.3 shows an example of the original signal and the reconstructed signal (visually it is
not possible to see the difference), as well as the error signal, defined as the difference between
the original and reconstructed signal.

1 T T T T

s
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Amplitude, V

Amplitude, V
o

Time, s

Figure 4.3: Original EEG signal (red line), reconstructed signal (green line) and error signal
(blue line), which is the difference between original and reconstructed signal

As can be seen in Fig. 4.3 a), it is impossible to see the difference between the original and
reconstructed signal due to fact that the error signal is in a range of 1078V.

The simulation results show that by using Fast reconstruction algorithm the reconstructed
signal is slightly less accurate (SN Raspm, = 132.33 dB, SN Raspm, = 131.49 dB), but the
time it takes to reconstruct the original signal is significantly faster (see Table 4.2).

In order to reconstruct the signal in real time, the reconstruction is carried out in short time
intervals as described in Section 2.2.3. In this case, the parameters are chosen as follow: L = 15,
M=2K=2and J =L —2M — K =9, which means that each time after receiving nine
switching time instants ¢, a new signal fragment reconstruction begins (see Fig. 4.4). [29]

In this particular example, nine ASDM trigger switchings time instants are generated in
70ms, but the signal reconstruction takes only 40ms, which means that by using this method it
is possible to reconstruct the signal in real time.

By using real-time reconstruction method, the SNR is also affected. The simulation results
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Figure 4.4: Reconstructed signal (d) by using three consecutive intervals: a), b) and c), where
green line is ASDM output signal, red line - reconstructed signal in interval before it is multi-
plied by window function (black line), blue line - original signal (before encoding)

show that in this case the average SNR is:

Py
SNRASDMRT = 10l0g10— = 1010g10(

FE
— 7 )=12362dB 4.4
2 Efa(t) — 20 B

while
SNR—1,76  123.62— 1,76
6,02 B 6,02

ENOBuspatpy = ~ 20 bits. (4.5)

4.1.2 AA-ASDM with additional envelope encoding

Based on the theory, described in Section 3.1, AA-ASDM with additional envelope encoding

is simulated and assessed in this Section.

4.1.2.1 Signal Encoding and Reconstruction

Matlab function for signal encoding is shown in Appendix C-1. First, considering expres-
sions (3.2) and (3.3), the parameters of the AA-ASDM must be set in such a way that maximum

distance between two consecutive trigger switchings ¢;..; — ¢, does not exceed the Nyquist step,
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i‘eﬂ Tmax S

5 F:m . In this case, AA-ASDM parameters are set as follows: xk = 1, by = ¢(t)+3C,
where = « is a constant (0.1, 0.3, 0.7, 1, 1.3, 1.9 or 2.5) and C' is a maximum amplitude of
absolute value of the EEG signal, but d; is calculated from the equation do = 0.95CT' /2. For
envelope encoding, the parameters are set as k. = 1, b, = 2C and §. = C /4 F,,4s., - 27]

The example of the input EEG signal and its estimated envelope function, when av = 0.1, is

shown in Fig. 4.5. In this case, the envelope function (solid blue line in Fig. 4.5) is acquired

Amplitude, V

Time, s

Figure 4.5: Input EEG signal (red line) and its low frequency envelope functions (blue lines)

by finding peak values of the modulus of input signal, which are interpolated and then low
pass filtered by a SHz filter. If more precise (more rapid) envelope (dashed line in Fig. 4.5) is
used, then less triggering occurs at the output of the upper trigger (see Fig. 3.3), however, more
switchings are required to encode the envelope.

The simulation results for different a values and EEG signals are shown in Table 4.3. [29]

Table 4.3: Total number of switching time instants per second for different « = /3 values for
different EEG signals

= | e | o | crca | e | eecs | cecs | Gy | ek | e |ecoo | e | i v rm
0.1 400 384 385 367 366 416 387 386 391 536 395 460 406 | 0.90
0.3 220 213 213 206 206 223 214 212 215 265 217 241 220 | 0.90
0.7 166 162 162 159 159 167 163 162 163 185 164 175 166 | 0.89

1 154 151 150 148 148 154 151 150 151 167 152 160 153 | 0.90
1.3 147 144 144 142 142 147 144 144 145 157 145 152 146 | 0.90
1.9 139 137 137 136 136 139 138 137 138 146 138 143 139 | 0.90
2.5 135 134 134 133 133 135 134 134 134 141 134 138 135 | 0.89

In this case the total number of switching time instants is composed of two numbers, the

first number corresponds to the output of the upper trigger in Fig. 3.3, while the second to the
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output of the lower trigger. For example, for EEG1 signal, when a« = 3 = 0.1, the number of
switching time instants of the upper trigger is 390, but for lower trigger 10, giving a total of 400
switchings per second. Since envelope signal is limited to SHz, for all coefficient a = (3 values
and all EEG signals, for envelope encoding there are needed 10 switching time instants.

Comparing Table 4.1 and Table 4.3 it can be seen that it is possible to reduce the switching
activity of ASDM, if instead of trigger output the time-varying envelope of the signal is used in
the feedback loop of the circuit. This also can be seen in Fig. 4.6, where o = 3 = 0.1.
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Figure 4.6: Fragment of the input EEG signal (red line) and the trigger output (blue line) in

non-adaptive and amplitude adaptive cases. a) Switching activity of ASDM, b) Switching

activity of AA-ASDM with additional envelope encoding

N2
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o

4 1.45 1.5

Knowing that the main power consumer of a BCI system is transmitter (see Section 1.1.3),
by reducing the amount of information (switching time instants) to be transmitted, the power
consumption of the transmitter will reduce proportionally. Thus, it is possible to calculate the

energy saving, if AA-ASDM instead of ASDM is used [29] :

Na.
E = (1 — =222y 100%, (4.6)
NASDM

where Naa-aspum 1S the total number of switching time instants for AA-ASDM, but Naspy for
ASDM. From Table 4.1 and Table 4.3 it can be calculated that AA-ASDM, for different o = (3

values, can achieve up to 65.69% energy saving for transmitter compared to ASDM (see further
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in the work Table 4.5). As the « = [ values grow, the advantage (in switching activity) of
AA-ASDM over ASDM becomes less, however, it is not recommended to choose too high
these values since the variance of distances between consecutive trigger times reduces and more
precision (more bits) is needed to measure the distances. On the other hand, too low o« = 3
values are not recommended as well since high switching activity appears in both cases. [27]
The distances between consecutive trigger switching times when o = = 1 are shown in
Fig. 4.7. The blue line corresponds to ASDM with the maximum distances (equaling nearly
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Figure 4.7: EEG signal (red line) and the obtained distances between consecutive trigger
switching time instants for ASDM (blue line) and AA-ASDM (pink line), and Nyquist step
(T) multiplied by 0.9 (green line)

Nyquist step 7") obtained when the signal x(t) reaches its highest values at ~0.15 and ~1.3
seconds. Due to constant parameter b = 2C, the over-triggering occurs most of the time and the
distances vary closely around 7'/2. On the contrary, the pink line, which corresponds to AA-
ASDM with additional envelop encoding, shows that the maximum distances (equaling nearly
0.9 - T) occur all the time and the values ;1 — t; are more spread. 127]

In both cases, the maximum distance between consecutive trigger times is close and do not
exceed 0.9-7', which is a sufficient condition to reconstruct the original signal from the obtained
reduced AA-ASDM time sequence. The signal reconstruction for AA-ASDM with additional

envelop encoding is the same as in ASDM case (see Section 4.1.1) with the same accuracy.
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Although AA-ASDM with additional envelop encoding is advantageous over ASDM in
terms of number of samples, it has few drawbacks. For example, there is a need to transmit two
signals instead of one and there is a delay introduced by additional envelope signal reconstruc-
tion prior to the original signal reconstruction. Even further, the physical implementation of the
AA-ASDM with additional envelop encoding involves envelope detector which introduce addi-
tional delay to the system and synchronization with the original signal. Therefore, AA-ASDM

without additional envelope encoding (see Section 4.1.3) is used in further research.

4.1.3 AA-ASDM without additional envelope encoding

Based on the theory, described in Section 3.2, ”AA-ASDM without additional envelope
encoding” Matlab functions for signal encoding, fast and real-time reconstruction are developed,

tested and assessed in this Section. All these Matlab functions are available in Appendix D.

4.1.3.1 Signal Encoding

AA-ASDM Matlab function for signal encoding is shown in Appendix D-1. Considering
expressions (3.2) and (3.3), the parameters of the AA-ASDM must be set in a way that maximum
distance between two consecutive trigger switchings ;.11 — t;, does not exceed the Nyquist step,

i.e, Trmas < 5o

< 37— = I'. AA-ASDM without additional envelope encoding parameters are set as

in Section 4.1.2. In this case, the envelop function is set as c(t) = 0.25 + z%(¢). [29]
The example of the input signal and its estimated envelope function, when o = 0.1, is shown

in Fig. 4.8, but simulation results of the average amount of triggering switching time instants

Amplitude, V

Figure 4.8: Input EEG signal (red line) and its envelope function (blue line)
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per second for different o values and EEG signals are shown in Table 4.4.

Comparing Fig. 4.5 (AA-ASDM with additional envelope encoding (AA-ASDM1)) and
Fig. 4.8 (AA-ASDM with additional envelope encoding (AA-ASDM?2)), it can be seen that in

AA-ASDM?2 case the envelope is more precise and thus the number of trigger switching time

instants is lower, as it can be also seen by comparing Table 4.1 and Table 4.4.

Table 4.4: Number of switching time instants per sec. for different « values and EEG signals

mmmmmmmm@mm

0.3
0.7
1
1.3
1.9
2.5

353
200
152
140
134
127
123

365
199
150
138
132
125
122

376
201
150
138
131
125
122

380
201
150
138
131
125
121

380
201
150
138
131
125
121

379
201
150
138
131
125
121

376
201
150
138
131
125
122

376
201
150
138
131
125
122

369
200
150
138
132
125
122

354
200
152
140
134
127
123

352
197
150
138
132
125
122

205
155
142
136
128
124

200
150
139
132
126
122

0.89
0.90
0.90
0.89
0.90
0.90
0.90

The distances between consecutive trigger switching time instants, when o« = [ = 1, are

shown in Fig. 4.9. As can be seen in Fig. 4.9, the maximum distances (equaling nearly 0.9 - T’

Figure 4.9: EEG signal (red line) and the obtained distances between consecutive trigger
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switching time instants for ASDM (blue line) and AA-ASDM (pink line), and Nyquist step
(T) multiplied by 0.9 (green line)
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(green line)) occur all the time (pink line), if compared to ASDM case (blue line), and the values
tri1 — t are more spread. Since the maximum distance between consecutive trigger times does
not exceed the Nyquist step, it is still possible to reconstruct the signal from the obtained reduced
time sequence (see Section 4.1.3.2). [29]

As mentioned before, the main power consumer of a BCI system is a transmitter, where
by reducing the average number of time codes needed to be transmitted, the average power
consumption of the transmitter will reduce proportionally (see expression (4.7)). That means,
the energy consumption of the whole BCI system reduces, if the average switching rate of the
Schmitt trigger decreases. From expression (4.6), it is possible to calculate the energy saving,
if AA-ASDM?2 instead of ASDM is used. The simulation results show that it is possible to
achieve up to 68.85% energy saving for transmitter compared to ASDM (see Table 4.5, where
a comparison of ASDM, AA-ASDM1 and AA-ASDM2, based on Tables 4.1, 4.3 and 4.4 and

expression (4.6) is shown).

Table 4.5: Comparison number of trigger switching time instants per second and correspond-
ing energy saving of the transmitter for ASDM, AA-ASDM1 and AA-ASDM2

s o1 [ o o7 |1 | 13 | 1o | 25 |
263 217 192 166 152

Npspu: 1184 468
N nems 406 220 166 153 146 139 135
AA-ASDM1 Energy saving: 65.69% 52.90% 37.11% 2955% 24.01% 16.42% 11.48%
R s 369 200 150 139 132 126 122

AA-ASDM?2 Energy saving: 68.85% 57.20% 42.91% 36.00% 31.18% 24.38 19.96 %

Asthe o = 3 values grow, the advantage (in switching activity) of AA-ASDM2 over ASDM
becomes less, however, it is not recommended to choose too high these values since the variance
of distances between consecutive trigger times reduces and more precision (more bits) is needed
to measure the distances. Too low o = [ values are not recommended as well since high

switching activity appears in both cases.

4.1.3.2 Signal Recovery

Based on the Section 3.2.2.2, the simulation results of both fast and real-time signal re-
construction methods are shown in this section. Matlab functions for fast and real-time signal

reconstruction are shown in Appendixes D-2 and D-3, accordingly.
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For AA-ASDM, the experimental simulation results show, that it takes in average 0.09s to

reconstruct one original signal fragment with a length of 0.5s, when o« = 5 = 1 (see Table 4.6)

Table 4.6: Comparison of ASDM and AA-ASDM?2 reconstruction speed for different « = 3
values and signal lengths

ASDM

- 0.1 second long input signal 0.5 second long input signal 1 second long input signal

0,0015 0,0073 458 0,0249 1184 124

1 0,0040 19 135 0,0058 95 136 0,0170 217 136

2.5 0,0161 14 137 0,0055 69 137 0,0088 152 139
AA-ASDM2

- 0.1 second long input signal 0.5 second long input signal 1 second long input signal

I T P T P T Ty et T

0.1 0,0060 0,1800 0,6231
1 0,0063 15 133 0,0900 67 135 0,4457 139 137
2.5 0,0093 13 138 0,3006 58 137 0,7603 122 138

As can be seen in Table 4.6, the reconstruction speed vary depending on the length of the
fragment needed to be reconstructed. Also, it can be seen, that the signal reconstruction for
AA-ASDM ir more time consuming than for ASDM. This is due to fact that the optimization
algorithm, which minimizes the expression (3.53), is used to find the unknown coefficients
needed for signal reconstruction. Besides that, it can be seen that by using AA-ASDM it is
possible to achieve practically the same precision of the reconstructed signal as in the ASDM
case. It can be concluded that the performance of AA-ASDM is admissible, since it fulfills the
requirements set out in Section 1.2.

From Table 4.6, as well as from the conclusions at the end of Section 4.1.3.1, it is clear
that the best option is to use « = = 1 and 0.5s long fragments to reconstruct the original
signal with acceptable precision and reasonably small delay. Fig. 4.10 shows an example of the
original signal and the reconstructed signal, as well as the error signal, defined as the difference
between the original and reconstructed signal. The reconstruction is done by using real-time
fragment reconstruction approach, described in Section 3.2.2.3 and shown in Fig. 4.4.

As can be seen in Fig. 4.10 b), the error signal lies within the range of 10~8V. Usually the
error increases in those regions where distance between two consecutive trigger switching time

instants is closer to 0.9 - 7. Still, as can be seen in Fig. 4.10 a), it is impossible to see the
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Figure 4.10: Original EEG signal (red line), reconstructed signal (green line) and error signal
(blue line), which is the difference between original and reconstructed signal

difference between the original and reconstructed signal. Experimental simulations shows that
the use of real-time reconstruction algorithm do not affect the average SNR value.
”AA-ASDM without additional envelope encoding” allows not only to reduce the switching
activity of the ASDM circuit even more, if compared to ”AA-ASDM with additional envelope
encoding”, it also has lower complexity of the encoding circuit, since it does not involve an
additional encoding circuit for the envelope. Therefore, further in the next sections only this

approach will be used for experimental research.

4.2 Modeling

As shown in simulations, in Section 4.1, by using AA-ASDM it is possible to reduce the
switching activity of ASDM by up to 68.85%. In order to develop a working AA-ASDM hard-
ware prototype and estimate its properties, first an electric circuit model with existing electronic
components must be developed, simulated and analyzed for both ASDM and AA-ASDM. To
reach this aim, SIMetrix circuit simulation software is used for transient analysis and power

consumption estimation of ASDM, AA-ASDM and On-Off-Keying transmitter circuits.
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4.2.1 Asynchronous Sigma-Delta Modulator

In order to understand the difference between ASDM and AA-ASDM in terms of hardware
implementation complexity and power consumption, first an ASDM circuit, based on block
diagram shown in Fig. 2.2, is developed, simulated and analyzed. Developed ASDM electric

circuit is shown in Fig. 4.11. It consists of a voltage adder (OpAmp1), an integrator (OpAmp2)

VCC

400n yCC
L]

V2 5V

V3 5V

-VCC

Figure 4.11: ASDM electric circuit

and a Schmitt trigger (Op Amp3), where resistors and capacitor determine the circuit parameters
and switching activity. The circuit is powered by a +5V DC voltage source. As shown in Section
1.1.2, the typical EEG signal frequency is up to 5S0Hz, therefore, in this case, a S0Hz sinusoidal
signal with amplitude £1V is used as a test signal, in order to cover the typical EEG signal

bandwidth. Simulation results of the ASDM circuit are shown in Fig. 4.12.
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Figure 4.12: Operation of ASDM. a) Input signal (red line), integrator output (green line) and
trigger output (blue line); Power consumption of b) the trigger and c¢) the whole circuit
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As it can be seen in graph a), after the sinusoidal test signal (red line) is encoded, the output
of the ASDM circuit (blue line) is a continuous rectangular pulse signal with an amplitude of
+3.5V. The power consumption of the ASDM output trigger (OpAmp3) in shown in graph b),
but overall power consumption of the whole circuit in graph c).

ASDM circuit is simulated four times, each time with different capacitor C'1 value of an
integrator circuit. By changing C'1 from 100nF to 800nF, the number N 45p s of switching time
instants of the ASDM circuit within the given time (100ms) increases too. The results are shown

in Table 4.7.

Table 4.7: Comparison of the number of switching time instants and power consumption of
the ASDM circuit for different capacitor C'1 values

- C1=100nF | C1=200nF | C1=400nF | C1=800nF
137 69 34 17

Nyspm
Popamps (MW) 45745598 45743706 45741406  45.742394

Paspy (MW) 144946759 144.945653 144.945523 144.938316

As shown in Table 4.7, by increasing the value of capacitor C'1 from 100nF to 800nF, the
number of switching time instants N4spy; decreases from 137 to 17, but power consumption
of the whole ASDM circuit remains nearly the same, since power consumption fluctuations of
the trigger are minimal compared to its average power consumption. As shown in Fig. 4.12,
ASDM output trigger consumes the most, when it changes the state from -3.5V to +3.5V.

It should be noted that simulations were made only to verify the working principles of the
ASDM circuit and the power consumption value of ~145mW is just indicative, as it is possible
to develop ASDM circuit with 7.5nW power consumption as shown in [25], which is achieved
by developing specialized circuit structures with decreased operating supply voltage, capacities,
etc. and increased slew rates [177].

As mentioned before the main power consumer of a BCI system is transmitter, therefore it
must be also modeled and simulated together with ASDM. This is a subject of the next sub-

section.
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4.2.1.1 Wireless Data Transmission in ASDM case

As shown in Section 1.1.3 (see Fig. 1.6), modern BCI systems usually use wireless data
transmitter in order to transmit the encoded signal to data processing/visualization device. In
this case, to make ASDM based BCI system efficient, wireless data transmission must be event-
driven, where the amount of transmitted information per second is proportional to the number
of switching time instants ¢; per second of the ASDM output.

One, very promising and most importantly energy efficient wireless data transmission ap-
proach is a transmission based on Ultra Wide Band (UWB) pulses. In this case, for each switch-
ing time instant ¢, an UWB pulse is generated and transmitted to receiver. The fewer switching
time instants, the lower power consumption of the transmitter. But, as mentioned in Section
1.1.3, not only the reception and reconstruction of the signal is very complex and usually inac-
curate, but also generation of UWB pulses with different shapes is very complicated, thus not
only limiting the number of channels which can be used for BCI system, but also increasing the
complexity and the size of the circuit.

For this particular BCI application, due to its great properties, an On-Off Keying (OOK)
technique can be used for wireless data transmission. It has several advantages - simple archi-
tecture, good performance in the presence of co-channel interference, robust when exposed to
vibration and shock, and major criteria - small dimensions for on-head device implementation.

[26] Simple OOK implementation for ASDM output transmission is shown in Fig. 4.13.
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Figure 4.13: Operation of the On-Off-Keying (OOK) transmitter: a) electric circuit; b) ASDM
output signal z(¢) and OOK output signal OOK out1 driven by the output of ASDM

As can be seen in Fig. 4.13 b), the circuit is transmitting all the time ASDM output is
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negative, which is not energy efficient for the ASDM case, where it is needed to transmit a
time information only, i.e., the switching time instants when ASDM output changes its state to
opposite. This can be solved by a small modification of the OOK circuit, where a short pulses
filled with carrier frequency are generated each time the ASDM output is changing its state to

opposite. The modified OOK circuit is shown in Fig. 4.14.
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Figure 4.14: Operation of the modified On-Off-Keying (OOK) transmitter: a) electric cir-
cuit; b) ASDM output signal z(¢) and OOK output signal driven by the output of ASDM
OOK out2

In this case, the circuit is supplemented by a logic gate XNOR element, which consumes ad-
ditional 45, W, and two passive elements, but the overall circuit’s power consumption decreases

up to 25 times depending on the number of switching instants N spas (see Table 4.8).

Table 4.8: Comparison of power consumtion of OOK and modified OOK circuits for different
ASDM circuit parameters

| | c1=100nF | c1=200nF | c1=400nF | c1=800nF | C1-=1. s,uF _

Naspm
PASDM?OOK (mw) 562.40157 557.96274 546.57591 508.03407 463.37538 16.66667

Paspm 0ok Mod (mW)* 63.63890 40.52755 28.81639 22.67473 19.76925 16.68737
* - Pulse width: 110ns

As can be seen in Table 4.8, the average power consumption of both OOK and modified OOK
circuits decrease if the number of ASDM switching time instants (/V 45p,/) decreases. Assuming

that ASDM output is a 50% duty cycle, it is expected that the average power consumption of
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the OOK circuit is not changing if the number of ASDM switching time instants decreases,
however, it changes. This is due to fact that after each transmission this circuit (see Fig. 4.13)
dissipates energy that was stored in LC oscillator (see Fig.4.15). Due to this, the higher the
number of ASDM switching time instants (/N 45ps) Within the given time, the higher the power
consumption of the circuit. The relation is proportional.
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Figure 4.15: Pulse generation in OOK circuit: ASDM output signal z(¢) (red line), OOK out-
put signal OOK out1 (green line), power consumtion of the OOK circuit (blue line)

In the modified OOK circuit case (see Fig. 4.14), the power consumption of the circuit is

directly proportional to the number of ASDM switching time instants (N aspas):

.
POOKmod:P()(l_n'%)_'—n
tx

Ptz * Tix
T

(4.7)

where F, - is an average power consumption of the circuit, when LC is not oscillating, but P,
when LC is oscillating during and after each transmission; 7, is a length of the transmitting
pulse (including decay time of oscillations), 7}, is a period in which the circuit is analyzed, but
n 1s an average number of pulses during 7;,. From (4.7) it follows, if the the number of ASDM
switching time instants is decreased, the average power consumption of the OOK circuit is also
decreased in a linear relation. It should be noted that in this case the power consumption of the
circuit when it is not transmitting is Fy ~16.6mW, which is very high, while modern wireless
transmitters have /) in nW [178], [179], meaning that if the number of switching time instants
are reduced by 50%, the power consumption of the transmitter will also decrease by ~50%.
Besides that, the experimental test results show that the power consumption of the modified

OOK circuit is also directly proportional to selected pulse width (see Table 4.9).
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Table 4.9: Power consumption of the OOK circuit depending on selected pulse width

% 100
27ns 110ns 420ns | 840ns L
3 s0
Naspm 0 34 34 34 34 34 34 z
=T
P o
ASDM 00K 16671 19.619 22.673 28.816 40.880 64.323 108.36 % 200 400 800 800

(mw)

Pulse width, ns

In practical implementations, the length of the pulse must be chosen the shortest possible

which can ensure reliable transmission.

4.2.2 AA-ASDM without additional envelope encoding

The electrical circuit of the AA-ASDM without additional envelope encoding is similar to the
ASDM circuit, shown in Fig. 4.11, only in this case it is supplemented by an Analog Multiplier
(M LT04) and a Voltage Follower (OpAmp1) (see Fig. 4.16). In order to make a comparison
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Figure 4.16: AA-ASDM electrical scheme

between ASDM and AA-ASDM circuits, the parameters in both circuits are set to be equal (the
selected parameters can be found in Section 4.2.1).

Simulation results of the AA-ASDM circuit are shown in Fig. 4.17.

Just as for ASDM circuit, the AA-ASDM circuit is simulated four times, each time with
different capacitor C'1 value (100nF, 200nF, 400nF and 800nF) of an integrator circuit. By
changing C'1, the number of switching time instants (N4 aspas) of the AA-ASDM circuit

within the given time (100ms) is changing too. The results are shown in Table 4.10.
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Figure 4.17: Operation of AA-ASDM. a) Input signal (red line), integrator output (green line)
and trigger output (blue line); Power consumption of b) the trigger and c) the whole circuit

Table 4.10: Comparison of the number of switching time instants and power consumption of
the AA-ASDM circuit for different capacitor C'1 values

- C1=100nF | C1=200nF | C1=400nF | C1=800nF
69 34 16 10

Nga—aspm
Popamps (MW) 45652923 45651147  45.644722  45.643963

Paa—aspm (MW)  231.40375 231.40032 231.38584 231.32646

As can be seen in Table 4.7 and Table 4.10, for equal capacitor C'1 values, the number of
switching time instants are different. For example, for C'1=100nF, the number of switching
time instants for ASDM is Nspa=137, but for AA-ASDM Nga_aspr=69. The number of
switching time instants for AA-ASDM circuit can be even smaller, if signals with wide dynamic
range is used (see Section4.1.3.1). In this modeling, a sinusoidal 50Hz test signal is used.

On the other hand, from Table 4.7 and Table 4.10 it can be seen that the power consumption of
the AA-ASDM circuit is ~60% higher (=231mW), compared to ASDM (/~145mW). It should
be noted that simulations were made only to verify the working principles of both ASDM and
AA-ASDM circuits and the power consumption values are just indicative, as it is possible to
develop an ASDM circuit with 7.5nW power consumption as shown in [25]. This means, if
the AA-ASDM circuit is implemented in the same technology as shown in [25], the increase
of power consumption by 60% compared to ASDM would give an overall power consumption

of the AA-ASDM circuit: 12nW. As mentioned in Section 1.1.3 the main power consumer of a
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BClI system is a transmitter therefore it is more important to reduce the amount of information to
be transmitted. As shown in Section 4.2.1.1, the power consumption of the OOK transmitter can
be reduced significantly by reducing the number of switching time instants to be transmitted,

which can be achieved by using AA-ASDM instead of ASDM.

4.2.2.1 Wireless Data Transmission in AA-ASDM case

The transmitter, used for AA-ASDM is the same as shown in Fig. 4.14, only in this case,
the OOK transmitter is driven by the AA-ASDM output, instead of ASDM. This means, fewer
switching time instants and reduced power consumption of the OOK circuit. A comparison
of the power consumption of the OOK circuit depending on if ASDM or AA-ASDM circuit’s

output is used as an input for the OOK transmitter is shown in Table 4.11.

Table 4.11: Comparison of the power consumption of the OOK circuit depending on if ASDM
or AA-ASDM circuit’s output is used as an input for the OOK transmitter

_ C1=100nF | C1=200nF | C1=400nF | C1=800nF
137 69 34 17

NASDM
Paspm oox (MW)  63.63890  40.52755  28.81639  22.67473
Naa—aspu 69 34 16 10

Paa_ aspm ook (MW) 4034187  28.72533  20.57792  19.02582

As can be seen in Table 4.11, the reduction of the power consumption of the transmitter
by using AA-ASDM, instead of ASDM, can reach up to ~37% depending on the number of
switching time instants. But, it is important to note that in this case the power consumption of
the circuit when it is not transmitting is very high ~16.6mW, while modern wireless transmitters
have it in a range of nW [178], [179]. This means, if the the power consumption of the circuit,
when it is not transmitting, would be for example 100nW, the reduction of the power consump-
tion could reach up to ~50% depending on the number of switching time instants or even more
if signals with HDR is used (see Section 4.1.3), where AA-ASDM is particularly advantageous.

As mentioned in Section 1.1.3, modern wireless data transmitters consume ~3mW. It follows

that if AA-ASDM instead of ASDM is used, it is possible to reduce the power consumption
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of the transmitter by 1.5mW, while increasing the power consumption of the encoder just by
4.5nW, giving a total of ~50% power consumption reduction in a wireless BCI system, leading
to two times longer battery life and operation time of wireless system. These parameters can be

increased even more if the system is used for wide dynamic range signals, such as EEG signals.

4.3 Practical Implementations

As shown in simulations in Section 4.1, by using AA-ASDM it is possible to reduce the
switching activity of ASDM by 68.86%, while modeling shows that such an improvement comes
with an increase in the power consumption of the AA-ASDM circuit, which is admissible, be-
cause the increase is small (4.5nW) compared to the reduction of power consumption in wireless
transmitter (=~1.5mW). In this case, the reduction of switching time instants proportionally re-
duce the power consumption of the wireless transmitter (see Section 4.2.1.1). Now, the main
challenge is to develop and test AA-ASDM based EEG data acquisition system hardware pro-
totype. To reach this aim, Altium Designer PCB design software is used for designing all the
necessary hardware components - EEG signal amplifier, AA-ASDM, wireless data transmit-
ter and receiver. All these components are constructed with an aim of creating complete one

channel BCI system. Developed hardware is tested and assessed on test signals.

4.3.1 Amplitude Adaptive Asynchronous Sigma-Delta modulator

Based on the AA-ASDM modeling results (see Section 4.2.2), a physical AA-ASDM based
EEG data acquisition system is designed (see the block diagram in Figure 4.18). [26] It consists

Wireless Sensor Receiving and Processing Unit

EEG ,,)
I EEG AA- 434MHz X ' :
vl | W Amplifier ASDM OOK Receiver ATS460 PC

Figure 4.18: Full one channel block diagram

of a wireless sensor, which includes EEG signal amplifier, AA-ASDM and OOK transmitter,
and receiving and processing unit, which includes super-heterodyne receiver, ATS460 digitizer

and personal computer (PC). In the next subsections the description of each part follows.
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4.3.1.1 AA-ASDM based Wireless Sensor for EEG data acquisition

Developed AA-ASDM based Wireless Sensor for EEG data acquisition consist of 3 parts
(PCBs): EEG signal amplifier, AA-ASDM and OOK transmitter.

First, by using silver chloride (Ag/Cl) bridge electrodes and special conductive gel the weak
EEG signal is obtained. As shown in Section 1.1.2, the typical measured EEG signal amplitude
is between 0.5 - 1001V, therefore it must be amplified prior the encoding. The amplification is
performed by the first PCB: EEG signal amplifier (see Fig. 4.19). First EEG signal enters a high

Ot

U
OR21, -. -
Qo‘u?cm

Figure 4.19: PCB of the designed EEG signal amplifier: a) top routing layer; b) bottom rout-
ing layer; c) top and bottom routing layers; d) 3D model

CMRR (~120dB) differential preamplifier (INA128) circuit with variable gain (up to g~250),
which includes protection circuit together with Driven Right Leg (DRL) circuit. Then, the signal
is passed to 2nd stage non-inverting amplifier (g~40), which in total gives an amplification of
~10 000 times, amplifying EEG signal from ~0.5-1004V to 0.005-1V. [26]

After signal amplification, it is time encoded by the second PCB: AA-ASDM (see Fig. 4.20).
Based on the Fig. 4.16, AA-ASDM is implemented by using 4 operational amplifiers, analog

J

Figure 4.20: PCB of the designed AA-ASDM: a) top routing layer; b) bottom routing layer; c)
top and bottom routing layers; d) 3D model
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multiplier and few passive elements. The selection of these elements and set parameters is
described in next Section 4.3.2. An example of AA-ASDM input signal x(¢) and corresponding

output signal z(¢) from the developed hardware is shown in Fig. 4.21.

RIGOL H{ z000ms) i

-

1 = 1.00% 2 SR

Figure 4.21: AA-ASDM input signal (blue line) and corresponding output signal (red line)

After time encoding, the AA-ASDM output signal z(t) is wirelessly transmitted by using
the third PCB: OOK transmitter (see Fig. 4.22). As shown in Section 4.2.1.1, it consist of a

Figure 4.22: PCB of the designed OOK transmitter: a) top routing layer; b) bottom routing
layer; c) top and bottom routing layers; d) 3D model

RC filter, XNOR gate, a simple transistor circuit for OOK manipulation and bandpass filter. An
example of AA-ASDM output signal z(¢) and generated pulses at the output of the XNOR gate
is shown in Fig. 4.23, while an example of one pulse and corresponding OOK output signal s(t)
is shown in Fig. 4.24.

In this case, by varying carrier frequency w,, for different AA-ASDM outputs z,(t), it is
possible to create a multi-channel BCI system. Different carrier frequencies are obtained by

voltage controlled oscillator and the modulated signal is transmitted by chip antenna.
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Figure 4.23: AA-ASDM output signal (blue line) and XNOR gate’s output signal with pulses
generated at each rising and falling edge of the AA-ASDM output signal (red line)
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Figure 4.24: One pulse of the XNOR gate output signal (red line) and corresponding OOK
output signal (blue line)

The transmitted signal s (¢) of the first channel can be written as s;(t) = z1(¢) - cos(wpt),
where wy is the carrier frequency, which is different for each channel (wq;, wo2, wo, (an example

of three channel case is depicted in Fig. 4.25)). [26]

e ¥ ot s,

Figure 4.25: 3 channel spectrum example

By knowing the pulse width at the output of the XNOR gate, it’s possible to calculate the

occupied spectrum bandwidth. On one hand, the shorter the pulse, the wider the occupied band-
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width. On the other hand, the wider the pulse, the higher the power consumption of a transmitter.
The Wireless Sensor, which consists of EEG amplifier, AA-ASDM and OOK transmitter is
fabricated in cylindrical 16x11mm package (see Fig. 4.26). [26] The sensor design allows to

Figure 4.26: Designed wireless sensor: 1. EEG amplifier, 2. AA-ASDM, 3. OOK transmitter

put it right on the electrode surface, thus can be used as an on-head sensor device. After EEG
signal being amplified, encoded and transmitted, it also must be received and reconstructed (see

Fig. 4.18). This is a subject of the next Section 4.3.1.2.

4.3.1.2 Receiving and Processing Unit

N
n=1

The received signal is a sum of all transmitted signals: s,.(t) = > ", s,(t) - cos(wpt).
First, a super-heterodyne receiver (one receiver for all sensors) is developed (see Fig. 4.27)

and used for high frequency signal s, (¢) down-conversion to a fixed intermediate frequency (IF),

a) b)

Figure 4.27: PCB of the designed OOK receiver: a) top routing layer; b) bottom routing layer;
¢) 3D model d) physical device

which can be more easily processed than the original 434MHz carrier frequency. So, the output
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sy can be written as following: s;p(t) = s,(t) - cos(wot), where wy is a variable frequency.
[26]

The super-heterodyne receiver consists of chip antenna, high linearity and low power down-
converting mixer L75526, voltage controlled oscillator (VCO), radio frequency transformer
ADTI-1WT and 50€ output matching circuit. [26]

After frequency down converting from ~434 MHz to ~1 MHz, IF signal is imported into
PC using ATS460 14-bit, 125 MS/s digitizer. Further, all the signal processing is performed in
Matlab. Each channel of the imported signal s;x(t) is bandpass filtered and processed in order
to obtain AA-ASDM output switching time instants .

In order to obtain AA-ASDM output switching time instants ¢, from the band-passed signal,
following steps are made: first, the band-passed signal is multiplied by the center frequency to
obtain the envelope; then, peak values are found of the modulus of the acquired signal; further,
all the values which are lower than the predefined threshold are set to be zero, thus eliminating
the noise; finally, the switching time instants ar found in those locations, where the difference be-
tween two consecutive sample values is higher than the predefined threshold, or in other words,
the transition between non-transmitting and transmitting state is found, and marked with the

bars (see Fig. 4.28). These bars are the AA-ASDM switching time instants ¢, from which the

(o]

Amplitude

WY iy

. -
Time

Figure 4.28: Received and band-passed OOK signal and found switching time instants

original signal, based on the algorithm shown in Section 4.1.3.2, can be reconstructed. In order
to estimate the performance of the developed system, and most importantly of the AA-ASDM,

the experimental setup is build and system tested (see next Section 4.3.2).
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4.3.2 Experimental Setup and Tests

In order to test and assess the developed AA-ASDM based EEG data acquisition system, de-
scribed in Section 4.3.1, first AA-ASDM must be calibrated. The block diagram of the calibra-
tion setup is shown in Fig. 4.29, while Matlab program for AA-ASDM calibration in Appendix

E-1. The calibration setup consists of a signal generator, which generates test signals, physical

y(t)

AA-

Test Signal (DC=0V, 0.5V, 0.9V) == ASDM HO)

ATS460

Figure 4.29: Block digram of the calibration setup

AA-ASDM PCB, 2-channel ATS460 digitizer (20Msps) and PC.

First, based on the Fig. 4.29, the outputs of the AA-ASDM integrator y(¢) and trigger z(t) for
three different DC input signal voltage levels (in this case, DC=0V, 0.5V and 0.9V) are digitized
and imported into PC. Knowing the number and step of the quantization levels of the ATS460
digitizer, from acquired three y(t) signals (see Fig. 4.30), the actual value of the AA-ASDM
trigger parameters 5+ and §~ are acquired. In this case, +0=1.5V, but —0=-1.5V.

‘IIII T

Amplitude, V

0.01 0.02 0.03 0.04 0.05 0.06 . 0.08 0.09
Time, s

Figure 4.30: Outputs of the integrator for three different AA-ASDM input DC signal values
(OV (blue line), 0.5V (red line) and 0.9V (yellow line))

From three imported AA-ASDM trigger z(t) signals, it is possible to find the average +b
and —b parameter values as well as the trigger switching time instants ¢, for each of the z(t)
signals (see an example in Fig 4.31). In this case, +b=4.94V, but —b=-4.85V.

Further, from ¢, values, the average maximum At,,,,, and minimum At,,;, distance between

two consecutive trigger switching time instants is calculated for all three signals. It should be
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Figure 4.31: The output of the AA-ASDM PCB trigger (blue line), integrator (red line) and
found switching time instants (black bars), when input signal is DC=0V

noted that for DC input there exist only one maximum and one minimum value (see an example

of DC=0V in Fig. 4.32).
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Figure 4.32: Distances between consecutive AA-ASDM trigger switching time instants when
input signal is DC=0V

In order to verify if developed AA-ASDM PCB is working properly, acquired At,,,, and
At,..n values are compared to the theoretically calculated values. Theoretical values are calcu-

lated from the electrical scheme, shown in Fig. 4.33.
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Figure 4.33: AA-ASDM electrical scheme of the actually developed PCB
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First, the output of the Adder (U1B in Fig. 4.33) is found by following equation:

Uip. . — (1. BN - R7|[RS . BOIIR b BOIRT ]
out R12)| 'R9+ R7[|[R6 ' “R7+R9||[R6 = °R6+ RI||R7| 45
20 5 7.6 7.6 '

where u; is the b parameter signal, uy the envelope signal 6(¢) and us is the input signal z(¢).
From 4.8, we can denote the coefficients as ¢;=0.4098 and a,=1.2951.

Knowing values of a1, as, +b, —b, 6 and ¢, it is possible to calculate theoretical At,,q. It

and At i
tet1 b1 let1 1
as / x(t)dt + a; / (z%(t) + 0.25)dt + ag/ bodt = —(67 —67), (4.9)
tr tr ti k
tit2 lpt2 g2 1
a / z(t)dt — a; / (z%(t) + 0.25)dt — ag/ bodt = ——(6F —67). (4.10)
tht1 tet1 tht1 K
where, % = ﬁ-m is an integrator constant.

If 2(¢)=0V, equations (4.9) and (4.10) can be written as:

tk+1 tet1 1
al/ (22(t) + 0.25)dt + a2/ bodt = — (67— 57), (4.11)
tE 173 K
() tet2 1
al/ (z%(t) + 0.25)dt + ag/ bodt = (67 —67). (4.12)
tri1 tkt+1 K
From (4.11) and (4.12) it follows:
1
a1(0.5 4+ (1)) Aty, + agby Aty = E(é* —67), (4.13)
1
al(x(t) — 0.5)2Atk+1 + CLQbQAtk+1 = E(5+ - (S_> (414)

Finally, from (4.13) and (4.14) it is possible to calculate the minimum and maximum distance

between two consecutive trigger switching time instants:

l(5+ _ 5—)
Aty = a , 4.15
T (@(t) + 0.5)% + asbs (4.15)
Lot —o-
Atjq = Al ) (4.16)

aq (x(t) — 05)2 + (lgbl ’
In order to verify if AA-ASDM is working properly, the division of practically acquired max-

imum and minimum distances between two consecutive trigger switching time instants ﬁff# is
min

Atgyy

compared to theoretically calculated =3 o

a these values must be equal or almost equal:

Tmaz _ 1.0046, when x(t) = 0V; 1.6416 (0.5V);2.0654 (0.9V), (4.17)

Tmin
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)

)2

Atk+1 . a2b2 + al(m(t) 4+ 0.5
—0.5

= = 1.0155, wh t) =0V:1.6692 (0.5V).2.0778 (0.9V).
Aty ashr + al(z() when () = OV (0.5V) (0.5V)

(4.18)
As can be seen above, the practical values are almost equal to theoretically calculated, which

means the AA-ASDM is working properly. Also, the theoretically calculated integrator constant

1 = I = -5 = 378.7879 should be almost equal to practically acquired:
| (6+ = 6)
— = = 390.3648, 4.19
ki  Atg(agbs + ai(x(t) +0.5)2) (4.19)
when z(t)=0V; 389.5847 (0.5V); 385.8625 (0.9V),
1 g
(07 =d7) — 3045847, (4.20)

Fisr | Atper(azby + ar(z(t) — 0.5)2)
when x(t)=0V; 395.9194 (0.5V); 388.1883 (0.9V). As can be seen, the difference from the the-
oretically calculated value is within the range of 4%. This is due to capacitor non-ideality, as
it has +-10% capacitance tolerance. As experiments shows, the precision of the reconstruction
is very sensitive to capacitor non-ideality and therefore the circuit must be calibrated first. In
further experiments, the value of % is selected based on the practical measurements.

After calibration of the AA-ASDM and initial tests, the AA-ASDM circuit can be placed
in the overall AA-ASDM based EEG data acquisition system for further experimental tests. A

block diagram of the experimental setup is shown in Fig. 4.34.

AA- 434MHz X’))

Test Signal ASDM OOK
Ao EEG

oA
/! I Amplifier

Receiver

ATS460

Figure 4.34: Block diagram of the experimental setup

Knowing the parameters of the AA-ASDM circuit and by using Matlab program shown in
Appendix E-2, it is possible to acquire, process and reconstruct the original signal.

An examples of original and reconstructed signals is given in Fig. 4.35, while example of
the distances between consecutive trigger switching time instants is shown in Fig. 4.36.

As can be seen in Fig. 4.35, it is hard to see the difference between the original and recon-

structed signal, which means that it is possible to encode and qualitatively reconstruct the signal,
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Figure 4.35: Original signal (red line), reconstructed signal (green line) and error signal (blue
line), which is the difference between original and reconstructed signal
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Figure 4.36: Original signal (red line) and obtained distances between consecutive trigger
switching time instants (blue line)

by using AA-ASDM2. In order to quantitatively estimate the performance of AA-ASDM it must
be implemented in a chip, with specialized circuit structures with decreased operating supply

voltage, capacities, etc., with low comparator jitter, slew rate, DC gain, voltage saturation, ex-
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cess loop delays and comparator offsets, etc. [177], [146], [180], [181] Also, as shown is [182],
Time-to-digital converter (in this case ATS460) has a significant impact on the precision of the
reconstructed signal. The precision of the reconstructed signal is directly proportional to the ¢

measurement precision. [183]

4.4 Summary and Conclusions

In order to verify and assess the theory, developed in Section 3, in practice, in this Section
various simulations, modeling and physical implementations of ASDM (as a reference design)
and AA-ASDM were carried out.

Simulations

In Section 4.1, experimental simulation results confirmed the theory (in Section 2.3.2) that
by using ASDM for EEG signal encoding, an unnecessary high switching activity of the ASDM
circuit appears when input signal amplitude is low. For a 50Hz EEG signal, the average num-
ber of trigger switching time instants per second N 4sps, depending on selected « value, vary
between 152 and 1184. The maximum distances between two consecutive trigger switching
time instants equaling nearly Nyquist step are obtained only when the input signal reaches its
highest amplitude values. Since the maximum distance between two consecutive ASDM trigger
switching time instants does not exceed Nyquist step, it is a sufficient condition to reconstruct
the signal.

Experimental simulation results show that Fast reconstruction algorithm is ~ 25 times faster
then Classical reconstruction algorithm, if the signal length is 1 second, and ~ 61, ~ 130 and
~ 228 times faster, if the length of the signal is 2, 4 and 8 seconds, respectively. As simulations
show, both reconstruction approaches can ensure ~24 bit resolution. But, by using real-time
reconstruction method, the resolution is affected and drops to ~22 bits.

As expected from the theory, described in Section 3, the number of switching time instants
decreases if proposed AA-ASDM instead of ASDM approach is used. The simulation results
show that by using AA-ASDM1 (AA-ASDM with additional envelope encoding), the average
number of trigger switching time instants per second N44_aspar1, depending on selected o =
B value, varies between 135 and 406, which is up to 65.69% less switchings then in ASDM

case. The maximum distances between two consecutive trigger switching time instants (equaling
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nearly Nyquist step) occur all the time and are more spread. The signal reconstruction (fast
and real-time) for AA-ASDMI is exactly the same as in ASDM case with the same accuracy
~22 bits. Since the main power consumer of a BCI system is a transmitter, by reducing the
average number of time codes needed to be transmitted, the average power consumption of the
transmitter decreases proportionally. Which means, also the energy consumption of the whole
BCI system decreases.

Although AA-ASDM1 is advantageous over ASDM, there is a need to transmit two sig-
nals instead of one and there is a delay introduced by additional envelope signal reconstruction
prior to the original signal reconstruction. Even further, the physical implementation of the AA-
ASDMI involves envelope detector which introduce additional delay to the system and syn-
chronization with the original signal. Besides that the acquisition of the AA-ASDM1 envelop
function is very difficult to obtain in practice, which complicates the physical implementation.

This can be overcome by using AA-ASDM2 (AA-ASDM without additional envelope en-
coding). In this case, the gain is even bigger and can reach up to 68.85% less switching time
instants (Na4_aspae2) compared to ASDM. But this gain comes with more time consuming
signal reconstruction due to optimization algorithm. Still, the performance of AA-ASDM?2 is
admissible, since reconstruction algorithms can reconstruct the signal in real-time on PC. Even
further, AA-ASDM?2 has lower complexity of the encoding circuit, since it does not involve an
additional encoding circuit for the envelope, as it is in AA-ASDMI1 case.

The comparison of ASDM, AA-ASDM1 and AA-ASDM?2 is given in Table below:

Table: Comparison number of trigger switching time instants per second and corresponding
energy saving of the transmitter for ASDM, AA-ASDM1 and AA-ASDM?2

S s o1 [ o o7 |1 | 13 | 1o | 25 |
263 217 192 166 152

Npspu: 1184 468
N aems 406 220 166 153 146 139 135
AA-ASDM1 Energy saving: 65.69% 52.90% 37.11% 2955% 24.01% 16.42% 11.48%
R s 369 200 150 139 132 126 122

AA-ASDM?2 Energy saving: 68.85% 57.20% 42.91% 36.00% 31.18% 24.38 19.96 %

Since AA-ASDM2 is particularly advantageous over ASDM if used for wide dynamic range
signals, such as EEG signals, it could be effectively used also for other wide dynamic range
signals, for example, electromyogram, electrooculogram, electrocardiogram, seismic and other

signals.

129



Modeling

In order to understand the difference between ASDM and AA-ASDM?2 in terms of hard-
ware implementation complexity and power consumption, in Section 4.2, first an ASDM circuit
is developed, modeled and analyzed. ASDM circuit consists of three OpAmps and few pas-
sive elements which determine the circuit parameters and switching activity. The modeling
results show that ASDM circuit consumes ~144mW, but it should be noted that modeling were
made only to verify the working principles of the circuit, where power consumption value is
just indicative, as it is possible to develop ASDM circuit with 7.5nW power consumption by
developing specialized circuit structures with decreased operating supply voltage, capacities,
etc. and increased slew rates.

Since the main power consumer of a BCI system is transmitter, it is also modeled and sim-
ulated together with ASDM. For this particular BCI application, due to its great properties, an
On-Off Keying (OOK) technique is used for wireless data transmission. It has several advan-
tages - simple architecture, good performance in the presence of co-channel interference, robust
when exposed to vibration and shock, and major criteria - small dimensions for on-head device
implementation.

Although power consumption of the ASDM circuit does not changes based on the aver-
age number of trigger switchings, the average power consumption of presented event-driven
OOK circuit decrease proportionally if the number of ASDM switching time instants (N aspar)
decreases. Also, the power consumption of the presented OOK circuit varies depending on
selected pulse width, during which the LC is oscillating thus ensuring the data transmission.

The electrical circuit of the AA-ASDM?2 is similar to the ASDM circuit, only in this case it is
supplemented by an Analog Multiplier and a Voltage Follower OpAmp. The power consumption
of the AA-ASDM?2 circuit is ~60% higher (=231mW), compared to ASDM, but it should be
noted that if the AA-ASDM2 circuit would be implemented in the same technology as shown
in [25], the increase of power consumption by 60% compared to ASDM would give an overall
power consumption of the AA-ASDM2 circuit: 12nW.

The simulation results show that the reduction of the power consumption of the transmitter
by using AA-ASDM?2, instead of ASDM, can reach up to ~37% depending on the number of
switching time instants. But, it is important to note that in this case the power consumption of

the circuit when it is not transmitting is very high ~16.6mW, while modern wireless transmitters
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have it in a range of nW. This means, if the the power consumption of the circuit, when it is not
transmitting, would be for example 100nW, the reduction of the power consumption could reach
up to ~50% depending on the number of switching time instants.

Since modern wireless data transmitters consume ~3mW, it follows that if AA-ASDM?2
instead of ASDM is used, it is possible to reduce the power consumption of the transmitter by
1.5mW, while increasing the power consumption of the encoder just by 4.5nW, giving a total of
~50% power consumption reduction in a wireless BCI system, leading to 2 times longer battery
life and operation time of wireless system. These parameters can be increased even more if the
system is used for wide dynamic range signals, such as EEG signals.

Practical Implementation

In Section 4.3, a hardware prototype of AA-ASDM2 based EEG data acquisition system
is developed and tested. The system consists of a wireless sensor (fabricated in cylindrical
16x11mm package), which includes EEG signal amplifier, AA-ASDM2 and OOK transmitter,

and receiving and processing unit, which includes super-heterodyne receiver, ATS460 digitizer

and personal computer (PC). Developed PCBs are shown in Fig. 4.37.

Figure 4.37: Developed AA-ASDM?2 based EEG data acquisition system’s components: 1.
EEG amplifier, 2. AA-ASDM, 3. OOK transmitter, 4. receiver

First, by using electrodes the weak EEG signal is obtained. Then by using the first PCB:
EEG signal amplifier, the signal is amplified ~10 000 times. After EEG signal amplification,
it is time encoded by the second PCB: AA-ASDM?2. The output signal of the AA-ASDM?2 is
wirelessly transmitted by using the third PCB: OOK transmitter. By varying carrier frequency
for different AA-ASDM?2 outputs, it is possible to create a multi-channel BCI system. There
is a trade-off with the selection of the transmitting pulse width. On one hand, the shorter the
pulse, the wider the occupied spectrum bandwidth. On the other hand, the wider the pulse, the

higher the power consumption of a transmitter. After EEG signal being amplified, encoded and
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transmitted, it is received by a super-heterodyne receiver (one receiver for all sensors) where
high frequency signal is down-converted to a fixed intermediate frequency (IF). IF signal is
imported into PC, by using 475460 14-bit, 125 MS/s digitizer, for further signal processing.
At the end of signal processing AA-ASDM?2 output switching time instants ¢, are obtained and
signal reconstruction, based on the algorithm shown in Section 4.1.3.2, can begin.

In order to estimate the performance of the developed system, and most importantly of the
AA-ASDM2, the experimental setup is build and system tested. First, to verify if the devel-
oped AA-ASDM2 PCB is working properly, it is calibrated. The calibration setup consists of
a signal generator, which generates test signals, physical AA-ASDM?2 PCB, 2-channel ATS460
digitizer (20Msps) and PC. In order to calibrate the circuit, the outputs of the AA-ASDM?2 in-
tegrator and trigger for three different DC input signal voltage levels (0V, 0.5V and 0.9V) are
acquired, digitized and imported into PC for further processing. At the end of signal process-
ing/calibration, the actual AA-ASDM?2 integrator and trigger parameter values x, +b, —b, 6
and 0~ are obtained and inserted in the signal reconstruction algorithm.

After the calibration, AA-ASDM2 circuit is placed in the overall AA-ASDM2 based EEG
data acquisition system for further experimental tests. Knowing the parameters of the AA-
ASDM2 circuit and by using Matlab program, it is possible to acquire, process and reconstruct
the original signal.

Visually it is hard to see the difference between the original and reconstructed signal, which
means that it is possible to encode and qualitatively reconstruct the signal, by using AA-ASDM2.
In order to quantitatively estimate the performance of AA-ASDM it must be implemented in a
chip, with specialized circuit structures with decreased operating supply voltage, capacities,
etc., with low comparator jitter, slew rate, DC gain, voltage saturation, excess loop delays and
comparator offsets, etc. Also, Time-to-digital converter (in this case ATS5460) has a significant
impact on the precision of the reconstructed signal. The precision of the reconstructed signal is

directly proportional to the ¢, measurement precision.

132



5. CONCLUSIONS

The main aim of this thesis to develop an improved method for signal encoding based on
ASDM, which allows to reduce the power consumption of the wireless BCI system, while main-
taining the desired signal quality has been reached.

According to defined tasks, following results are achieved:

* based on the literature review and analysis of electroencephalogram (EEG) signals and
brain computer interface (BCI) systems, the author has defined the requirements for Analog-
to-digital converters (ADC). These requirements are: energy efficiency, encoding com-
plexity, resolution and sampling rate;

* based on defined requirements, the author has reviewed, analyzed and described a liter-
ature on synchronous and asynchronous ADCs as well as selected the most appropriate
ADC for EEG signal encoding and BCI systems as whole; Due to its great properties,
Asynchronous Sigma Delta modulator (ASDM)) is selected;

* the author has extensively analyzed, researched and described the ASDM and identi-
fied the points of improvement. The main inefficiency of the ASDM is related to over-
triggering, which occurs when ASDM is applied to wide dynamic range signals such as
EEG signals. Due to wide dynamic range that these signals have, a high switching activity
of ASDM circuit appears when the input signal amplitude is low;

* in order to improve te ASDM, the author has proposed and in detail described a new
method, called Amplitude-Adaptive Asynchronous Sigma-Delta modulator (AA-ASDM),
which allows to reduce the over-triggering of the circuit and thus the power consumption
of the whole wireless BCI system, while maintaining the desired signal quality;

* in order to test and assess the proposed method, the author has simulated (in Matlab),
modeled (in SIMetrix), designed (in Altium Designer) and developed the AA-ASDM. The
main achieved results are provided and assessed, and conclusions given;

* the author has developed and tested a complete one channel BCI system. The main

achieved results are provided and assessed, and conclusions given.
Scientific results of the research have been published in the following papers:
* Ozols K., Shavelis R., Amplitude Adaptive ASDM without Envelope Encoding, 2016 24th
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European Signal Processing Conference (EUSIPCO), Budapest, 2016, pp. 165-169.

* Ozols K., Implementation of reception and real-time decoding of ASDM encoded and
wirelessly transmitted signals, 2015 25th International Conference Radioelektronika (RA-
DIOELEKTRONIKA), Pardubice, 2015, pp. 236-239.

* Ozols K., Greitans M., Shavelis R., Amplitude Adaptive Asynchronous Sigma-Delta Mod-
ulator, 2013 8th International Symposium on Image and Signal Processing and Analysis

(ISPA 2013), Trieste, 2013, pp. 460-464

* Ozols K., Greitans M., Shavelis R., EEG Data Acquisition System Based on Asynchronous
Sigma-Delta Modulator, 2012 13th Biennial Baltic Electronics Conference, Tallinn, 2012,
pp. 183-186.

Based on the results, described above, it can be concluded that the main aim of this work is

achieved.
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APPENDIX A

MATHEMATICAL EXPRESSIONS FOR AA-ASDM

A-1 Vector g,

Vector g, is defined as in (3.50):

jéj“ go(t)dt
Hf“ g1(t)dt
8 = .

e g ()dt

1 if n=0
gn(t) = § cosnt if nell,M] where M = ~-1
sin(n — M)%¢ if ne[M+1,N—1]

Considering
SOt =ty —
fti’““ cosn%’rtdt = n% [sinn%’rtkﬂ — sinn%ﬂtk} ,where n € [1, M]

f;’““ sinn%ﬁtdt = —% [cosn%’rtkﬂ — cosnz%tk} ,wheren € [M + 1, N — 1]

and

Tev1 — Tk if n=0
tht1 T ) o ) or .
/ gu(t)dt = < 7oz [Sm”ﬁkﬂ - SlnnTtk} if nell, M|
tr

—% [cosn%ﬂtkﬂ — Cosn%”tk} if ne[M+1,N—1]

from the previous expressions follows

lpy1 — Tk

T : 21 : 2
Tom <sm1Ttk+1 — sml?tk>

T : 21 : 27
e (smMTtkH — smMTtk)

T 27 2
—Ton <costhk+1 — cosl?tk>

8

T 2T 2
BT (cosMTtkH — cosMTtk)_
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A-2 Matrix G,

Matrix Gy, elements are given as Gy, = t’;’““ Gm(t)gn(t)dt, wherem = 0,1, ..., N — 1 and

n=01,..,N —1:

t e g0 (t)dt tz,f“ go(t)g1 (t)dt tz;f“ go(t)g2(t)dt - tzkk“ go(t)gn-1(t)dt
G, = o g1(t)go(t)dt e g1(t)gi(t)dt w o g1Wg2(t)dt - [ g () gy (t)dt
w1 Ogo®dt i gn-aOg(Ode [ gxa (2Ot - [ gva(Dgn-a(B)dt

Considering g, (t) in Appendix A-1, it follows:

Co C1 Co cee Cmr S1 S9 tee SM

1 1€ CiCy -+ C1Cp C151 C1S2 -+ C1Spm

Ca (G20 CaCo -+ CoCy C251 CoSg9 -+ C2SM
(ﬁk = |em CmC1 CpmC2 -t CMCM CmS1 CmS2 -t CMSM |

51 51C1 §1C2 -+ S1CNp 5181 8182 - S185Mm

S 82C1  S2C2 - SaCNpf S281 S282 - S2SMm

SM SmC€ SmC2 cc SMCM SMS1 SmS2 ccc SMSM

the elements of which are determined by the corresponding integral values:

— fle+r g
Cop = ftk dt = tpq1 — tg
_ tet 27 _ T | 2T _ ain 27
Cp = ftk cosnartdt = —— [smn Tt — SINn tk]
ey s 27 _ T 2T 27
Sp — -[;fk Sll’ln?tdt = ~on [COSn?tk_Fl — COSnTtk]

tea1 t

CmCn = [,/ cosmITL - cosnftdt = 5 ft]:““ cos(m —n)Zrtdt + 5 [, cos(m + n)FFtdt =

brt tet1
— T . 2 T . o
= oo sin(m — n) Tt N + Ty Sin(m + n) Tt .
= T [Sinzﬂ(?_n)tkﬂ - Sinmtk] + T [Sinzﬂ(?ﬁ)tkﬂ — sinWtk],

from which it follows, that:

t
CmCp = ft:ﬂ cosm3Et - cosn2rtdt =

[ — T . 2m(m+n) - 2m(m+n) . _
5 +4ﬂ(m+n) Sin————tg 1 — SiIn—=—tr|, if m=n

T

< 2m(
47 (m—n) |:81n

”;_”) thy1 — sinZx(m=—n)y
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_ tevr g 27 s 2 _ 1 (et o\ 27 1tk 2r _
Smsn = [, sinmFFt - sinnFtdt = 5 [, " cos(m — n)Ftdt — 5 [," cos(m + n) Ftdt =

. 2w(m— . om(m— .2 . 21(m+
from which it follows, that:
SmSn = j;t:“ sinm%”t . sinn%”tdt =
tk+;_tk o 47r(rz:+n) [Sin%(r’;—i_n) et1 — Sinwtk]’ it m=n
= . — . 2 — . 92 . 2 + .
by [SI0 Gy — sinZ g | — L [Ny sin 2 e

t . t . t .
Cmn = [pF! cosm Tt - sinnZrtdt = 5 [, sin(n —m)Frtdt — 5 [, sin(m 4 n)FFtdt =

— M(i_n) cos(n — m)3¢ zk“ _ m%n)ws(m +n) 2t Zﬂ _
— 47r(7:£_n) [0052”(77%—n) il — coswtk] — 47r(n7;+n) [COS 27r(7;+n) thit — Cos%(n;rn) tk} ’
from which it follows, that:
CmSn = fti’““ cosm%’rt . sinn%ﬂtdt -
_47r(77,17j+”) [COS%(?M) b1 — COSMTM)M}, if m=n
= 471-(73;*”) [cos%(?;*”)t“l — cosmtk} - 4ﬂ(£+n) [cos%(”ﬁ") tpit — Coswtk], if m£n
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APPENDIX B

FUNCTIONS FOR SIGNAL ENCODING/DECODING
WITH ASDM

B-1 Matlab Function for Signal Encoding with ASDM

function [tk, ASDM int, ASDM trig]=ASigmaDeltaM(y,t,d,b)
% Function for signal encoding with asynchronous sigma-delta modulator (ASDM)

% tk - switching instants of the ASDM trigger output
% ASDM int - output signal of the ASDM integrator
% ASDM trig - output signal of the ASDM trigger
% y - input signal

% t - time vector

% d - ASDM trigger hysteresis parameter

% b - ASDM trigger hysteresis parameter

tk=[]; %vector, which will consist of ASDM trigger switching instants
dt=mean(diff(t)); %discretization step of the input signal
ASDM_int=(y(1)+b)*dt; ASDM _trig=b;
for k=2:length(y)

ASDM_int=[ASDM_int, ASDM_int(end)+(y(k)+b)*dt];

ASDM trig=[ASDM trig,b];

if abs(ASDM _int(end))>d && abs(ASDM int(end-1))<=d

b=-b; tk=[tk,t(k)];

end

end

An example of how to use ASigmaDeltaM function:

loadCEEG.mat’); % uploads fourteen (14) EEG signals

signal=ch4(1:256)’; % selects 4-th channel

Fd=128; % discretization frequency of the EEG signal

Flow=0; Fhigh=49; % Limiting signal frequency band from Flow to Fhigh
M=64;

[x,y]=IdLFilter(signal,Fd,Flow,Fhigh,M);

FdNew=Fd*M; % discretization frequency after filtering
t=[0:length(y)-1]/FdNew;

b=180+180*0.1; % parameter b should be choosen as follow: 2*max(abs(y))
d=0.9*(b-180)/4/Fmax;; % parameter d should be: d<=(b-max(abs(y)))/4/Fhigh
[tk, ASDM int,ASDM trig]=ASigmaDeltaM(y,t,d,b); % use "ASigmaDeltaM” function
plot(t,y,t, ASDM _int,t, ASDM trig) % plots input, integrator and trigger signals
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B-2 Matlab Function (1): Signal Decoding from ASDM QOutput
Switching Instants

function [Sat,t] = ASDMrecl(tk,d,b,Fmax)
% Signal decoding from asynchronous sigma-delta modulator output switching instants

% Sat - vector of the reconstructed signal

% t - time vector

% tk - switching instants of the ASDM trigger output

% d - ASDM trigger hysteresis parameter

% b - ASDM trigger hysteresis parameter

% Fmax - max frequency of the reconstruction functions

if nargin<5, % default time vector
t=tk(1):1/80000/Fmax:tk(end);
end;

fmax=1/2/max(diff(tk)); % maximum allowable frequency
fprintf("Fmax can be no greater than %4.4f [Hz] \n’, fmax);

sl=tk(1):1/2/Fmax:tk(end);
n=1:length(tk)-1;
q=(-1).n.*(2*d-b*(tk(n+1)-tk(n))); %vector q

G=[]; dt=1/2/32/Fmax; t=tk(1):dt:tk(end);

for n=1:length(sl); % calculation of the G matrix elements
g=sinc(2*Fmax*(t-sl(n)));
for m=1:length(tk)-1;
G(m,n)=sum(g(t<tk(m+1)&t>=tk(m)))*dt;
end
end
c=pinv(G)*q’; % coefficient vector ¢

Sat=0; % reconstructed/decoded signal
for n=1:length(c);

Sat=Sat+c(n)*sinc(2*Fmax*(t-sl(n)));
end

An example of how to use ASDMrecl function:
% paramters tk, d, b follow from Appendix B-1

[Sat,tt]=ASDMrec1(tk,d,b,50);
plot(t,y,tt,Sat,’r’) % reconstructed signal (red color)
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B-3 Matlab Function (2): Signal Decoding from ASDM Output
Switching Instants

function [Sat,t] = ASDMrec3(tk,d,b,Fmax,t)
% Fast Signal decoding from asynchronous sigma-delta modulator output switching instants

% Sat - vector of the reconstructed signal

% t - time vector

% tk - switching instants of the ASDM trigger output

% d - ASDM trigger hysteresis parameter

% b - ASDM trigger hysteresis parameter

% Fmax - max frequency of the reconstruction functions

if nargin<5, % default time vector
t=tk(1):1/8/Fmax:tk(end);
end;

fmax=1/2/max(diff(tk)); % maximum allowable frequency
if fmax<Fmax
fprintf("’Fmax should not exceed %4.4f [Hz] \n’, fmax);
end;
M=2*ceil((tk(end)-tk(1))*Fmax);
alfa=2*Fmax/(2*M+1);
n=1:length(tk); tk=[tk,0];
q=(-1yn.*(2*d-b*(tk(n+1)-tk(n))); g=q’; % vector q
D=diag(tk(2:end)-tk(1:end-1));
tk(end)=[];
Pml1=-1+zeros(length(q),length(q));
Pml=triu(Pm1l);
m=-M:M;
X=exp(-11*m’*2*pi*Fmax/M*tk);
A=alfa*X*D*X’;
bm=alfa*pinv(A)*X*D*Pm1*q; % coefficient vector bm
Sat=0; % reconstructed/decoded signal
for n=1:length(m);
Sat=Sat+m(n)*bm(n)*exp(1i*m(n)*2*pi*Fmax/M*t);
end
Sat=real(Sat*1i*2*pi*Fmax/M);

An example of how to use ASDMrec3 function:
% paramters tk, d, b follow from Appendix B-1

[Sat,tt]|=ASDMrec3(tk,d,b,50);
plot(t,y,tt,Sat,’r’) % reconstructed signal (red color)
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B-4 Matlab Function: Real-Time Signal Decoding from ASDM Output
Switching Time Instants

function [Sat,t] = ASDMrecFragm(tk,d,b,Fmax,Fd)
% Real-time Signal decoding from ASDM output switching instants

% Sat - vector of the reconstructed signal

% t - time vector

% tk - switching instants of the ASDM trigger output

% d - ASDM trigger hysteresis parameter

% b - ASDM trigger hysteresis parameter

% Fmax - max frequency of the reconstruction functions
% Fd - discretization frequency of the reconstructed signal

fmax=1/2/max(diff(tk)); Y%omaximum permissible frequency
fprintf(’ Fmax can be no greater than %4.4f [Hz] \n’, fmax);

if nargin<5, %default Fd value
Fd=Fmax*g;
end;

L=30; M=2; K=2; %Window function parameters

for k=1:L-K-2*M:length(tk)+M-L
if k+L>length(tk)
L=length(tk)-k;
end;

ttk=tk(k:k+L);
sl=ttk(1):1/2.5/Fmax:ttk(end);

n=k:length(ttk)+k-2;

q=(-1).n.*(2*d-b*(ttk(n+1-k+1)-ttk(n-k+1))); %vector q

G=[1;

for n=1:length(sl); %calculation of G matrix elements
G(:,n)=sinc(2*Fmax*(ttk(2:end)-sl(n)))-sinc(2*Fmax*(ttk(1:end-1)-sl(n)));

end

c=pinv(G)*q’; %vector ¢ (coefficients)

xat=0;

if k==
tt=ttk(1):1/Fd:ttk(end);
else
tt=tt(tt>=ttk(1));
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tt=[tt(1:end-1),tt(end): I/Fd:ttk(end)];
end;

for n=1:length(c);
xat=xat+c(n)*sinc(2*Fmax*(tt-sl(n)));
end

xat=dift(xat)*Fd;
xat=[xat,2*xat(end)-xat(end-1)]; %reconstructed signal in interval n

if k==1 %reconstructed signal multiplication with window function and adding
xat(tt<ttk(1+M))=0;
ind1=tt>=ttk(1+M)&tt<=ttk(1+M+K);
wind 1=sin(pi/2*(tt(ind 1)-ttk(1+M))/(ttk( 1 +M~+K)-ttk(1+M))).2;
xat(ind1)=xat(ind1).*wind1;
ind2=tt>=ttk(1+L-M-K)&tt<=ttk(1+L-M);
wind2=1-sin(pi/2*(tt(ind2)-ttk(1+L-M-K))/(ttk(1+L-M)-ttk(1+L-M-K))).2;
xat(ind2)=xat(ind2).*wind2;
xat(tt>ttk(1+L-M))=[];
Xat=xat;

else
wL=length(wind2);
ind1=tt>=ttk(1+M)&tt<=ttk(1+M+K);
xat(ind1)=xat(ind1).*(1-wind2);
ind2=tt>=ttk(1+L-M-K)&tt<=ttk(1+L-M);
wind2=1-sin(pi/2*(tt(ind2)-ttk(1+L-M-K))/(ttk(1+L-M)-ttk(1+L-M-K))).2;
xat(ind2)=xat(ind2).*wind2;
xat(tt<ttk(1+M)|[tt>ttk(1+L-M))=[];
Xat(end-wL+1:end)=Xat(end-wL+1:end)+xat(1:wL);
Xat=[Xat,xat(wL+1:end)]; %adding to overall reconstructed signal

end;

end;

t=tk(1):1/Fd:tk(1)+(length(Xat)-1)*1/Fd;
[x,Sat]=IdLFilter(Xat,Fd,0,Fmax,1); %reconstruction of the signal’s initial frequency band

An example of how to use ASDMrecFragm function:
% paramters tk, d, b follow from Appendix B-1

[Satl,tt1] = ASDMrecFragm(tk,d,b,Fhigh,FdNew);
plot(t,y,tt1,Satl,’r’,tt1,Satl-interp1(t,y,tt1), k")
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APPENDIX C

FUNCTIONS FOR SIGNAL ENCODING/DECODING
WITH AA-ASDM WITH ADDITIONAL ENVELOPE
ENCODING

C-1 Matlab Function for Signal Encoding with AA-ASDM1

function [tk, ASDM int, ASDM trig,okk]=ASigmaDeltaM3(y,t,d,b)
% Function for signal encoding with amplitude adaptive asyncrhonous sigma-delta modulator
% with additional envelop encoding (AA-ASDMI)

% tk - switching instants of the AA-ASDMI trigger output
% ASDM int - output signal of the AA-ASDM1 integrator
% ASDM trig - output signal of the AA-ASDM1 trigger
% y - input signal

% t - time vector

% d - AA-ASDMI trigger hysteresis parameter

% b - AA-ASDMI trigger hysteresis parameter

tk=[]; %vector, which will consist of AA-ASDM1 trigger switching instants
dt=mean(diff(t)); %discretization step of the input signal
ASDM _int=(y(1)+b(1))*dt; ASDM trig=1; ok=1;0kk=0k;
for k=2:length(y)
ASDM _int=[ASDM_int, ASDM _int(end)+(y(k)+ok*b(k))*dt];
ASDM _trig=[ASDM _trig,ok];
if abs(ASDM _int(end))>d && abs(ASDM int(end-1))<=d
ok=-ok; tk=[tk,t(k)];
end
okk=[okk,ok];
end

An example of how to use ASigmaDeltaM3 function:

load"EEG.mat’); % uploads fourteen (14) EEG signals
signal=ch4(1:256)’; % selects 4-th channel

Fd=128; % discretization frequency of the EEG signal

Flow=0; Fhigh=49; % limiting signal frequency band from Flow to Fhigh
M=64;

[x,y]=IdLFilter(signal,Fd,Flow,Fhigh,M); %filtering

y =y./180; %signal rationing

FdNew=Fd*M; % discretization frequency after filtering
t=[0:length(y)-1]/FdNew;
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s=size(t,2);

tau=26e-6:1e-6:499¢-6; % variable time constant
sizetau=size(tau,2);

output=zeros(474,s); % output of the envelope detector

y2=abs(y);
for j=1:sizetau % simulation of RC circuit for envelope detection
for k=1:s-1

if(y2(k)<output(j,k))
output(j,k+1)=output(j,k)*exp(-1e-7/tau(j));
else
output(j,k+1)=y2(k);
end
end
end
RC coef=1; % RC coeficient
apl = output(RC _coef,:); % envelope
apl(1)=2*apl(2)-apl(3);
[pks,locs]=findpeaks(abs(apl)); % find envelope’s peak values and its location
Zer = zeros(size(apl));
Zer(locs) = pks; % leave only peak values in the vector
tt=t;
tt(Zer<2e-4)=[1; % adjustin to threshold
Zer2=Zer;
Zer2(Zer<2e-4)=[]; % adjustin to threshold
Zer2 = interp1([t(1),tt,t(end)],[apl(1),Zer2,apl(end)],t, pchip’);
apl2 = Zer2;
if min(apl2-y)<0 % acquiring a new envelope
apl2=apl2+abs(min(apl2-y));

end
[apl3,yyyy]=IdLFilter(apl2,1/mean(diff(t)),0,5,1); % evelope’s filtering
% max envelope frequency: SHz
apl3 = apl3+0.15; % off-set
C=1; % max. input signal value

% y(t) original signal encoding:

beta =0.1; % coefficient

b = apl3+beta*C; % adaptive hysteresis parameter ~’b”

d = 0.9*(beta*C*(1/2/Fhigh))/2;

[tk, ASDM int, ASDM trig,okk]=ASigmaDeltaM3(y,t,d,b); % use "ASigmaDeltaM3” func.
% apl3(t) envelope encoding:

b2=0.1*C;

d2=0.025;

[tk2,ASDM int2,ASDM trig2|=ASigmaDeltaM(apl3,t,d2,b2); % use "ASigmaDeltaM” func.
plot(t,y,t, ASDM _int,t, ASDM trig) % plots input, integrator and trigger signals
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APPENDIX D

FUNCTIONS FOR SIGNAL ENCODING/DECODING
WITH AA-ASDM WITHOUT ADDITIONAL ENVELOPE
ENCODING

D-1 Matlab Function for Signal Encoding with AA-ASDM2

function [y_filtered,tk]|=AA_ASigmaDeltaM Precise(y,Fs,Fmax,delta,beta)
% Function for signal encoding with amplitude adaptive asyncrhonous sigma-delta modulator
% without additional envelop encoding (AA-ASDM?2)

% y_filtered - bandlimited (up to Fmax) input signal

% tk - switching instants of the AA-ASDM?2 trigger output

% y - input signal

% Fs - discretization frequency

% Fmax - maximum frequency of the y signal’s Fourier series (FS)
% delta - AA-ASDMI1 trigger hysteresis parameter

% beta - AA-ASDMI trigger hysteresis parameter

M=length(y);
T=M/Fs; %length of the signal
w=2*pi/T; %FS fundamental frequency (rad/s)

sp=ftt(y); %DFT spectrum of y, from which follows FS coefficients
N=floor(Fmax/Fs*length(y)); %upper bound of FS

if N>=floor(M/2) %if the bound >= Fs/2
N=floor(M/2);
if rem(M,2)==1
c=[sp(end-N+1:end),sp(1:N+1)]/M; %FES coefficients -N,...,N
nn=(-N:N);
else
c=[sp(end-N+2:end),sp(1:N+1)]/M; %FS coefficients -N+1,....N
nn=(-N+1:N);
end
else %if the bound < Fs/2
c=[sp(end-N+1:end),sp(1:N+1)]/M; %EFS coefficients -N,....N
nn=(-N:N);
end

y_filtered=real(c*exp(li*w*nn’*(0:M-1)/Fs));
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y_f max=max(abs(y_filtered));

ify f max>1 %limiting the amplitude from -1 to 1
y_filtered=y filtered/y f max;
c=c/y f max;

end;

if beta<0
fprintf(’Warning: beta < 0, therefore set to 1 \n”);
beta=1;

end

if delta>beta/4/Fmax;
fprintf("Warning: delta > beta/4/Fmax, therefore set to 0.9*beta/4/Fmax \n’);
delta=0.9*beta/4/Fmax;

end

tk=0; %switching instants of the AA-ASDM?2 trigger output

tkpl end=1/2/Fmax*1.2; %max time value to which will be intersections searched
tkp1=linspace(0,tkpl end,1000);

tkr=tk;

k=1;

MN=repmat(nn’,1,length(nn))+repmat(nn,length(nn),1);
MNOind=(MN==0);
MN i=-1i/w./MN;

while tkr<T
cn=c./nn/11/w.*exp(li*w*nn*tkr);
cn(end-N)=c(end-N);
MN i exp=MN i.*exp(li*w*MN*tkr);

utl=0; %left side of the expression
ut2=(-1)k*(2*delta-(beta+0.25)*tkp1(1)); %right side of the expression
dut previous=utl-ut2;

for r=2:length(tkp1)
yexp=exp(li*w*nn’*tkp1(r))-ones(length(nn),1);
yexp(end-N, 1)=tkp1(r);
utl 1=real(cn*yexp); %integrated signal

hv=MN i exp.*(exp(li*w*MN*tkp1(r))-ones(length(nn),length(nn)));
hv(MNOind)=tkp1(r);
utl2=real(c*hv*c.”); %integrated signal squared
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utl=utl1+(-1k*utl2; %left side of the expression
ut2=(-1)k*(2*delta-(beta+0.25)*tkp1(r)); %right side of the expression
dut=utl-ut2;

if sign(dut) =sign(dut_previous)
tkr=-dut_previous/(dut-dut previous)*(tkp1(r)-tkp1(r-1))+tkp1(r-1)+tkr;
tk=[tk,tkr];
k=k+1;
break;

else
dut previous=dut;

end

end
end

if tk(end)>T
tk(end)=[];
end

An example of how to use A4 ASigmaDeltaM Precise function:

loadCEEG.mat”); % uploads fourteen (14) EEG signals

signal=ch4(1:256)’; % selects 4-th channel

Fd=128; % discretization frequency of the EEG signal

Fmax=49; % limiting signal frequency band Fmax

beta=1;

delta=0.9*beta/4/Fmax;
[yf2,tk2]=AA_ASigmaDeltaM_Precise(signal,Fs,Fmax,delta,beta); %use the function
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D-2 Matlab Function (1): Signal Decoding from AA-ASDM Output
Switching Instants

function [Sat,t] = AA_ASDM rec FS Exp(tk,delta,beta,Fmax,t,f0 FS)
%Signal decoding from AA-ASDM?2 output switching time instants

% Sat - reconstructed signal

% t - time vector

% tk - switching instants of the AA-ASDM?2 trigger output
% delta - AA-ASDM?2 trigger hysteresis parameter

% beta - AA-ASDM?2 trigger hysteresis parameter

% Fmax - maximum frequency of FS functions

% f0_FS - FS fundamental frequency

if nargin<6 %default FS fundamental frequency
T=tk(end)-tk(1); % length of the signal (period)
f0_ FS=1/T;
else
if f0_FS<1/(tk(end)-tk(1))/2
f0_FS=1/(tk(end)-tk(1))/2;
fprintf("Warning: f0_FS may be too small, therefore set to default value. \n’);
end
end

if nargin<5, % default time vector
t=tk(1):1/8/Fmax:tk(end);
end;

fmax=1/2/max(diff(tk)); Y%omaximum permissible frequency
fprintf("’Fmax can be no greater than %4.4f [Hz] \n’, fmax);

n=1:length(tk)-1;
q=(-1).n.*(2*delta-(0.25+beta)*diff(tk)); %vector q

w=2*pi*f0_FS; %FS fundamental frequency (rad/s)
N=floor(Fmax/f0_FS); %upper bound of FS
nn=-N:N;

G=-11/w*repmat(1./nn’,1,length(tk)-1).*(exp(l1*w*nn’*tk(2:end))-exp(11*w*nn’*tk(1:end-1)));
G(N+1,:)=diff(tk); Yomatrix G

MN=repmat(nn’,1,length(nn))+repmat(nn,length(nn),1);
MNOind=(MN==0);
MN _i=-1i/w./MN;
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Ghat=zeros(length(nn),length(nn),length(tk)-1);
Gexpl=exp(1i*w*MN*tk(1));

for k=1:length(tk)-1
Gexp2=exp(11*w*MN*tk(k+1));
Ghat k=MN_1.*(Gexp2-Gexpl);
Ghat k(MNOind)=tk(k+1)-tk(k);
Ghat(:,:,k)=Ghat k;
Gexpl=Gexp2;

end

c0=0.0+0.0*li+zeros(1,length(nn));
[c,uu]=Isgnonlin(@(x)AA _ASDM rec FS Exp Fragm Func(x,G,Ghat,q,n),c0);
Sat=real(c*exp(li*w*nn’*t));

An example of how to use 44 _ASDM rec FS Exp function:
[Sat AA ASDM, ~]=AA ASDM rec FS Exp(tkl,delta,beta,Fmax,t2,f0 FS);
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D-3 Matlab Function (2): Signal Decoding from AA-ASDM Output
Switching Instants

function [Sat,t] = AA_ASDM rec FS CosSin_Fragm(tk,delta,beta,Fmax,t, LMK,f0 FS)
% Real-time signal decoding from AA-ASDM?2 output switching time instants

% Sat - reconstructed signal

% t - time vector

% tk - switching instants of the AA-ASDM?2 trigger output
% delta - AA-ASDM?2 trigger hysteresis parameter

% beta - AA-ASDM?2 trigger hysteresis parameter

% Fmax - maximum frequency of FS functions

% f0_FS - FS fundamental frequency

% [L,M,K] - window function parameters

if nargin<7 %default FS fundamental frequency
f0_FS=1/(tk(end)-tk(1));
else
if f0_FS<1/(tk(end)-tk(1))/2
f0_FS=1/(tk(end)-tk(1))/2;
fprintf("Warning: f0_FS may be too small, therefore set to default value. \n’);
end
end
if nargin<6 %window function parameters L > 2*M+K
L=20; M=2; K=2;
else
L=LMK(1);
M=LMK(2);
K=LMK(3);
end;
if nargin<5, % default time vector
t=tk(1):1/8/Fmax:tk(end);
end;
fmax=1/2/max(diff(tk)); Y%omaximum permissible frequency
fprintf("’Fmax can be no greater than %4.4f [Hz] \n’, fmax);
flag=0;
for k=1:L-2*M-K:length(tk) % each next interval is reconstructed after L-2*M-K switchings
if k+L-2*M-K+L>length(tk)
L=length(tk)-k;
flag=1;
end;
ttk=tk(k:k+L);
n=k:length(ttk)+k-2;
q=(-1y:n.*(2*delta-(0.25+beta)*diff(ttk)); %vector q
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[G,Ghat,TNN]=AA ASDM rec FS CosSin_ Fragm matrices(ttk,Fmax,f0_FS);
c0=0.0+zeros(2*NN+1,1); %initial coefficients cn
[c,uu]=Isqnonlin(@(x)AA_ASDM rec FS CosSin Fragm Func(x,G,Ghat,q,n),c0);
if k==1
tt=t(t>=ttk(1)&t<=ttk(end));
else
tt=t(t>ttk(1)&t<=ttk(end));
end;
xat=c(1); %reconstructed fragment in interval n
for kk=2:NN+1
xat=xat+c(kk)*cos(2*pi/T*(kk-1)*tt)+c(kk+NN)*sin(2*pi/T*(kk-1)*tt);
end;
if k==1 %reconstructed fragment multiplication with window function and adding
xat(tt<ttk(1+M))=0;
ind1=tt>=ttk(1+M)&tt<=ttk(1+M+K);
wind1=sin(pi/2*(tt(ind 1)-ttk(1+M))/(ttk(1+M+K)-ttk(1+M))).2;
xat(ind1)=xat(ind1).*wind1;
ind2=tt>=ttk(1+L-M-K)&tt<=ttk(1+L-M);
wind2=1-sin(pi/2*(tt(ind2)-ttk(1+L-M-K))/(ttk(1+L-M)-ttk(1+L-M-K))).2;
xat(ind2)=xat(ind2).*wind2;
xat(tt>ttk(1+L-M))=[];
Xat=xat;
else
wL=length(wind2);
ind1=tt>=ttk(1+M)&tt<=ttk(1+M+K);
xat(ind1)=xat(ind1).*(1-wind2);
ind2=tt>=ttk(1+L-M-K)&tt<=ttk(1+L-M);
wind2=1-sin(pi/2*(tt(ind2)-ttk(1+L-M-K))/(ttk(1+L-M)-ttk(1+L-M-K))).2;
xat(ind2)=xat(ind2).*wind2;
xat(tt<ttk(1+M)|tt>ttk(1+L-M))=[];
Xat(end-wL+1:end)=Xat(end-wL+1:end)+xat(1:wL);
Xat=[Xat,xat(wL+1:end)]; %adding to the overall reconstructed signal
end;
if flag
break
end
end;
Sat=[zeros(size(t(t<tk(1)))), Xat];
Sat=[Sat,zeros(1,length(t)-length(Sat))];

An example of how to use 44 _ASDM rec_FS CosSin_Fragm function:

[Sat AA ASDM Fragm 2,uu]=AA_ASDM rec FS CosSin Fragm(tkl,delta,beta,Fmax,t2,LMK,1.2);
plot(t2,yf,t2,Sat AA ASDM Fragm 2,t2,yf-Sat AA ASDM Fragm 2)
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APPENDIX E

PHYSICAL AA-ASDM2 BASED EEG DATA
ACQUISITION SYSTEM

E-1 Matlab program for AA-ASDM calibration

load(’ AAdata01032017.mat’) %load acquired data from the digitizer
int_dc00=AAint0; %input DC = 0V

trig_dc00=AAtrig0;

int_dc05=AAint05; %input DC = 0.5V

trig_dc05=AAtrig05;

int_dc09=AAint09; %input DC = 0.9V

trig_dc09=AAtrig09;

t=(0:length(int_dc00)-1)/20e6; %Digitizer sampling rate 20MSPS

figure

plot(t,int_dc00,t,int_dc05,t,int dc09) %read max and min delta values from the graph
max_delta=10625; %from graph

min_delta=5625; %from graph

delta plus=1.5; %actual delta+ value from oscilloscope
delta_minus=-1.5; %actual delta- value from oscilloscope

u=(max_delta*delta_minus-min_delta*delta plus)/(delta_minus-delta plus); %average value
gamma=delta plus/(max_delta-u); %scale factor

int00=(int_dc00-u)*gamma; %convert to actual amplitude values
trig00=(trig_dc00-u)*gamma,;

int05=(int_dc05-u)*gamma;

trig05=(trig_dc05-u)*gamma;

int09=(int_dc09-u)*gamma,;

trig09=(trig_dc09-u)*gamma,;

b2=abs(mean(trig00(trig00>0))); %find mean b values
bl=abs(mean(trig00(trig00<0)));

ind=find(abs(diff(diff(trig00)>0))); %omax un min index
tkOO=t(ind(find(abs(diff(trig00(ind)))>3)+1)); %trigger switching time instants

ind=find(abs(diff(diff(trigd3)>0)));
tk05=t(ind(find(abs(diff(trig05(ind)))>3)+1)):;
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ind=find(abs(diff(diff(trig09)>0)));
tk09=t(ind(find(abs(diff(trig09(ind)))>3)+1));

dtk00=diff(tk00); %difference between switching time instants
dtk05=diff(tk05);
dtk09=dift(tk09);

thr1=3.28e-3; %threshold. comes from dtk graphs

dtk00 max=mean(dtk00(dtk00>thr1)); %find average max distance between switchings
dtk00 min=mean(dtk00(dtk00<thr1)); %find average min distance between switchings
thr2=3e-3;

dtk05 max=mean(dtk05(dtk05 >thr2));

dtk05 min=mean(dtk05(dtk05<thr2));

thr3=2.6e-3;

dtk09 max=mean(dtk09(dtk09 >thr3));

dtk09 min=mean(dtk09(dtk09 <thr3));

al=1.2951; %coefficient al. comes from theoretical calculations
a2=0.4098; %coefficient a2

% does actual dtk_max/dtk min values corresponds to theoretically calculated?
[dtkO0 max/dtk00 min, (a2/al*b2+(0+0.5)2)/(a2/al *b1+(0-0.5)2)]

[dtk05 max/dtk05 min, (a2/al*b2+(0.5+0.5)2)/(a2/al *b1+(0.5-0.5)2)]

[dtk09 max/dtk09 min, (a2/al*b2+(0.9+0.5)2)/(a2/al1*b1+(0.9-0.5)2)]

R=12e3; % R11
C=220e-9; %C1
alfa_theoretical=1/R/C %integrator constant 1/x

% practically acquired integrator constants
alfa_max=(delta_plus-delta_minus)/(al*(0+0.5)2+a2*b2)/dtk00_min
alfa_min=(delta_plus-delta minus)/(al*(0-0.5)2+a2*b1)/dtk00_max
alfa_max=(delta plus-delta minus)/(al*(0.5+0.5)2+a2*b2)/dtk05 min
alfa_min=(delta plus-delta minus)/(al*(0.5-0.5)2+a2*b1)/dtk05 max
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E-2 Matlab Function for signal decoding from real AA-ASDM based
system

%Set 14-bit ATS460 digitizer parameters Volts/DIV = mV and CLK
V_Div = 5e-3; %omV
Fs =20¢e6; %20Ms/s

V_full = V_Div*8§; %full range of the ATS460 digitizer
koef=16384/V_full; % coefficient for acquiring actual amplitude values

datal = csvread("EEGsystemsData.csv’); %read data from ATS460 digitizer
data2 = datal(:,1)’;
y = (data2-8192)./koef; %Set 0 level and actual amplitude values

t = 0:(1/Fs):(length(y)-1)/Fs; %time vector

%Band-pass filter

ZF = 0.35¢e6; % bottom cut-off freq.
AF =2.39¢6; % top cut-off freq.
CF = 1.367¢e6; % Center freq.

sp = fft(y); Y%ospectrum

fr = [0:length(y)-1]*Fs/length(y); %frequency vector
ind1 = fr<ZF; %all frequency values below ZF

nl = length(fr(ind1));

sp2 = sp;

sp2(ind1) = 0; %zeroing

sp2(end-n1+2:end) = 0; %zeroing

ind2 = fr>=7F & fr<=AF; %all frequency values above ZF and below AF
n2 = length(fr(ind2));

sp2(nl+n2+1:end-n1-n2+1) = 0; %zeroing

yf = ifft(sp2);

yy = cos(2*pi*CF(1)*t);
yj = yf.*yy; %evelope

[pks,locs]=findpeaks(abs(yj));
Zer = zeros(size(yj));
Zer(locs) = pks; %zeroing

tt=t;

tt(Zer<0.5e-3)=[]; % remove all values below threshold 0.4e-4
Zer2=Zer;

Zer2(Zer<0.5¢-3)=[];
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dtt = diff(tt); %vector with distance between switching time instants values
ind = dtt>1e-3;

tk = tt(ind);

tk = sort([tt(ind),tt(find(ind)+1)]); %switching time instants

tl = tk;

dt=10.0001;

t =tl(1):dt:tl(end);

x=datal(:,2)’%original signal

t2=t(1:1000:end);

alfa=390; %parameters comes from Appendix E-1

delta=(delta_plus-delta minus)/2/alfa/al; %parameters comes from Appendix E-1
beta=[bl b2]*a2/al; %parameters comes from Appendix E-1

Fmax=60;

[xf, ]=IdLFilter(x,Fs,0,Fmax,1); %Filtering
xf=(xf(1:1000:end)-u)*gamma;

%Signal reconstruction. Function from Appendix D-2
[Sat AA ASDM, |=AA ASDM rec FS Exp(tk(2:end),delta,beta,Fmax,t2);
plot(t2,xf,t2,Sat AA ASDM)

ErrInterval=[t2(1)+0.02 t2(end)-0.02]; %SNR

ind=t2>ErrInterval(1)&t2 <ErrInterval(2);
SNR_AA ASDM=10*logl0(sum(xf(ind).2)/sum((xf(ind)-Sat AA ASDM(ind)).2))
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