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Abstract

The emergence of miniaturized electronic sensors for recording neural activity is opening up

new opportunities for better health care and understanding brain function. The precise instru-

mentation for sensing these signals has been developed extensively, but no implantable system

available today is capable of providing a high density recording structures that can be scaled to

accommodate the large number of electrodes and processing neuro-prosthetics need for func-

tional limb replacement. The design of these systems is complicated by micro-volt levels of

signal that contain convoluted mixtures of information. This demands highly accurate signal

quantization and exhaustive processing that is constrained by the scarce power availability. The

resulting difficulty in realizing viable solutions for chronic implants necessitates cutting-edge

fabrication technologies and state-of-the-art circuit optimization techniques.

This thesis presents the understanding behind optimizing these instrumentation systems in or-

der to maximize the simultaneous sensing capabilities of brain machine interfaces that can be

implanted wirelessly into living systems. These analytics enabled this work to outperform state

of the art in terms of delivering high precision at 56 dB SINAD with a sub 0.01mm2 silicon

footprint and a 800 nW power budget by employing novel time-domain circuit techniques. This

advancement will enable BMIs to be integrated & minimutrized using nanometre CMOS with

extensive digital processing capabilities that are capable of decoding neural signals without su-

pervision such that therapy in a fully implanted fashion. Moreover by introducing distributed

processing architecture this work is the first to allows scalable fully reconfigurable functionality

at the instrumentation interface for complex algorithmic operations while maintaining a power

efficiency of 2.7µW per MIPS.
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Chapter 1

Introduction

The ability to tap into the electrical activity of the central nervous system holds the promise

of personalised health-care with unparalleled capabilities such as restoration of vision or paral-

ysis [2]. The development of implantable electronics that enable these capabilities are a key

component to any future of bio-electronic medicines termed as electroceuticals that exhibit

superior spatial and temporal precision than the chemical counterpart. This follows a vision

for electronics that can be distributed throughout the body to treat a plethora of neurological

conditions and psychological disorders by attaching to nerve endings to decode and modulate

neural signalling [3]. These devices provide a means to model neurological activity and find a

basis for diagnosing of brain related diseases. However the human brain alone distributes the

activity of 8 × 1010 neurons over a 1200 cm3 volume with intricate structures where current

recording systems can only observe a minute fraction of isolated activity with centimetre scale

devices. Making these systems practical and useful requires more effective ways to distribute the

recording of activity. This requires techniques for miniaturization towards minimally invasive

implantable recording devices.

“Todays best brain-computer interface systems are like two supercomputers

trying to talk to each other using an old 300-baud modem”

2016 - Phillip Alvelda [4]

1
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One exemplary effort directed at achieving better sensors for decoding neural activity is cur-

rently a $60 million project under a Neural Engineering System Design (NESD) program that

is lead by the Defence Advanced Research Project Agency (DARPA). This is one of eight as-

pects under the brain initiative that is lead by research in the US which signifies the explicit

importance of developing better interfaces to enable new technologies. From a data processing

perspective the principle issue with current systems is the limited information rates that can

be extracted from chronic neural recording devices.

1.1 Motivation

Brain machine interfaces have long been seen imagined as a solution to incapacitating neu-

rological injuries like paralysis, spinal cord lesion, stroke, and brain trauma. However such

a solution has eluded science for a number of decades. The functional interaction between

electronics and neural tissue dates back to 1870 when Gustav Fritsch and Eduard Hitzig first

questioned the muscular contractions due to electrical stimulation of the motor cortex [5]. This

extensive development took many years in part because modulating neural signalling electron-

ically in well controlled manner requires exquisite precision and correctly decoding the brain

activity is a challenging processing problem that requires a intricate understanding in under-

lying brain function. The first success for interfacing electronics with neural circuitry is that

of the cochlear implant which was approved by the American Food and Drug Administration

(FDA) in 1985 [6]. In 2015 these implants help 13 thousand individuals over come their hearing

disability in the UK alone [7].

Today we face an unprecedented and increasing number of patients with neurological disor-

ders which we have yet to find rehabilitating treatment for. In fact 350 thousand people in

the UK lost their self-reliance due to a disabling neurological condition [8]. Many of these

cases are the result of unsuccessful rehabilitation after stoke, spinal cord/brain injury or our

inability to treat progressive neurodegenerative conditions such as amyotrophic lateral sclerosis.
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While these disorders still challenge our scientific understanding, the application of machine

assisted intervention for neural repair and rehabilitation has demonstrated promising results

with invasive implants [9] and non-invasive robotics [10]. Such experimental results encourage

us to continue these efforts but it is also evident that this domain requires substantial im-

provements towards clinical solutions equivalent to that of deep-brain stimulators, pacemakers

or the cochlear implants. In retrospect the guiding imperatives currently perused by leading

research for better bioelectronic medicines in humans hope are aimed at meeting a number

of neuroscience achievements by 2020 [3]. These efforts can be classified with five essential

components;

(a) Visualization of detected cells with activity-
induced expression of fluorescent protein based trac-
ers

(b) Anatomical segmentation of the active struc-
tures.

Figure 1.1: Recorded activation map of a mouse brain after the mouse was allowed to explore
a novel object for 90 seconds from [11]

Structural & functional mapping - Revealing the signalling interconnect for organ-centric

nerve wiring and functional signalling patterns provides a baseline for the diagnosis and under-

standing of nervous system. Similar to that in Figure 1.1 where the learning process of a rat

brain is investigated with regard to functional patterns. This objective includes establishing

correlations between organ function and neural activity. In order to catalogue these details we

require tools for high-resolution imaging of fibre anatomy and taxonomy at micrometer reso-

lution. The scale of exploring inter- and intra-species variation in neuroanatomy necessitates

the collaboration through documenting a library or repository of tracers for visualization and

standardized data collection. Moreover we need to find methods for precise identification and

referencing nerve structures in a clinical environment.

Sensing organ functions - Finding better means to support the close-loop functionality of
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(a) Subsection of neural anatomy of the sacral
contributions to the pelvic nerve used in restoring
bladder function.
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(b) Extradural electrodes situated to accommo-
date modulating neural activity of the pelvic
nerve and assess neurally evoked bladder emp-
tying.

Figure 1.2: Electronic assistance in homotopic root repair for restoring bladder function after
bladder decentralization due to spinal cord or spinal root injury from [12].

bioelectronic factors in the body and organ behaviour is essential. Due to natural development

and biological adaptation we require detailed understanding of physiological dynamics and

thereby inferring organ function from marker variation. Here we need microscopic sensors

that monitor and survey a variety of markers that allow us to characterize the changes in

physiological markers in relation to organ and neural activity. Introducing low risk and highly

reliable sensors is crucial for performing well defined and chronic data collection on patient

variance. Here Figure 1.2 exemplifies such a sensor interfaced with the lower spinal cord to

study the efficacy of neuro-reconstruction techniques to recover bladder control [12].

2mm

(a) Annotated components of the cuff
electrode.

(b) Illustration of the implantation/self-locking procedure

Figure 1.3: A parylene self-locking cuff electrode with flexible cable that is wrapped around
nerves 1 mm in diameter and provides an interface for active electronics from [13].

Electrodes for visceral nerves - Improving electrode-based interfaces for reliable recording

and modulation is a proven enabler for many clinical applications. Miniaturization of cuff-

electrodes is necessary for interfacing small nerves that are <100µm in diameter adjacent to

organs that provide greater specificity for treatment. As shown in Figure 1.3 these are complex

structures that require delicate application in a clinical setting. Furthermore high-density arrays
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(a) Photograph of a wireless electrostimulator
on a human finger.

2 mm Electrodes

Coil

IC

Capacitor

(b) Miniaturized electrostimulator before
epoxy encapsulation with system components
annotated.

Figure 1.4: A 70 mg stimulation device that is 2 mm in diameter for close-chest stimulation of
cardiovascular tissue that aims to replace conventional pacemakers from [14].

that exhibit shape-adaptable contacts could allow us to further maximize signal-to-noise and

reliability. These platforms will need algorithms in order to track time evolving activity across

multiple fascicles.

Signal imaging and actuation - Exploring other biophysical techniques that allow us to de-

code and actuate neural activity with less invasive means may result in more effective means for

clinical applications with lower risk factors than cortical implants. This includes expanding on

the current optogenetic methods to distribute excitatory or inhibitory activity in highly specific

neuronal populations. Scaling electromagnetic and ultrasonic imaging to more practical form

factors may also enable improved sensing modalities. Using nano-particles to enable remote

interrogation by aforementioned sensing modalities also requires evaluating in-vivo reliability.

Visceral control modules - Enabling implantable sensors like that in Figure 1.4 requires inte-

grating the interface with power management, wireless connectivity, and processing capabilities

in highly miniaturized configurations. In particular these platforms need to provide modular

support that enables recording, stimulation and blocking experiments for proof of concept. De-

veloping the support for characterizing organ specific neural activity on-chip facilitates closed

loop control without intervention. Moreover the capacity for signal processing and pattern

recognition will improve bandwidth management for sensors with larger channels counts.
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1.2 Research Objectives

Contemporary objectives for sensor design used in neuroscience applications can be approached

from a number of perspectives. One could focus on wireless connectivity of body sensor net-

works, the chronic behaviour of miniaturized electrode interfaces, Analysis methods for dis-

tributed neural activity, or exploring organ specific functional indicators. All of which reflect

how the research imperatives can be addressed in the domain of electronics. This work will

specifically focus on the miniaturization and optimization of integrated electronic instrumen-

tation. This work will form a basis for maximizing the capacity of implantable systems in

a general sense irrespective of their functional purpose. In particular we raise the question:

how does one enable a wireless implant to record from thousands of channels without being

constrained by the bandwidth of telecommunication? Moreover how do we grantee that the

integrated chip uses the absolute minimum amount of power and silicon area such that the

system becomes viable for implantation? Can we find better ways to miniaturize these devices

with existing technologies and what are the current limitations?

Here we attempt to approach the design of brain machine interfaces specifically with the ob-

jective of integrating thousands of channels on a single CMOS chip. This perspective implies

not only that we need to find ways to miniaturize the electronic circuits used for sensing but

also find processing architectures that perform highly efficient signal analysis irrespective of

channel count. This reflects our consideration towards a fixed communication bandwidth that

results from the limited power budget. The implication is that the neural recordings need to

be compressed by representing only high level features of collective activity. As the number of

channels increases our processing capacity must proportionally increase to accommodate the

increased compression rate.

More explicitly, this work aims to develop a fully integrated instrumentation sys-

tem for brain machine interfaces that is functionally far more capable and much

more power efficient than conventional systems though analytic optimization meth-

ods and circuit level techniques.
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1.3 Thesis Outline

The elementary components to these systems are discussed in Chapter 2. We review how

neural activity is sensed electronically and the physiological components that affect these mea-

surements. In addition we address how modern technologies are advancing the capabilities of

neural recording systems to give insight to future prospects for BMIs. In particular we will

discuss the associated impact CMOS integration has on sensor characteristics based on trends

in on going efforts. Finally we overview brain machine interfaces that are currently presented

in the literature by reviewing the current considerations in designing these sensors.

The principle discussion presented in Chapter 3 is based on the analysis of instrumentation

circuit design and the optimization there of that enables us to achieve state of the art sensing

efficiency. The methodology discussed informs us how resource efficiency is dependent on

both topology and CMOS process parameters. In particular by introducing the underlying

resource relations for amplifiers and data converters we can present a perspective on their system

level implications. This discussion addresses the impact of circuit topologies to leverage the

fundamental relationship between resource requirements and the performance specifications.

In association we propose several topologies in each domain that can excel at maximizing

performance with the minimum area and power requirements specifically for these low frequency

signals. Finally these results are extrapolated to introduce the dependency on voltage scaling

and higher order filter configurations. This reveals observable relations and limits with regard

where our expectations lie given the direction of miniaturizing instrumentation structures.

Chapter 4 continues this notion of resource optimization by abstractly quantifying the extent we

can perform processing on chip under the assumption that the design should dedicate as much

resources on analogue instrumentation as on signal processing. This leads to the impression

that depending on the construction of the algorithm there is an increasing amount of capacity

for distributed digital processing as these systems employ more modern CMOS fabrication

processes. Here we introduce an efficient implementation of two spike classification algorithms

in association with a detection operator to quantify the resource requirements for methods

commonly used in the literature. With this context we introduce a scalable microcontroller
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topology the enables distributed processing across an arbitrary number of channels and executes

reprogrammable algorithms with exceptional efficiency when large channel counts integrated

on chip.

Chapter 5 uses the observations from the foregoing discussions to identify two components

that allow integrated sensors to substantially improve performance. The first is using time

domain topologies to realize a instrumentation topology based on digital logic gates that do not

diminish performance due to transistor imperfections. By employing sub-threshold oscillator

structures in amplification circuits the topology can achieves near ideal noise efficiency similar

to conventional sensing but with improved characteristics. This structure exhibits significantly

increased input impedance and reduced power dissipation than a more conventional realization

would. The second component is that we propose performing adaptive classification of spike

signals in the analogue domain in order to avoid digital processing data at the Nyquist frequency.

This takes advantage of reduced feature bandwidth in neural recordings. Finally the different

approaches to neural classification with minimal hardware requirements is evaluated in the

analogue and digital domain. The proposed mixed signal method shows that we may opt

to use an analogue integrator for every cluster extracted without needing analogue to digital

conversion.

Chapter 6 summarizes this work by considering how the proposed architectures can be improved

upon to approach better system integration. Reflecting on the current capabilities of the

proposed system we conclude that much effort is still needed for realizing chips that are capable

of directly decoding neural activity. While proposed platform already exhibits the necessary

flexibility to accommodate a number of scientific inquiries there are two directions that are

clearly exemplified with regard continuing research objectives. This outline can summarized in

terms of the following technical details listed below.
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• Chapter 2

− Fundamental aspects for sensing of neural activity electronically and the

trends in current BMI technologies.

− Review of the fully integrated BMI systems presented in recent literature.

• Chapter 3

− Chopped amplifier structure for the miniaturization of power efficient in-

strumentation and the design considerations there of.

− Power efficient oversampling ADC topology for compact signal quantization

with minimal area requirements.

− System level resource models that addresses the configuration/optimization

of amplifiers, data converters and digital processing.

• Chapter 4

− Rationale for in-channel processing and the design of template-matching

and PCA based methods for that context.

− Scalable processing architecture based on software-defined instrumentation

and the implementation there of.

− Linux-based ASIC interfacing platform that enables real-time data visual-

ization and high level instrumentation protocols.

• Chapter 5

− Introduction for using sub-threshold ring oscillators as resilient time-

domain memory that allows analogue processing with ultra-low supply

voltages.

− VCO based instrumentation topology for nano-metre CMOS capacitively

coupled amplifiers and filter structures.

− Develop a basis for performing adaptive neural spike detection & classifi-

cation in the analogue domain.



Chapter 2

Background

In order to detail how we might be able improve the current approach of using electronic sensors

to record neural activity. This chapter will review the primitive components to sensing brain

signals and associate them with research developments that are promoted though the minia-

turization in microelectronics. The discussion will give insight to trends like Moore’s law that

allow us to envisage what to expect from BMIs several years beyond current state-of-the-art

and reveal challenges that still need to be overcome. This chapter is organized by introducing

the basics of sensing of neural activity in Section 2.1 followed by a discussion on technology

impact in Section 2.2. Finally we summarize what current systems look like today with respect

to their capacity for decoding brain function in Section2.3.

2.1 Electrical Sensing of Neural Activity

The basis for interacting with neural activity electronically is derived from charged carrier

exchange that couples electronic devices to the intracellular or extracellular potentials found in

neural tissue and its fluids. Neurons found in the human brain signal information throughout

the body by releasing various types of neurotransmitters at synaptic connections. Because

the release of these chemical species is mediated by triggers from the localized membrane

10
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Figure 2.1: Instrumentation for probing neural electro-physiology intra cellularly (above) and
extracellularly (below).

potential. A neuron’s chemical activity can be inferred sensing voltage fluctuations at the

cell membrane. Individual neurons will exhibit a variety of dynamics across the their cell

membrane, the most prominent of which is the spiking response due to an excitatory threshold

crossing in it membrane potential. These dynamics also include membrane oscillations and

sub-threshold responses which can be detected but are substantially less energetic. However

all of these phenomena derive from the interaction of gated ion-channels in these excitable

membranes that enable the transmission of neural activity across the body of the neuron [15].

The specificity of this behaviour arise from specific neural characteristics that play a vital role

in brain structure. For instance pyramidal neurons found in the hippocampus with slow-firing

characteristics gain high place specificity with increased plasticity while fast-firing neurons have

low selectivity but hypothetically promote neural network stability [16]. Plasticity refers to how

easily a neuron changes it synaptic weights to increase sensitivity to trigger a response from

the incident action potential of specific neuron. Evaluating factors relating to response latency,

tuning and extracellular waveforms of individual neurons allows us to study their role in the

network passively or in response to external stimulus.

The small signals generated by migration of ionic species is historically studied using the patch

clamp method where an amplifier directly senses intracellular potential by means of a pipette

sealed to the cell’s membrane [17]. This is illustrated in Figure 2.1. In addition we could perform

extra cellular recording where an electrode is placed in close proximity to the cell. A critical

difference separating these two measurements is that extracellular recording is significantly
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(a) Physiological representation of how ion migra-
tion across the membrane induces signals at the
electrode interface.

(b) Electronic equivalent model for representing the
transmission of cell membrane conduction dynam-
ics.

Figure 2.2: Representation of measuring neural activity with extracellular recording due to
ion displacement.

effected by the electrostatics of surrounding tissue. In particular intermediate neurons, genial

cells, or astrocytes due to tissue scarring will attenuate the signal making it more difficult to

detect activity. The defining advantage on the other hand is that embedding a shank with

multiple electrodes will record the activity of numerous neurons without needing a clamping or

sealing procedure. This allows close inspection of localized neural circuits and their interaction

instead of the intricacies of single cell mechanisms. Either method however will allow the use of

ion or protein sensitive electrode membranes for precise analysis of cellular fluid constituents.

Figure 2.2 illustrates the physiological and circuit equivalent understanding of how conduction

dynamics at the membrane are coupled to an extracellular electrode. This coupling defined

as VMEM/VOUT is related to what signals appear on the voltage output of the amplifier from

which we want to infer how ionic species are being modulated at the cell membrane. That

is we want to detect the time dependent or reactive variations in ionic membrane conduction

gNa− and gK+ which will be loaded by various components before appearing at the input of

the amplifier. This is particularly important when considering electrode composition in order

to couple to the input of the amplifier. One such consideration would be avoiding faradaic

charge injection from the electrode that may result in the disassociation of molecules that form

harmful by-products [18]. The physiological representation of spiking activity gives the idea

that upon membrane stimulus the activation of sodium channels displaces charge inwards. This
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Figure 2.3: Typical coupling sensitivities with respect to different instrumentation parameters
illustrated as membrane oscillations (blue), postsynaptic potentials (grey), action potentials
(red) from [20].

induces a localized recess in charge near the electrode before the potassium channels activate

to initiate the repolarization of the cell. The effect of any intermediate tissue can be modelled

by lossy coupling represented by the impedance Re, Rcell, and Ccell. Similarly the electrode

response can be modelled using Randeles circuit by extracting the equivalent parameters Rct

and ZCPE [19].

In this respect we observe that the response observed at the amplifier is both dependent with

respect to frequency and stay loading from biological or electronic elements in the signal path.

Particularly the high frequency content or spiking activity is inhibited from coupling effectively

through the tissue due to shunt resistance and stray capacitive loading. This also highlights that

because the impedance of the electrode is proportional to its surface area when we reduce its

size we must make sure to proportionally reduce the parasitic loading from the instrumentation

in terms of Cpar and Rpar.

These relations are well understood and summarized in Figure 2.3 following a review on multi-

electrode array technologies in [20]. The nature of this analysis similarly extends towards

larger scale recordings like electrocorticography and electroencephalography where we increas-

ingly subject the signals to a larger tissue barrier which limits propagation of electrostatic dipole

effects. It also clarifies why low-frequencies tend to be more a prominent basis for analysis in

the case of less invasive methods because they are less effected by the attenuation effects. In
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Figure 2.4: Exponential growth in research driven technologies.

contrast consider the advantage related to high spacial resolution at higher frequency bands as

the measurement of single unit activity is isolated from distant sources by means of this atten-

uation. This will infer that recordings associated with analysing action potential activity are

more invasive but will lead to better confidence in observing specific functional and temporally

precise diagnosis of brain structures.

2.2 A Technology Perspective

The prolific impact developments in the microelectronics industry is compelling enough that

its prediction, Moore’s law, has come to represent an established achievement for integrated

electronics [21]. The perpetual reduction in cost and sustained performance enhancement has

become a strong driving force that many technologies exhibit similar growth characteristics in

exponential progress simply by association with CMOS integrated circuits. While it could be

considered a self-fulfilling prophesy, the expectation of progress has had a profound impact on

science and engineering where research can be directed at objectives five to ten years ahead

of contemporary technology to address emerging challenges. As a result leading research is

not only associated with advancing our current understanding but also finding new ways to

augment the methods used to validate these studies.



2.2. A Technology Perspective 15

In 2015 Moore’s Law celebrated its 50th year and in Figure 2.4 we look back at its uncanny accu-

racy. While not evident, CMOS as a technology has had to address numerous hurdles like gate

leakage, thermal limits of packaging, and the break down of mesoscopic carrier transport. The

exponential growth in computational capacity per Watt in particular has played a mayor role

in enabling mobile devices that are seeing new opportunities in point of care medical systems.

Cost reduction is most certainly not the only factor that is driving the translation of CMOS to

enhance a technology like patch clamp electrophysiology. The application of miniaturized elec-

tronics to a field like neuroscience introduces a considerable amount of added-value as ‘Moore

than Moore’ scaling benefits beside digital processing power. These include increased sensor

sensitivity, material diversification, sensor in package integration, or specific manipulation of

quantum effects. The characteristic growth in the number of simultaneously recorded neurons

in Figure 2.4 is a exemplary indicator how Moore’s law is accelerating development in neuro-

science. Upon the introduction of using microfabrication techniques to create electrode arrays

on glass in 1972 [24] there has been a rapid growth in the number of simultaneously recorded

neurons used in experiments. This growth accelerated again in the late 1990s when silicon

based micro-fabrication techniques for micro-machined probes that established unprecedented

capabilities. This trend can be interpreted to reflect that current systems are still unable to

over come the complexity of how information in encoded within neural activity such that these

application seek to acquire more recordings and measures. Nevertheless a substantial progress

has been made over the past decade where only recently we have started to see successful

real-time prosthetic control with a few degrees of freedom [25].

Figure 2.5 outlines the external drivers for innovation and more effective neural interface sys-

tems. As shown there is a engineering domain that primarily revolves around technology

translation and pushing the capabilities of current integrated systems. The research driven

factors from a bio-medical standpoint come from developing better models of the human body

and finding new ways to interact with electronics or interpret signals. A large part of bio-

medical research effort for interfaces is in order to explore basic science where we take the brain

initiative [26] or the human brain project [27] as example. The nature of this research allows

us to envision more effective ways to perform chronic treatment of neurological disorders and
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Figure 2.5: Primary factors influencing development of neural interfaces.

improving diagnostics by interfacing electronics with the human nervous system in the form of

electroceuticals [28] or optogenetics [29]. While there remain many questions in regard to what

the most effective means is to interact with the nervous system there are very clear short term

goals associated with limb replacement and real time prosthetic control [30]. Although our

focus here is with regard to the fundamental challenges associated with electronic sensors and

instrumentation of neurons it is important to acknowledge their role in facilitating of high level

objectives associated with these efforts. The impact technology has on sensors systems in par-

ticular can be derived from three factors; CMOS-Scaling, specialized processing architectures,

and More-Moore System integration. The most obvious is that of the CMOS-Scaling which

primarily correlates digital performance with the decrease in technology feature size. Because

power dissipation is directly related to the switching losses used for clocking operations in digi-

tal systems. Reducing the physical size of devices implies a reduction in transistor capacitance

Cgate. This well known relation for power dissipation; Power = NtranCgate V
2
DD fc/2 tells us

for given supply voltage VDD and clock frequency fc, the complexity of our digital system will

infer how many transistors Ntran are used or equivalently how much capacitance is switched. In

fact we can accurately anticipate to what extent different CMOS parameters will change under
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Table 2.1: Process parameter scaling based on different modalities with respect to the technol-
ogy feature factor α from [31].

Description Parameter Constant
Field

Maximum
Speed

Multi
Core

Adiabatic
Scaling

Gate Length Lgate 1/α 1/α 1/α 1
Wire Geometry W,Lwire 1/α 1/α 1/α α2

Supply Voltage VDD 1/α 1 1 1
Gate Capacitance Cgate 1/α α 1/α 1
Clock frequency fc α α 1 1/α
Transistors per Core Ntran/core α2 α 1 1
Core Density Ncore/A 1 1 1/α α
Power Density Power/A 1 α 1 1
Digital Throughput fcNtranNcore α3 α α α

different scaling laws as technology progresses to finer transistor sizes [31].

The nature of the scaling laws in Table 2.1 reflect the different limitations for processing capacity

in terms of α using different scaling modalities. Constant field scaling has been the predominant

drive for improved performance that extends from the 1970s. Until the late 1990s where the

threshold in particular was preventing VDD to be scaled proportionally due to off-leakage in the

deep sub-micron domain. This implied a combination of constant field and maximum frequency

scaling was employed to increase processing throughput. While average power densities of

integrated chips increased it became more evident other solutions were needed. This led to

the commercialization of multi-core scaling in the mid 2000s that physically distributed the

performance across a multitude of integrated circuits. This was known to be limited Amdahl’s

law [32] where the bottleneck transforming software to become highly parallel in execution.

Anticipating this inevitable bottle neck the current direction for performance enhancement is

looking for other scaling modalities that exploit the availability very large number of specialized

transistors structures. Adiabatic operation for charge recovery has in fact been studied as a

power reduction technique for over a decade [33]. This is currently being proposed in association

with the processor in memory solution to address some of the data intensive problems [34].

UAdiabetic =
C V 2

DD

2
· τRC
ts

(2.1)
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It is interesting to note the fundamental concept behind this motivation as detailed in [31] in

attempt to explore new mechanisms that reduce energy dissipation in switching systems. We

can derive Equation 2.1 when we consider the power dissipation of a digital switching circuit

UAdiabetic when instead of a fixed supply voltage we have a fixed supply current. We observe that

if the charging phase ts is much larger than the circuit’s time constant τRC the dissipated energy

is reduced and charge is recycled with other logic blocks. Moreover if this is configured with

a resonant inductor L for energy recovery we fundamentally expect significant improvements

over conventional CMOS in power dissipation based on fundamental principles in nano-meter

CMOS [35]. This has conceptually already been applied to neural stimulation circuits [36] as

wireless sensors are typically powered by a resonant power source this technique’s prevalence

is expected to be more frequent.

While the fundamentals of devices and processing architectures continue to evolve, where do

we find analogue sensors in this changing context? Because the disparate nature of analogue

sensing is continuous in operation the improvement in switching characteristics of the transistors

will not be reflected. Fortunately the concept of semiconductor based instrumentation is well

abstracted to the extent that we can predict the performance of analogue sensors with equivalent

accuracy as that of digital circuits. In particular it turns out that many process parameters do

not significantly affect the power dissipation of analogue sensors which we aim to aggressively

minimize [37].

Power ∝ kT · SNR ·BW · 1

VDD

Γ

gm/ID
(2.2)

Equation 2.2 embodies the main dependencies with respect to power dissipation for sensing

signals electronically with a certain bandwidth BW and uses constants kT and q to repre-

sent the Boltzmann energy and the electron charge respectively. Here gm/ID and Γ represent

transistor efficiency in terms of its transconductance per ampere and noise excess factors re-

spectively. With respect to the different technology scaling we can see two elements that will

change as process parameters change. That is the voltage supply which scales somewhat in-

versely to that of digital dependency and the transconductance efficiency. This efficiency factor
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(a) Illustration of transistor gain dependency
on technology and gate overdrive voltage.

(b) Illustration of transistor linearity on tech-
nology and gate overdrive voltage.

Figure 2.6: Typical transistor quality degradation due to technology miniaturization from [37].

generally is equivalent the the transistor sub-threshold slope in the low-power domain which

ideally approaches a theoretical value of ln(10) kT/q independent of technology. This factor

is as important to analogue as it is to digital operation so we expect a constancy in good

transconductance efficiency for most CMOS technologies. The supply scaling however directly

deters all-analogue sensor systems from migrating to more advanced processes because it may

imply increased power dissipation if we naively attempt to use the same topology.

In addition to an increased power budget it is typical to see trends similar to those illustrated in

Figure 2.6. This shows that using more advanced technologies may result in the minimum size

transistor to behave less like an ideal transconductance element than its previous generation.

This manifests itself by reducing amplifier gain or distorting filter linearity that prevent linear

amplification of small signals. Ideally we want predictable relations between the small gate

voltage variation and drain current of a device but this is becoming more difficult to achieve due

to the dependency on the drain potential and short channel scattering effects. In addition these

scaling laws will also imply variability in impurity doping concentrations have a proportionality

to the scaling factor α. In fact we can estimate its effect on threshold voltage variance σV th

using the process parameters tox, NA, tox, and LeffWeff which represent the transistor’s gate

oxide thickness, channel doping concentration, and effective channel area resprectively [38].

σV th ≈ 3.19× 10−8

(
toxN

0.4
A√

LeffWeff

)
∝ α0.4 − α1.4 (2.3)
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Most terms in Equation 2.3 will correlate to some extent between similar analogue transistors

due to the fact when that they are placed close to one another and will experience similar

statistical distribution in their parameters. It is not possible to prevent the over all variance for

degenerating as the sensitivity literally approaches discretization at quantum levels. This has

lead to the prevalence of digital calibration and pre-distortion techniques to counteract these

shortcomings and still take advantage of increased bandwidth of analogue circuits. In addition

this trend also explains the recurrence of mixed signal systems in modern sensor systems where

the availability of immediate signal processing can effortlessly be taken advantage of. Dealing

with transistor imperfections for circuits is one of the biggest effort in current analogue circuit

design theory [39].

This brings us to the importance algorithms and machine learning for sensor systems in par-

ticular. It is becoming more common that modern systems have an abundance of data and

processing capacity at its disposal. This has generally lead to ‘smart’ sensors that can extract

an adaptive set of indicators or refine signal structure at the source instead of using supervision

to fine tune any changing characteristics for each sensor exhaustively. For BMIs in particular

the input data has unknown mixtures of information that we can only generally assume as

relevant by probing the right sections of brain structure in the area of implantation. Dealing

with this decoding problem can be quite demanding in the context of recording from large

ensembles of neurons. If we inevitably want to achieve a mobile solution for brain controlled

prosthetics it would be imperative to develop specialized hardware and processing topologies

that can achieve efficient computation on a implantable platform [40].

The classes of methods being applied to neural sensors are very rich where some focus on

extracting various characteristics in recordings while others focus on reinforcement learning

associated with subjects adapting to a prosthetic [45]. Figure 2.7 depicts the typical structure

for methods used in neural signal decoding with references and annotated automation. We note

that at least in the literature there is a general trend to wards full automated feature mapping

and representation discovery because a priori understanding on signal encoding is not needed at

the cost of being less resource efficient. This is a highly diversifying field because there are many

challenges that remain to be addressed effectively such as the effect if long term behavioural
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Figure 2.7: Different classes of processing modalities with respect to topology where supervised
processes are in white and adaptive processes are in grey.

dynamics on cognitive state variables [46]. Even assuming spike rate based cortical recordings

are used it is difficult to assert to which decoding method these systems will converge to in the

long term. More typically novel methods approach improving performance by contributing to

the framework of signal analysis. Typically this is not done in conjunction with the hardware

or computational requirements which has led to some disparity with respect to methods that

are feasible for integration and those that are not. Fortunately we can also find many promising

hardware realizations that do allow the acceleration or an increase efficiency for these decoding

methods. Although the more progressive deep learning methods still struggle with finding

compact configurations [47] initial results appear promising with respect to power efficiency [48]

due to digital scaling. However this is a common trend among integrated classifiers where power

dissipation is on the order of several microwatt but due to complexity such a system requires

several mm2 of silicon area for operating on tens of channels [49] [50].

While these methods represent a corner stone for BMIs, it can be argued that carefully ac-

counting for the spacial distribution of neural activity within brain tissue plays a much more

significant role towards information extraction than the intricacy of the decoding method. In

fact over the past decade, while we have been able to record from many more neurons and use

more advanced processing, the rate of information extracted from neural recording has only

marginally doubled to 2 bits per second [51]. In fact this paper argues that if adjustment of

electrode positioning is allowed these rates can be fine tuned to achieve much better informa-

tion rates experimentally. This is still a significant improvement over non-invasive recording
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Figure 2.8: Extracted correlation in local field potentials for different frequency bands in the
human superior temporal gyrus.

that is generally limited to less than 0.5 bits per second. A main consideration is illustrated in

Figure 2.8 where low frequency neural activity are spatially correlated due to the propagation

of local field activity [52]. Implantable devices need careful consideration towards electrode

distribution to prevent high correlation in recorded data. These physiological parameters are

highly varied in different sections of the brain and the motor cortex in particular exhibits high

single unit correlations that impedes effective recording [53]. As such electrode distribution

across the cortex of the brain is revealing to be critical aspect to implantation and approaching

a more spatially distributed system design.

With that in mind we can interpret the current trend for monolithic integration of active elec-

tronics and neural electrodes. Fundamentally we know that in order to enhance the basic tasks

seen in BMI experiments, a significantly larger number of neurons may be needed for recording.

This is both from a reliability point of view as neurons will ‘drop out’ as tissue ages and infer-

ring more degrees of freedom requires even better signal integrity. Moreover we are not definite

in our current understanding of information encoding in relation to the anatomy of the brain.

However scaling the current paradigm for neural recording platform will not allow implantation

of micro-wires with external recording for very high channel counts. Both in terms of surgical

feasibility and chronic stability of the system. The use of silicon probes with integrated CMOS

devices have demonstrated superior viability for chronic implants with high density electrodes,
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(a) Shank structure for wafer-level fabrication that enable
numerous post-processing procedures such as platinum or
iridium deposition.

(b) Close-up of the protruding iridium ox-
ide electrodes and integrated electronics
below.

Figure 2.9: Chip micrograph of high density active probes fabricated with a 0.6µm CMOS
process from [56].

flexible structures, drug delivery [54], and hermetically sealed micro-packaging [55]. In extension

these devices are significantly more scalable due to wireless capability and on-chip compression

or data analysis which can be attributed to translating advancements in system integration. In

particular the fine control over micro-fabrication structural or chemical composition is enabling

chronic stability with less abrasive lesion when inserted into neural tissue.

Figure 2.9 shows the structure of current active probe technology where circuits can be inte-

grated underneath the distributed array of contacts that are exposed to the tissue [56]. Such a

shank is capable of monitoring activity from multiple cortical layers of the brain simultaneously

corresponding to various structural and functional neurons that exhibit different dynamics at

each layer. In fact it typical to see electrode structures use very dense configurations such

that we can be selective with regard to which neurons are decoded though electrode proximity.

Currently the head stage extruding from the shank is of considerable size due to the contacts

to external circuitry and possibly analogue to digital converters. Ideally this can be mini-

mized by redesigning the instrumentation and allowing for only a few contacts that connect

to a inductive link. It is important to point out that freely moving cortical probes with a

reduced footprint appears to be the most significant factor for preventing haemorrhaging and

the formation of scar tissue that impedes chronic utility of such a device [18]. We can attribute

significant improvements in chronic electrode behaviour with functional probes that leverage

chemical agents in combination with micro-meter size incisions to reduce tissue damage [57].
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Figure 2.10: Neuronal recording yield over time measured from multiple cortical implants that
use high density micro-wire arrays of which trails M, N, C, K and O where movable arrays
from [58].

To a certain extent it is beneficial to have active recording electronics to be on the same order of

scale as electrode structures. Such that electrodes can form in relatively arbitrary configuration

from a fabrication standpoint and our data processing capacity would scale proportional to the

number of recording sites in the system.

As illustrated in Figure 2.10 many of the earlier penetrating electrode structures can experience

detrimental loss of recording capacity in chronic settings. The integrity of electrodes over the

course of several years is scrutinized by a number of practicalities during and after implantation.

Researchers have found effective methods to recover most of the recording activity by adjusting

the electrode shank by a few micrometers or introducing neural growth factors after the primary

inflammatory response from invasive surgery has passed [58]. In fact this remains a major

challenge for integrated modules because once these are implanted we lose substantial access

to manipulate these devices. Many of these techniques must be mediated by accompanied

micro-mechanical structures that coordinate with the electronic system. This aspect represents

the leading edge of biomedical device integration where chronic solutions still struggle with

attempting to achieve a multitude of capabilities beside simply recording activity.

While it is easy to identify the demand for miniaturized packaging with electronic, mechanical

and chemical sub-systems that are hermetically sealed for long term stability. The fabrica-

tion methods play a major role in enabling wafer-level or scalable fabrication techniques that

are a crucial requirement for cost-effective commercialization. Silicon MEMS allow well estab-

lished techniques to be applied to fabricating medical devices [59] but also exhibit drawbacks in
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long term bio-compatibility associated material composition and structural stiffness. Emerging

techniques in 3D-printing [60] or distributed mesh structures [61] may address these challenges

but have yet to be evaluated with respect to long-term stability to the same extent that we

understand the failure modes in silicon MEMS structures.

2.3 Integrated Recording Systems

Here we shall discuss the novelties presented recent publications to review some of the typical

system level design considerations. These works present state-of-the-art specifically in the

context of fully integrated systems. This implies that the design considers a multitude of

functionalities simultaneously to enable isolated operation for implantation.

2.3.1 Power Density Target for High Channel Count Recording

The trend towards increased recording capacity emphasises the importance for careful sensor

design that maintains adequate thermal dissipation. Particularly when current systems exten-

sively perform processing on chip. It remains to be the case that electrode configurations like

the Utah array [62] are distributed over a volume of cortex while sensing take place on a two

dimensional array of instrumentation circuits. Clearly fabrication technologies could provide

3D integration of sensor circuits. However this may actually exhibit worse thermal capacity

than 2D integration due to reduced surface area per recording unit. The key requirement is

then that integrated devices should realize very high 2D density in order to probe the different

layers & columns of cortical tissue.

In order to reveal the challenge of managing thermal capacity experienced by state of the art

recording systems we have surveyed a number of sensor systems published over the past 5 years.

This is summarized in Figure 2.11 which illustrates how well high density recording is achieved
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Figure 2.11: System power density with respect to sensing area for state of the art recording
systems.

with respect to the thermal budget of 80mW/cm2 [66]. In particular the system power density

is considered with respect to the sensor density. The power density is evaluated in terms of the

total system power dissipation and the fabricated silicon die size which typically dissipates its

heat into the surrounding tissue. On the other hand the sensor size is taken with respect to

the size of integrated electrode pitch or the size of the corresponding instrumentation circuits

in order to emulate the achievable electrode pitch.

Probably the most interesting aspect of this depiction is the constraint imposed by the thermal

noise limit. This results from the minimum current dissipation from each sensing circuit in order

to achieve 5µVrms input referred noise given a 5 kHz bandwidth. A strict amount of power needs

to be dissipated irrespective of the instrumentation size resulting in a power density inversely

proportional to sensor area. The closer a system is to this limit the better the NEF it will

exhibit. Unless the supply voltage, noise requirement, or bandwidth is readjusted the system

power density cannot fall below this limit. As a consequence, managing the thermal budget

is an imperative design consideration for future systems that target extreme miniaturization.
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This is usually required in order to minimize device impact on biological tissues. For such a

scenario, reducing the acquisition bandwidth may become a predominant reason for using LFP

recordings over spiking activity. This could be the only way to allow several thousand channels

to be integrated onto a sub-millimetre size CMOS device without thermal concerns.

The flicker noise sources for active readout transistors also plays an important role that can

impair such achievements. If we assume transistors are equal in size to that of the sensing

area then it should be expected that below a certain size the flicker components inhibit signal

detection. Conventional readout topologies can not achieve very high densities due to flicker

noise if chopping or electrode multiplexing techniques are not utilized. However such structures

guarantee DC blocking behaviour which is desirable for safety regulations. It is well known that

chopper instrumentation can achieve substantially smaller configurations but degrades instru-

mentation input impedance [67]. The system in [68] shows how the use of chopping can achieve

50µm electrode pitch for exceptional spacial resolution with 768 active recording channels.

This particular configuration performs quantization at the sensor interface using a ramp ADC

and a open loop amplifying structure to minimize the number of analogue components in the

system. A similar structure is employed in [69] with the addition of digital feedback in order to

introduce high-pass filtering behaviour. This key modification allows robust in-vivo recording

that is not impaired by electrode drift or large fluctuation in local field potentials that are

typically not present en-vitro.

Another means to accommodate higher sensing densities is achieved by actively multiplexing the

electrode array and only selecting the most informative electrode locations for the decoding task.

This allows the work in [70] to interface over 26 k electrodes while simultaneously recording from

1024 units for the en-vitro study of cell cultures. By embedding SRAM memory cells within the

electrode switch matrix this system presents a highly versatile MEA platform that can perform

extensive signal conditioning. The main challenge is that the system complexity results in a

76mm2 die size which is difficult to translate towards an implantable solution. For this reason

the work in [65] focuses explicitly using a silicon probe as substrate to allow 52 simultaneous

recording channels from 455 electrodes. This approach seems to be one of the most promising

for future BMI systems as the electrodes can be fabricated together with the electronics using
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Table 2.2: Performance specifications for integrated neural instrumentation systems found in
the literature. † integrated power management, ? integrated silicon probe, 4 commercialized
system, � integrated stimulator, ◦ integrated chemical readout.

Reference Intan
[74]

Yoon
[75]

Je [76] Gielen
[65]

Rabaey
[64]

Chan
[63]

Year 2012 2012 2013 2014 2015 2016
Technology [nm] - 250 180 180 65 180
Supply [V] 3.3 0.9 0.45 1.8 1 1.8
Power [µW] 830 3.96 0.96 27.8 3.6 9.1
Channels 64 16 100 455 64 200
Area [mm2] 0.47 1.56 0.25 0.19 0.075 0.067
Bandwidth [Hz] 10k 11k 10k 6k 8k 10k
Highpass [Hz] 0.1-1k 0.1-1.2k 0.25 1-500 10-1k 0.1
Noise [µVrms] 2.4 4.8 3.8 3.2 7.5 4.07
Note 4 ? † ? † � ◦

well established microfabrication [71].

In addition to these high density recording systems a number of promising circuit techniques

have been proposed that may allow considerable improvements in performance. For instance the

application of bulk switching in [72] is capable of reducing flicker noise without sacrificing the

DC blocking characteristics. On the other hand [73] suggests removing the capacitive coupling

structure altogether by extensively utilizing digital feedback which could achieve very high

recording densities if electrode multiplexing is also incorporated. Overall this trend towards

higher recording densities is expected to remain a sustained effort where both fabrication and

circuit techniques will play a key role for miniaturization.

Here we highlight the digital electro physiology interface chips provided by Intan technologies

as one of the few commercialized integrated instrumentation systems [74]. These chips are the

base line for numerous other advanced neural sensors. The mixed signal architecture it self

can still be identified in newer systems. The on-chip configuration is relatively straightforward

where there are 16-64 channels with differential inputs that are amplified and filtered by 3rd

order low-pass filter. In addition to a combination of 1st order analogue and 1st order digital

high-pass filter are used to reject low-frequency content. The digital back-end directly clocks the

data converter as slave to sample the various channels. The key component to these systems is
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(a) Fabricated device in 180 nm
CMOS.

(b) Integrated system architecture.

Figure 2.12: Proposed neural recording system from [76] showing the fabricated and system
level implementation.

the robust simplicity and guided application that has accelerated the research for many groups.

The multi channel device in [75] is some of the earlier work that focuses explicitly on the

miniaturization of analogue recording. This work was later improved upon in [76] where a

dual sample and hold structure was proposed to mitigate the class-A power-bandwidth trade

off associated with the buffer driving the ADC by using two separate capacitor arrays. This

system can be seen in Figure 2.12. More importantly this system introduced on-chip power

management to that would allow a telemetry module to power the implant. There is also

an attempt here for using the dynamic range at different supply voltages more effectively to

marginally reduce the system power budget. By using a charge pump to drive the supply

on stages that have a large output swing the low voltage component have reduced power

requirement.

The authors of [65] introduce the conceptual hurdles and advantages of using a fully integrated

active probe that is fabricated by post processing standard CMOS wafers. This system can be

seen in Figure 2.13. Here the active electrodes are demonstrated to deal with the cross-coupling

of high density electrode configuration and enabling a significant amount of multiplexing for

electrode selection. Because we see the use of analogue voltage transmission across the chip the

discussion addresses a number of limitations due to the limited drive capability of the active

electrode structure. We may be quick to suggest alternative structures that does not suffer

from such complications but it is difficult to avoid open-loop behaviour will not allow good
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(a) Fabricated device in 180 nm CMOS. (b) Integrated system architecture.

Figure 2.13: Proposed neural recording system from [65] showing the fabricated and system
level implementation.

linearity or matching drawbacks.

The work in [77] exemplifies an alternative to closed loop amplifier structures by performing

direct quantization. This system can be seen in Figure 2.14. Similar to oversampling data

converters this approach resolves a number of issues like the limited linearity of analogue blocks

or variance in their characteristics. However these complications can now be seen in the feedback

structure where the digital to analogue conversion requires fine linearity calibration in the

feedback and most of the digital processing has a considerable dynamic range. This approach

does well to leverage deep sub-micron CMOS.

The system presented in [64] by the same authors as is exceptional because it demonstrated

a fully integrated system on chip solution that can perform closed loop stimulation while pro-

cessing neural activity. This system can be seen in Figure 2.15. Moreover the system integrates

power regulation that adaptively scales the stimulator supply in order to maximize the effi-

ciency of current stimulation. The embedded digital processing is capable of extracting spikes

that are detected by a non-linear energy operator and evaluate long term firing rates as a form

of data compression. Moreover the 65 nm CMOS technology allows this system to achieve a

respectable power budget while performing extensive digital processing.
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(a) Fabricated device in 65 nm CMOS. (b) Integrated system architecture.

Figure 2.14: Proposed neural recording system from [77] showing the fabricated and system
level implementation.

(a) Fabricated device in 65 nm
CMOS.

(b) Integrated system architecture.

Figure 2.15: Proposed neural recording system from [64] showing the fabricated and system
level implementation.
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(a) Fabricated device in 180 nm CMOS. (b) Integrated system architecture.

Figure 2.16: Proposed neural recording system from [63] showing the fabricated and system
level implementation.

The acquisition platform in [63] merges the capability to perform electrical and chemical sensing

of biological cultures. This system can be seen in Figure 2.16. The discussion on the different

sensing modes motivates discreet-time biasing of the current feedback. This is followed by

careful transistor sizing accordance to the detailed noise analysis that attempts to maximize

the power efficiency. This work also reviews a number of other works with respect to their

performance and draws our attention towards the difficulty of achieving good linearity and

input impedance.

Generally we find that systems published in the recent literature are pressed to achieve good

power efficiency in the analogue and digital domain because this component are well understood

as a critical factor. The focus for innovation is typically the introduction integrating more

axillary circuits that improve the viability for wireless implantation and wafer-level fabrication

with electrodes. We do find that typically the compactness is not viewed as stringent because it

is presumed to be largely technology dependent. Moreover integrated processing methods are

strictly evaluated with respect to their algorithmic complexity and not the memory requirements

which are equally scarce resources.

The fully integrated realization of neuromodulation ICs has been an outstanding endeavour for

a number of research efforts that is rapidly becoming more successful. As demonstrated by
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Medtronic’s pioneering work [78] that is one of the few to realize neuromodulation devices with

FDA approval. Similar closed loop systems extensively use LFP signals for seizure prevention

have been particularly successful at realizing integrated solutions. For instance the system

in [79] uses extensive segregation of different LFP frequency bands from 0.5 to 30 Hz as features

which allows a support vector machine in the digital baseband to to perform classification on

EEG activity. While this is not quite as invasive a solution as the Medtronic device this work

illustrates that the processing architecture plays a key role in on-chip resource requirements.

Generally the level of invasiveness will reflect in the system’s latency to detect events in neural

activity while exhibiting more challenging instrumentation requirements for EEG systems when

compared to ECoG or intracortical recordings. In fact the newer implementation in [80] uses

a non-linear basis SVM engine to improve its hardware efficiency resulting in an accuracy

improvement from 84% to 95%.

To some extent the integrated form factor allows these SOCs to deliver substantially increased

sensing & stimulation capabilities when compared to benchtop alternatives. In fact the overall

experimental complexity is considerably less and environmental noise sources are less likely to

perturb an integrated system. For instance the system in [81] uses 64 recording and stimulation

channels for cortically implanted electrode arrays to deliver electrical stimulation therapy based

on closed loop control. This type of active neuromodulation can improve clinical efficacy in

freely moving rats. Earlier results [82] indicated that such an approach can reduce epileptic

seizures by 90% in addition to improving chronic viability owning to a reduced implant size

and wireless capability. This particular system uses phase synchrony in specific LFP frequency

bands to trigger current mode stimulation with minimal feedback latency. A similar wireless

system in [83] also uses LFP energies to deliver stimulation but proposes to take advantage of

log-based signal encoding in neural activity to improve energy efficiency. This is just one of many

examples where the physiology of neural activity can be used to allow more effective processing

methods. The target application here is using deep brain stimulation to treat essential tremor

and Parkinson’s disease using a programmable PI controller.

An isolated number of works have used neural spiking activity to realize closed loop stimulation

control of neural activity on SOC platforms. This is possibly due to the large stimulation arte-
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facts that can disturb the instrumentation front end but also because most target applications

are directed at external motor control. The system in [84] suggests adiabatic charge-recycling

may potentially realize better efficiencies. However the recorded spike rates are not directly

used to adjust the stimulation pattern without off-chip intervention. On that note the system

in [85] utilizes the spiking rates from classified neurons to infer bladder volume and thereby

provide a well informed condition for stimulation. This should indicate that peripheral nerve

control is more adequate for this class of devices simply due to the lack of information in local

field fluctuations. Instead chemical measures or the associated nerve activity is used for closed

loop control.

2.3.2 Emerging Technologies

It is becoming apparent that increasing the capacity current BMIs requires us to find more effi-

cient means to perform signal extraction as well as finding more effective interfacing strategies.

For this reason we will highlight a few of the promising technologies that will hopefully make

substantially more effective systems in the future.

Advanced CMOS Technologies

A number of recent BMI publications show a growing interest for using advanced CMOS tech-

nologies in order to accommodate more digital processing capabilities on chip. This is partic-

ularly relevant for closed loop neuromodulation that needs more sophisticated diagnostics to

perform therapeutic feedback. To some extent the high channel count recording systems also

necessitate extensive processing for various types of signal compression. As a result there are a

number of opportunities associated with using nano metre CMOS processes. For example the

0.25 V neural processor in [86] is able to perform feature extraction on quantized recordings

with exceptional power efficiency in part due to the 65 nm technology. Combining this with

existing sensor interfaces that operate at very low supply voltages [87] [88] may result in an

order of magnitude improvement in power dissipation when compared to previously proposed

systems.
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It is important to point out that there are other challenges that prevent conventional instru-

mentation structures to deliver precise sensing at these technology nodes. Particularly when

attempting to achieve a compact configuration with good linearity at these reduced supply

voltages [89]. It should not be surprising that the use of oscillators have been particularly suc-

cessful to leverage the digital design style [90]. Our group recently demonstrated that oscillator

based structures, while high digital in nature, can allow exceptional performance for filtering

time domain signals [91]. In fact the concept of encoding signals in the time domain has been

proposed in a number of recent works [92] [93] [94]. This is motivated by asynchronous process-

ing capabilities for sparse neural activity that could drastically reduce power dissipation [95].

However this is still an ongoing effort where the current realizations show exceptional dynamic

range but have not yet been able to demonstrate the same noise efficiency conventional meth-

ods. This is partly because such benefits can only be realized when both instrumentation and

signal processing is performed using the time domain signal modality. Some further argument

can be made that the reduced parasitics and smaller geometries from this trend make chopper

circuits substantially more viable. This is because the input capacitance can be reduced if

the closed loop gain is maintained relatively large. Such a reduction should translate towards

boosting the sensor’s input impedance to hundreds of mega ohm. Again this works in favour

of VCO topologies because they inherently exhibit excessive open-loop gain.

Chemical Sensing

In addition to the electrical activity that can be recorded from neural populations, chemical

markers such as dopamine concentrations can play a key role in utilizing neurochemistry to

refine the diagnostic fidelity of BMIs. The neurochemostat is a recent innovation that allows

a means to perform closed-loop regulation of endogenous neurotransmitters [96]. Because a

number of neuropathologies relate explicitly to deficiencies in specific neurotransmitters this

development can enable new therapeutic strategies that probe different pathways using rich

neurochemistry. While chemical sensors face other challenges associated to the electrode com-

position & interface that can can degrade sensitivity in chronic settings [97]. However there are

a number of promising means to prevent such degradation such as anti-fouling coatings [98].
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Moreover a number of existing sensor platforms already allow simultaneous sensing of elec-

trical and chemical activity with hundreds of different channels to study neurodegenerative

diseases [99].

Optical Sensing

The use of optics in implantable sensors is possibly one of the newer themes in brain machine

interfaces as a result of the enabling success in optogenetics. Such sensors may provide es-

sential clinical tools to precisely guide neurosurgery as well as new high resolution imaging

tools for brain structures [100]. That said there are also efforts to perform label-free imaging

sensors that use the polarization of reflected light which does not require optogenetic trans-

fection [101]. While there is a great amount of functional flexibility, implantable optics face

a demanding challenge in relation to developing compact devices. This is exemplified by the

implantable prototype in [102] which uses a coupled fibre to deliver optical stimulation from

a battery powered system. This is primarily an outstanding challenge for recording activity

from large volumes [103] that has the potential to be integrated along side more conventional

recording circuits [68].

2.4 Summary

In hindsight to the trends in BMI innovation there is an definite expectation with regard to

seeing more integrated probes with better processing capacity. Particularly because active

probe integration solves many problems associated with electrode configuration and scalable

data processing that is not limited by communication links. In some cases like closed loop

stimulation it may even be necessary in order to avoid inconsistent signal latency which neu-

ral plasticity is highly sensitive to [104]. Moreover there are not many clear answers towards

optimizing area and power of analogue instrumentation. Particularly when dealing with noise

limited systems. It is more typical to see strategies proposed for solving problems that are
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emergent from the implementation which is difficult to isolate from the fundamental aspects

for signal amplification in a well defined manner. We also note that the number of neural

recording system with integrated processing is very limited in terms of reconfigurability. In

contrast to the work done with image processing ASICs that allow very efficient acceleration

of various algorithms [105–108]. The reconciliation of software and algorithm developments is

an important aspect which these specialized systems have yet to accommodate.



Chapter 3

Neural Recording Front End Design

This chapter focuses on the multitude of questions associated with the mixed signal design

for multi channel integrated neural recording systems. As a result, a significant section will

be directed at developing an abstract understanding of how design parameters influence the

various design challenges. This discussion will clarify the key limitations for these systems and

propose how they can be mitigated or efficiently designed for. In the scope of integrating a

large number of recording channels together, clearly understanding how each resource trades

for another is crucial for optimizing a complex system. Optimization methods found in the

literature typically assume a certain configuration which limits to what extent improvements

can be made [109]. However here we specifically identify abstractions that allow us to consider

the impact of different topologies and filter structures simultaneously. This should enable a

much boarder sense of optimization that will reflect in the improved performance characteristics

demonstrated here.

We will focus on elaborately evaluating the dominant resource requirements with respect to

noise, mismatch, quantization, and functional aspects for signal conditioning together that is

mostly implementation independent. In addition we propose several circuit implementations

based on this analysis that present highly efficient and compact instrumentation. The corre-

sponding abstractions that we use attempt to realize clarity respect to underlying dependencies.

This should allow better analytic models that make the limiting factors appear obvious and

38
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reveal means to circumvent specific constraints with alternative techniques. For example we

may be interested to know when it is worthwhile to put certain functions in the digital domain

in terms of the CMOS technology parameters. Approaching the ideal instrumentation struc-

ture in such a scenario remains highly desirable for constrained applications. Thus conforming

to the technology parameters could reveal that conventional methods do not deliver the most

effective solution.

The chapter is organized as follows; Section 3.1 describes the general problem statement related

to the analogue front end which is followed by the associated amplifier design considerations

in Section 3.2. The method for improving the analogue to digital conversion is outlined in

Section 3.3. These results are then collected in Section 3.4 to evaluate the impact of system

level parameters as a function of resource requirements.

3.1 Architecture for Neural instrumentation

The analogue dimension of neural recording system can be broken down into two objectives

for signal conditioning that will maximize the performance of the proceeding digital signal

processing. The first is related to getting adequate signal quantization by amplifying the signals

to full input range of the data converter without corrupting the signal of interest. The second

objective is performing some kind of filtering that removes noisy or irrelevant components in

the recording and only captures the relevant signals of interest.

As depicted in Figure 3.1, the input spectrum of a typical in-vivo electrode recording can be

classified using a few frequency bands. The energy from extracellular spiking activity is primar-

ily concentrated around 300Hz to 6 kHz and is characteristically intermittent resulting in a

distinct difference between the average and instantaneous spectral power [110]. This character-

istic is also present in the LFP band to a lesser extent. From an electrical standpoint the design

constraints are derived from the tolerated noise levels in each frequency band to maintain a

proper signal to noise ratio. As a consequence it important to specify the signal to noise ratio
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Figure 3.1: Illustration of the spectral power density characteristic for a typical neural recording
with the associated frequency bins.

in terms of noise density opposed to integrated noise figures as digital processing accuracy is

not limited by the later term. Here we should also note that the electrode spectral noise power

N2
electrode = 4 kT Ren∆f depends on the resistive component of the electrode impedance. This

is typically matched by that of the amplifier noise characteristic Namp so that no excess power

is wasted and is expressed in terms of the electrode resistance Ren, Boltzmann energy kT , and

the frequencies of interest ∆f .

3.1.1 Instrumentation Requirements

This kind of electrical sensing can be broken down in the a number of system blocks each of

which perform an essential operation to this process. These are shown in Figure 3.2 and consist

of an amplifier, a filter, a sampler, and a quantizer. Occasionally one circuit can combine

multiple of these operations together depending on the construction. Table 3.1 presents the

overall performance requirements that should be demonstrated when these components are

integrated together. These are also the specifications that we will target as the design is being

considered in the following discussion. The reasoning behind these specific requirements are

mainly related to conventional signal acquisition given the bandwidth and noise requirements.

Moreover these seem to be sufficient for most decoding/characterization methods hence similar

figures can be found in most BMI publications.
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Figure 3.2: Typical system blocks for analogue instrumentation systems.

Table 3.1: Summary of the target specifications for the analogue instrumentation system.

Parameter Symbol Specification

Integrated Channels 64
Supply Voltage VDD <1.8V
Power Dissipation PSY S <5µW
Diff. Signal 5µ - 5 mVpp
Common Signal 50 mVpp
CMRR/PSRR >80 dB
Input Referred Noise e2

in <5 µVrms
Total Gain AT >40 dB
THD at max input >40 dB
3dB Bandwidth f3dB 6 kHz
High pass frequency fhp <1 Hz
Sampling rate fsmp 25 kS/s
Input Impedance RIN >50MΩ @ 1 kHz
ADC Resolution ENOB 12 bits
Active Area 0.01 mm2

3.2 Amplifier Principles for Miniaturization

The principle design considerations for neural instrumentation have been well established par-

ticularly with regard to the Harrison topology [111] that been widely adopted in many systems

and shown in Figure 3.3. Objectively the optimization techniques have become both more

specialized and specific for maximizing the average signal to noise ratio in the LFP or EAP

bandwidth with the absolute minimum power budget. Interestingly due to the use of more

advanced CMOS technologies there is a persistent trend towards sub-threshold operation. This

is motivated by trading in the excess transistor bandwidth for improved current efficiency that

measured in terms of the achieved transconductance per dissipated ampere of current. In fact

this is purely a result of maximizing the individual transistor performance with respect to the

speed efficiency product [112]. This is expressed in Eq 3.1 using fT , UT , vsat, µ as the transition
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Figure 3.3: Harrison amplifier topology.
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Here Lsat is a technology independent BSIM6 parameter that reflects the impact of ballistic

carrier transport during velocity saturation and normalizes the minimum feature length Ltech

for a specific technology as an effective length. The implication of Equation 3.1 is that the

transistors for optimized low frequency instrumentation amplifiers are exclusively in the sub-

threshold regime because fT is always in excess with respect to the signals of interest. The

subthreshold operation results in each transistor’s transconductance being defined as gm = IDS

η UT

which only depends on drain current. Instead of noise optimization though the overdrive

voltage, Vov, the topology can only reduce noise by removing non-amplifying transistors or

biasing them with reduced drain current when compared to the input transistor(s). This reflects

the need for a different design methodology as the input referred contribution is dominated by

how the total amplifier current distributed to all the transistors. At least in the small signal

sense the key requirement is that the amplifying transistors dissipate all the current while

biasing/non-amplifying transistors dissipate relatively very little.

In principle due to the under-determined nature of transistor level design the optimization

methodology is initially constrained by one of the most important objective characteristics.

This could be low noise, wide bandwidth, good linearity, etc. Hence this discussion will digress

by distinguishing the design considerations for noise or bandwidth limited amplifiers as separate
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cases. This should reveal some key relations with respect how power efficiency is achieved. For

each case we evaluate the implications with respect to different resource requirements.

3.2.1 Noise limited Amplifiers

This discussion is guided by the leading challenge for instrumentation systems which is max-

imizing efficiency while maintaining good linearity. For this reason a noise efficiency factor

(NEF) was first introduced in [113] and is expressed in Equation 3.2.

NEF 2 = e2
in

Itot
UT 4kT ω3db

(3.2)

This figure represents a normalized efficiency or in other words it evaluates how much extra cur-

rent is dissipated by a particular circuit when compared to an ideal bipolar junction transistor

for the same noise performance. Here e2
in, Itot and ω3db represent the input referred noise power,

the total current dissipation and the -3dB bandwidth in radians respectively. NEF reflects how

well a particular topology achieves efficient amplification for a particular noise floor and thus

it inherently trades off with a multitude of other parameters. Here we shall use it as design

parameter that reflects the chosen transistor level topology. With this in mind, we propose the

following reformulation from Equation 3.2:

e2
in =

kT

C

NEF 2

η Acl

Iin
Itot

where C =
gm

ω3dbAcl
and gm =

Iin
η UT

(3.3)

This result leads to:

gm = ω3db
kT

e2
in

ζ

η
Equivalently Iin = ω3db

q U2
T

e2
in

ζ where ζ = NEF 2 Iin
Itot

(3.4)

Note that this relation is exclusive to noise limited characteristics and implies nothing with

regard to the output load or linearity conditions. Moreover there is a fundamental requirement
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Table 3.2: Theoretical figures for NEF for various amplifier topologies. ? N is the number of
stages sharing the structure.

Topology NEF Minimum V dd Reference

Single Transistor η Vth -

Differential Pair η
√

2 Vds + Vth [116]
Complementary Pair η 2Vth + 2Vds [117]

Common Reference? η
√

1+N
N

Vds + Vth [118]

Common Bias? η
√

2
N

(1 +N)Vds + Vth [115]

for transconductance with respect to noise and an implementation related factor ζ. This fac-

tor represents the noise efficiency of the topology and the slope factor η that tells us about

the transistor performance as a fundamental process parameter. Numerous techniques for im-

proving NEF can be found in the literature. As a generalization these can be put into two

categories. The first reducing the transconductance of non-signal amplifying transistors using

degeneration such that their input referred noise is minimized [114]. The second approach is AC

coupling the amplifier’s input signal to biasing transistors such that the total transconductance

is increased and the current efficiency is improved. Interestingly because this factor relates

to current efficiency the NEF can be smaller than 1 or exceed the efficiency of a BJT using

a stacked mixer structure that reuses the same biasing current for multiple amplifiers [115].

This hints at the fact that NEF should be normalized to the voltage supply but in some sense

these structures trade off dynamic range for power efficiency. Theoretical NEF figures for some

of the primitive low noise topologies are listed in Table 3.2 assuming biasing transistors have

negligible contribution and taking Vth as the NMOS & PMOS threshold voltage.

These relations highlight the fact NEF primarily dependent on the chosen topology and less

sensitive to the actual transistor design after optimization. Choosing a topology for the instru-

mentation amplifier with respect to its ideal NEF performance is significantly more effective

than starting with a particular structure and introducing resistive degeneration on transistors

that should not contribute noise.

Also notice that the expression for noise in Equation 3.3 only has one degree of freedom and
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Figure 3.4: Illustration of normalized flicker noise component dependency with respect to the
inversion coefficient from [119] Copyright 2006 by John Wiley Sons Reprinted with permission.

that is the ratio between the closed loop gain and capacitive load of the amplifier. This implies

the 3dB bandwidth of the amplifier is fixed but its unity gain frequency is arbitrary. In fact

by satisfying the relation for Equation 3.4 it is automatically the case the the equivalent noise

density requirement is also satisfied. This is significant because we could allow the first stage

to provide wide band gain and rely on a second stage to perform filtering. The second stage

will have a capacitor gain product that is A2
1 times smaller than if the fist stage had to perform

filtering. This can has a large impact on analogue circuit area that is typically dominated by

capacitors used for filtering and setting closed loop gain.

So far we have only considered the implication thermal noise requirements on the design. We

must also address the flicker noise sources because neural signals have a lot of low frequency

content. Moreover because flicker noise sources concentrate the noise power at the lower fre-

quencies, the total noise profile inside the LFP frequency band can be dominated by this type

of noise. The nature of flicker noise from transistor physics can be due to a number of phenom-

ena; mobility fluctuation ∆µ, carrier density fluctuation ∆N , and changes in access resistances

∆R. Each of these phenomena will exhibit a 1/f frequency dependence when computing the

input referred power spectrum. Typically for a given inversion coefficient IC only one of these

phenomena will dominate the overall noise characteristic of a transistor. This is illustrated

in Figure 3.4 which shows that ∆N is typically the leading cause for flicker noise generated
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additively to the drain current. IC is a factor that indicates to what extent a transistor is op-

erating in the subthreshold region by using the definition IC=ID/(2µCoxW/LU
2
T ). This uses

The more general parameters q, W , L, Cox that represent electron charge, transistor width,

transistor length, and gate oxide sheet capacitance respectively. The region of interest for

biomedical circuits is typically when IC < 1 which exhibits good current efficiency and sub-

threshold operation. The phenomenological model corresponding to carrier density fluctuation

∆N component is expressed in Equation 3.5 after being referred to the transistor gate as an

equivalent voltage noise density [119].

e2
fl ∆f =

q2 kT λNT

WLC2
ox f

·KG where KG ≈ (1 +
αµ

2
)2 for IC < 1 (3.5)

Here α and λ represent the coulomb scattering coefficient and tunnelling attenuation distance

respectively. Notice that this expression has relatively weak biasing dependency in weak in-

version contrast to the strong inversion region as shown in Figure 3.4. This trend follows very

closely to the (gm/ID)2 characteristic which implies a fixed SNR for varying IC. The parameter

NT reflects the density of trapped charges at the oxide interface inside the transistor’s conduct-

ing channel. Whether this parameter is consistent across various technology nodes is naturally

put into question [120] but similarly there is evidence supporting that indeed this factor is

process independent [121]. Now we should keep in mind that increasing the input transistor

size will accommodate lower flicker noise but also result in increased noise. This is because of

the signal loss when coupling Cin to Cfb that is loaded by the parasitic input capacitance of

the amplifier Cg (see Figure 3.3). Keeping the ratio Cg/Cfb fixed as a δ, we can express the

required input capacitance in Equation 3.6 in terms of general amplifier requirements using Acl,

KF , fcor as the closed loop gain, flicker charge density, corner frequency respectively.

Cin = δAcl Cg =
3

4
δ Acl CoxW L =

3

4

KF Acl δ

Cox e2
in fcor

where KF = q2 kTλNT KG (3.6)

This expression indicates that attempting to achieve all desirable characteristics; small e2
in,

small fcor, large Acl simultaneously in a single amplifier structure comes at the cost of a very
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large input capacitance that scales proportionally to all factors. This representation suggests

the Harrison topology has limited flexibility for improving input capacitance as the only solution

appears to be minimising KF
Cox

through CMOS process selection. Moreover δ cannot be made

arability small as it will more typically be bounded by the minimum feedback capacitor Cfb.

This need to be large enough to set the high pass pole location at sufficiently small frequency

to prevent the resistor Rfb from introducing noise inside the signal band which has a integrated

power of kT
Cfb

[111]. Not to mention that the resulting size of the input transistors can be very

large for this particular topology.

3.2.2 Chopper Stabilized Amplifiers

Alternatively we can apply chopping techniques to deal with these noise requirements which

is used extensively in bio-signal instrumentation systems [67]. By up modulating the signal to

a higher frequency before amplification, the flicker noise is added to the usual near-DC band

which no longer coincides with out input signal. The output is then demodulated to recover

the input. The difference is that the flicker components now lie at the chopper frequency fchp

which is typically out of band and can be rejected easily. This eliminates the requirements

from Eq 3.6 on the input capacitance and shifts the focus to rejecting up modulated aggressors

at higher frequencies. We suggest using keeping the sampling and chopper frequency coher-

ent because it allows low order FIR filter reject all up modulated harmonics. For instance by

chopping at the half the Nyquist frequency (fs/2) or odd multiples of it (i.e. [2n + 1] fs/2 |

n ∈ Z) will fold chopper harmonics onto fs/2. The resulting filter are quite relaxed because

of the large fractional bandwidth in the transition band that separates our signal bandwidth

f3dB from fchop. In this particular case we employ a sampling frequency of 25 kS/s and use a

chopping frequency at 37.5 kHz to achieve this functionality [122]. Conveniently any common

mode signals from the sensor or analogue supplies are also rejected using this configuration

because they will appear at the chopper frequency.

In addition to basic chopping functionality, the performance can be further improved by pro-
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Figure 3.5: Proposed compact chopper stabilized neural amplifier topology.

viding closed loop feedback to actively cancel aggressors on top of filtering the resulting up

modulated aggressors. This can be achieved in multiple ways and in some cases could improve

linearity. One possible technique is using a DC-servo loop and another is performing ripple

rejection both of which remove different components [123]. Here we will consider the imple-

mentation of three such techniques that improve chopping performance that specifically have

negligible power and area requirements. The considerations made here will be similar to that

of [124] [125] but with explicit focus on area reduction.

Figure 3.5 shows the proposed configuration that promises a significant reduction in input

capacitance and the required silicon area. This configuration has two gain stages where the

first stage A1 is a wideband low noise stage and the second provides A2 low pass filtering

as motivated by Section 3.2.1. This enables the rejection of flicker noise from the first stage

completely and effectively shifts the corner frequency of the second stage by gain of first stage

squared. Moreover this the configuration does not require auxiliary integrators provide feedback

on the capacitive feedback network around A1 that would lead to increased complexity.

The pseudo resistor across A1 in this configuration provides closed loop rejection of low fre-

quency noise below the high pass pole with the time constant τHP = CF1RHP . The noise

components in the band from fHP to fCHP will be a mixture of flicker and thermal noise that

are up-modulated by the chopper proceeding A1. This is because A1’s corner frequency will

lie inside of this band after sizing the input transistors such that CG is about 5% of CIN which
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usually leads to a target area of about 100µm2.

It is important that the gains of A1 and A2 are carefully selected because this configuration

only provides a first order role off in terms of analogue filtering. It could be that fCHP is not

sufficiently outside of the 6kHz filter bandwidth resulting in some aggressors to appear on the

output of A2. For this reason we require an aggressive high pass pole location to minimize this

total up modulated power. More specifically we can say that the total noise contribution below

the fHP is mainly from RHP which has a noise power of kT
A12 CF1

when referred to the input of

A1. The main concern here is that we have to sacrifice a small amount of dynamic range on A2

to prevent distortion. Although this power is quite limited, we need make sure the FIR filter

can reject up-modulated noise components effectively.

In addition we take advantage of the reduced output referred sampling noise a the input of

the second stage that scales by f3dB/fCHP . This is because most of the sampling noise will lie

outside of the filter bandwidth. The size of CI2 can be reduced to alleviate the slewing errors

due to the band limited behaviour of A1. In addition the parasitics at the output of A1 will

pre-charge before CI2 is connected reducing the settling error due to the active nodes switching

at the input and output.

A common concern for chopper stabilized circuits is the resistive element of each chopper which

in this case is seen at the input of the amplifier. This resistance is due to the switching capacitor

CI1 that is continuously dissipating dynamic current. This can partially be compensated for

by performing positive feedback from the output to assist in cancelling the dynamic current

through CPF [123]. However this will rely on the matching of the capacitor ratios CI1

CF1

CI2

CF2
to be

equal to CI1

CPF
. This can be quite challenging if small configurations are desired that do not need

exhaustive calibration. The use of a high precision ADC makes this somewhat easier because

the total gain A1·A2 does not need to be as large implies smaller ratios and better matching.

Evaluating this resistance in terms of the switching capacitance will result in the expression in

Equation 3.7.
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Rin =
1

2fCHP · (CI1 + Cpar − CI1

CF1

CI2

CF2
CPF )

(3.7)

This dependency should indicate that if the dynamic switching current cannot be well matched

due to parasitics or variability the next objective would be to reduce the total switching capac-

itance. From our discussion however it appears that reducing the input capacitance is limited

by the psuedo resistive noise that induces aggressors at the chopper frequency. This constraint

can be mitigated using a distributed amplifier structure that splits A1 into two identical sec-

tions. This should be configured such that the second stage has its high pass pole and corner

frequency proportionally larger than the first stage but scaled the gain of the prior stage.

However such a topology is more constrained by parasitics that worsen the settling errors in

0.18µm CMOS. In addition the poor control of psuedo resistive characteristics does not allow

this to be convincing solution [126]. The feasibility may be more favourable in more advanced

technology nodes. Considering a value of 1 pF for CI1 we expect slightly over 20MΩ without

positive feedback and approximately 200MΩ with 10% matching. This may be acceptable in

either cases depending which type of electrode is used but generally any thing above 100MΩ

is satisfactory for most scenarios.

3.2.3 Bandwidth Limited Amplifiers

Biomedical instrumentation has the advantage that the slowly varying signals prevent most

implementations from facing problems due to limited bandwidth. The exception however lies

with the stage that drives the input capacitance of the ADC and the settling time during

sampling can be quite challenging [127]. Particularly when multiple channels are multiplexed

to the same data converter. In some sense there is an similarity when we look at NEF and

bandwidth efficiency because they are strongly dependent on maximizing transconductance

efficiency.
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Figure 3.6: Analytic model of a two stage Miller compensated amplifier.

FOM

[
MHz pF

mA

]
=
fUGF · CL

Itot
for diff. pair FOM =

103

4π ηUT
(3.8)

Strictly stated in Equation 3.8, a bandwidth constrained circuit should minimize the total

current consumption Itot for a given unity gain bandwidth fUGF and capacitive load CL. It

is typical to find dedicated structures out side of the signal processing chain that drive the

ADC input capacitance and focus specifically on maximizing the FOM by employing current

recycling, adaptive biasing, and positive feedback techniques. The challenge here is efficiently

introducing these techniques while also preserving the capability for full output swing, stability

and particularly low distortion. The later is likely the most challenging and demands high

loop gain that is generally not found in adaptive single pole structures if full output swing

is also required. With that said, two stage Miller compensated topologies can provide an

excellent solution to this problem because high gain in the second stage will suppress a number

nonlinearities excited by the input stage. Further more the capacitive coupling of the output to

the input of the second stage implies the settling speed is limited by bandwidth of the second

stage. This allows the configuration to simultaneously provide filtering and settling while

sharing many of the biasing and feedback elements. Using the model shown in Figure 3.6.

We can show that sampling induced kick back from the ADC at Vout has negligible in pact on

internal integration node as it is inversely proportional to the product Acl · gm2
gm1

where gm1 and

gm2 are the transconductance of the first and second stage. This is derived from evaluating a

step response due to discharging the output load CL which has the Laplace domain response

as Equation 3.9.
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Figure 3.7: Proposed structure high loop gain amplifier stage utilising complementary
transconductive input and the high gain current conveyor topology. Transistor sizing is de-
tailed in Figure C.7.

Hstep(s) =
s2

s2 + (ω2 − ω1 CM

Acl CL
) s+ ω1 ω2

Acl

where ω1 =
gm1

CM
, ω2 =

gm2

CL
(3.9)

Figure 3.7 shows the proposed circuit implementation of the two-stage amplifier used inside

the second instrumentation stage in Figure 3.5. This structure has the advantage of providing

very high loop gain across the Miller capacitor and allows full output swing due to the positive

feed back structures in the current mirrors. The PMOS mirror provides high gain by cancelling

the 1/gm transresistance of from the diode connected pair leaving the high impedance node

and the NMOS mirror provides positive feedback to speed up the transient behaviour on the

PMOS side. When this structure provides closed loop gain larger than 20 dB it is sufficient

to rely on the NMOS current mirror for stability. In fact this is equivalent to a feed-forward

stabilization technique that by passes high frequency signal lag induced by the pole at the

PMOS side. However when good phase margin is required at the unity gain frequency stability

becomes more stringent. In this case we suggest introducing an additional capacitor across Vn

& Vp to realize a zero that cancels the pole in the PMOS branch [128]. The zero will in fact

boost the effective ω2 from N M gmM5

CL
to N M+M

2−N
gmM5

CL
. The factor M in this structure has a

rather interesting implication with respect to NEF. If M is large enough this topology will have

a NEF equivalent to the complementary structure. However in effect the biasing current of
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the intermediate branch is reduced when M is large which can move the parasitic poles in side

the amplifier bandwidth. The apparent trade off between stability and NEF is unique to this

structure but it is not challenging to have M=8 for low power applications.

FOM =
103

4π ηUT
· 2CL
CM (1 +M/K + 1/K)

(3.10)

The components that improve bandwidth efficiency are detailed in Equation 3.10. Referring

this back to Equation 3.3 however implies the noise is dominated by the capacitor that intro-

duces the dominant pole of the system. The observation made here is that unlike the single

stage topologies, the two stage configuration can trade off input referred noise for a better

speed FOM by adjusting the CM

CL
ratio. The high level methodology applied here is replacing

the CL with a smaller capacitor that requires less power with the hope that stability can still be

maintained by boosting transconductance power with positive feedback and current recycling.

3.2.4 Circuit Implementation

Figure 3.8 shows the transistor level implementation of the topology used in Figure 3.5. The

first gain stage is a highly compact complementary structure that exhibits exceptional noise

performance. The second stage transistor implementation is the high gain two-stage topology

discussed in Section 3.2.3. The variable gain configuration is facilitated by the digital controlled

low leakage switches that connect a selected set of capacitors in feedback. This particular

configuration provides more generic instrumentation of the 1 Hz to 6 kHz bandwidth. It is

well known that the analogue filters introduce frequency dependent group delay near the pole

locations which has been shown to degrade processing capabilities of spike sorting techniques

[129]. By placing the high pass pole well inside of the LFP band the spike wave-forms exhibit

less distortion due to analogue filtering and is instead filtered using linear phase filters in the

digital domain that do not suffer from such drawbacks.

The reset mechanism on instrumentation amplifiers using pseudo-resistive elements is essential.
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Figure 3.8: Schematic showing circuit implementation of the proposed compact neural amplifier.

Either during stimulation, start-up, or amplifier saturation the charge across the feedback

capacitor must be neutralized before correct operation can begin. This mechanism allows

the rejection of various distortion components that would other wise corrupt the latent signal

integrity or digital signal processing. However there is an inherent problem with these reset

switches due to the parasitic charge injection induced on the intermediate semi-floating nodes.

Moreover if these elements are cascaded to increase resistance or dynamic range these sensitive

floating nodes are also increased thereby building up more residue charge. A significant amount

of charge can introduce a permanent reset artefact after reset as this charge redistributes

internally inside the resistor. The proposed solution to this problem is by minimizing the

floating nodes and guarding the floating N-Well from injected noise. This should allow a very

large pseudo resistance for a sub-Hz high pass cut off frequency while maintaining exceptional

reset characteristics. We minimize the resulting charge residue by absorbing the leaky diode

currents and residues into the guarding amplifier. Now there will be some instantaneous off-set

as the reset signal injects charge directly onto the feedback capacitor but this can be quite small

when using small switches. The drawback here is that there may exist a very slow drift on the
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(a) Floor plan of the fabricated instrumenta-
tion amplifier.

(b) Chip micrograph showing the configura-
tion of the feedback capacitors.

Figure 3.9: Physical implementation of amplifier using a 6-metal 0.18µm CMOS process mea-
suring 75× 82µm2 in size.

order of V/sec from the guarding amplifiers due to VosRdiode. But simple digital assistance

will suffice in eliminating this concern by periodically resetting the structure and cancelling the

residue off-set. This re-introduces the high pass pole at a well defined location depending on

the periodicity of the reset signal and reconstructing signal in the digital domain [130].

The floor plan for this implementation is annotated in Figure 3.9. The typical focus for analogue

layout is achieving good matching for the input transistors and capacitors to minimise off-set or

undesirable signal coupling. In this case the chopper introduces a lot switching that is difficult

isolate from the signal so instead we focused on minimising parasitics of the clocked nets. The

common mode feedback on the second stage uses a switched capacitor and wide band amplifier

to ensure accurate common mode settling without deteriorating linearity. This is important

because the ADC can be quite sensitive to the sampled common mode resulting in a reduced

precision if there is an unexpected offset on the sampled output. Simulated performance of the

implemented topology is shown in Figure 3.10. This compact configuration can achieve an input

referred noise of 5.6µVrms over the specified bandwidth with a noise corner frequency of 20 Hz.

The performance is detailed with a clear reduction in size can be observed when compared to

other chopper systems in Table 3.3. The total gain is 421V/V for this particular configuration

which can be adjusted using the digital calibration bits integrated into the structure allowing
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Figure 3.10: Post layout simulated results of the proposed instrumentation circuit.

Figure 3.11: Post layout simulated results using periodic steady state analysis to evaluate the
closed loop gain of the instrumentation circuit.

different gain and power settings. The maximum available gain setting is shown in Figure 3.11.

Overall the proposed implementation performs well for supply voltages larger than 1.1V where

the limiting factor is due to the current biased complimentary input stage. This configura-

tion necessitates a voltage overhead requirement of 2VTH + 2Vov. However both of the gain

stages are class-A which at exhibit relatively well behaved current transients on the supplies.

Class-AB alternatives do not share this feature and are more prone to disturb neighbouring

recording circuits. Minimizing the dynamic current dissipation should lead to better LDO per-

formance and lower supply induced sensor noise when many channels are integrated together.

This also motivates another aspect for using a wide-band amplifier configuration for the first

amplification stage because it usually implies that the common mode will also have wide band

regulation. This leads to better common mode rejection in the signal band due to additional
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Table 3.3: Summary of performance specifications of the proposed instrumentation topology
and other bio-signal chopper stabilized amplifiers found in the literature.

Parameter Units This Work Markovic [125] Makinwa [123]

technology [nm] 180 40 65
Supply Voltage [V] 1.2 1.2 1

Total Current [µA] 1.05 1.67 2.1
Bandwidth [Hz] < 1-6 k 1− 5k 0.5− 1k

Filter Order Roll-off [dB/Dec] 20 20 20

Noise Floor [nV/
√
Hz] 55 101 60

Noise Corner [Hz] 20Hz 100 < 1
Dynamic Range [dB] 58 69 64

Area [µm2] 6.2 · 103 7.2 · 104 2 · 105

Area-Power-Product [µW µm2] 7.3 103 141 103 420 103

NEF 1.08 2.5 1.66

loop gain.

3.3 Analogue Signal Conversion

Analogue to digital conversion remains to a crucial component instrumentation, particularly for

full signal characterization. Even when considering the demanding constraints for integrated

neural sensors, the prevalence of full spectrum signal characterization is ubiquitous in the liter-

ature. This is motivated by the efficiency and reliability of various digital processing methods

that require very efficient signal conversion to discreet samples instead of processing recordings

in the analogue domain. Typically the most valued performance criteria for such a system is

the ADC power consumption. A Successive Approximation Register (SAR) ADC is commonly

used for quantizing biomedical signals because it only dissipates switching energy that can be

very small for slow sampling rates. The SAR topology is depicted in 3.12 and can be found

extensively in BMI recording publications.
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Figure 3.12: Schematic of a conventional N bit SAR ADC with the split capacitor at position
M.

3.3.1 Capacitive array miniaturization

This discussion pays special attention to acquiring neural recordings that include LFPs while

minimizing the required silicon area per sensor. This is motivated by wanting to integrate

many sensors on chip for large arrays and secondly reducing any capacitive switching noise

that can be quite difficult to reject in fully integrated systems. Recording LFPs and EAPs

simultaneously will require increased ADC resolution so that the instrumentation dynamic

range exceeds 60dB. Equivalently this means 10 to 14 bit precision is needed depending on

the nonlinearity tolerances of the proceeding processing methods. This can be quite difficult

it terms of the SAR specifications because the capacitor mismatch and sampling noise can

prevent aggressive sizing on the unit capacitor. For a given ADC precision N, the SAR capacitor

array will require M · 2N/M + M unit capacitors Cunit where M is the number of equally split

sections. By splitting the array into sections it should be obvious that the total capacitor

requirement CTotal can be reduced to some extent. The quantization errors resulting from

capacitor mismatch on the other hand is also closely related to these parameters. For given

standard deviation σ and confidence interval CI we can use Equation 3.11 to make a simple

estimate for the expected quantization error EQ [131].

EQ = Vref

∑
∆Ci

2NCunit −∆CTotal
= Vref · α(N)

√
2N − 1√
2− 1

(3.11)

The above expression assumes no split configuration is used where α represents a scaling factor

that is dependent on the number control bits for each sub-DAC, α(x) = CIσ
2x−CIσ

√
2x

. Vref is the

reference voltage by which the sampled input is normalized to arrive at the binary encoded
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result. Now extending this formulation to include the dependency of M and bounding EQ <

LSB/2 in accordance with the required ADC precision leads to the expression in Equation 3.12.

1

2N+1
≥ α(N/M)

M∑
k=0

[
M∑
i=0

√
2i

]
·
(
α(N/M)

2N/M

)k
(3.12)

There several higher order terms with respect σ CI not shown here because they have vanishing

contribution as N is increased and require a numerical solution to the problem. Otherwise

for M=2 and arbitrary placing the split capacitor K position in the array we can similarly

reconstruct the equality from 3.11 in Equation 3.13.

1

2N+1
≥ CIσ(

√
2N−k − 1)

(2N−K − CIσ2
N−K

2 )(
√

2− 1)
+

(
√

2K − 1)CIσ

(
√

2− 1)2K(2K − CIσ2
K
2 )

(3.13)

The standard deviation σ is closely related to the exact requirements for the whole capacitive

DAC in terms of the total area and unit capacitor size. The dependency of EQ is mainly subject

to the variance due to the MSB capacitors and for each less significant bit (from MSB to LSB)

the expected variance increases by
√

2 while its capacitive coupling decreases by 2. This is

because σ ∝ 1/
√
AC where AC is the area of the capacitor. Clearly there is a process related

figure of merit here that relates to the quality of capacitors since small capacitors with excellent

matching will result in the best characteristics ADCs such that we minimize the % deviation

per µm2.

Figure 3.13 shows a numerical solution to the equality in Equation 3.13. This allows us to

consider the effect of split capacitor positioning with respect to the optimal area allocation

for the capacitor array. The visible plateau for small N represents the case when the design is

bounded by the minimal unit capacitance. This is determined using the process documentation

for the target 0.18 µm CMOS technology that gives its mismatch specifications and minimum

sizing. Generally split capacitor configurations are more sensitive to parasitics they can lead to

more pronounced nonlinearities. However in some cases that the unit capacitor size limits the

array size such that splinting the array is an effective solution for improving power dissipation.
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Figure 3.13: Numerical solution to Equation 3.13 relating the capacitive DAC area requirement
with the DAC resolution (N) and the position of the split capacitor before capacitor K.

We reiterate that this also indicates that the binary weighted configuration without splitting

maximizes area efficiency if we are not limited by sampling noise or minimal capacitor sizing. In

addition a fully differential DAC counter intuitively reduces the minimum size if the switching

method first detects polarity before applying successive feedback [132]. This is because the first

quantization cycle does not depend on the capacitive division. This in turn means that the

array can tolerate twice the mismatch error implying a 4 times smaller unit capacitance while

only doubling the number of capacitors in the array.

3.3.2 Model based topology selection

From here there are multiple directions we can take in order to ensure efficient operation and

simultaneously achieve a compact configuration. A common approach is to multiplex the SAR

ADC to a large number of channels but this will also require the analogue stage driving the

ADC to dissipate proportionally more power due to settling requirements on the sampling
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Figure 3.14: Schematic of the proposed Σ∆ assisted SAR ADC topology for achieving a more
compact configuration.

capacitance. From a high level perspective, distributing the quantization effort into a large

array of ADCs with staggered operation should lead to much more systematic power dissipation

due to their uncorrelated operation. Opposed to using a single high speed ADC that requires

a much higher clock frequency with stronger tones in the generated supply noise. Another

SAR based alternative using calibration for the capacitive array such that it can specifically be

designed with the smallest possible unit capacitors. Then we could correct any nonlinearity or

quantization errors that arise from capacitor mismatch if the array is characterized precisely

enough. This does require either foreground or background calibration modules to extract the

individual capacitor weights. Because we aim to perform a number of processing techniques in

the digital domain for characterizing neural recording, it makes sense for us to consider effective

means to perform calibration.

The structure illustrated in 3.14 represents a hybrid topology based on SAR and sigma delta

structures. The motivation is driven by the efficiency of SAR quantization for large signals and

the compactness of high resolution quantization from sigma delta loops. The digital control will

perform fully differential bottom plate sampling of the input which is then rapidly quantized to

2N levels using the typical binary search. After the SAR operation the resulting residue left on

the capacitive array is quantized using a sigma delta control loop that feedback on the nodes

V Σ∆±.

There is a strict advantage over conventional sigma delta loops which is that the residue error
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that needs to be quantized is reduced to
Vref
2N

which can easily be designed to lie within the

linear range of a differential pair. This negates having to use passive or active feedback to deal

with transconductance nonlinearity and significantly improves the power efficiency by retaining

a relatively simple control loop topology. Moreover as the feedback loop is typically responsible

for small dynamic range of 30dB the requirements on clock jitter and decimation filtering is

made more relaxed.

The more desirable advantage over a high resolution SAR is that the capacitive DAC may

designed in a highly optimal configuration with as few bits as possible. This allows sizing

that primarily focuses on suppressing parasitic effects with minimal sampling capacitance. As

will be demonstrated this topology does not require an axillary calibration DAC or a pseudo

random dithering source for performing mismatch correction. This is due to the capability that

the internal sigma delta structure is in the same signal loop as the SAR operation and can

trade-off bandwidth for increased noise rejection simply by adjusting the sampling frequency

fs. Naturally because this topology inherently needs a pre-amp stage for SAR conversion we

should not expect the FOM to do better than low resolution SARs.

Intuitively one can think that when combining the two topologies the individual sources for

power dissipation now scale with 2
N
2 . More specifically these sources come from the capacitive

DAC and decimation filter. The components that do not have reduced scaling are related to the

sampling noise and the thermal noise floor of the oversampling modulator. To demonstrate this

quantitatively we will build an analytic model for the SAR and ∆Σ SAR topologies to demon-

strate some of the inherent characteristics. This will also reveal the techniques for optimizing

of the proposed structure.

FOMADC =
Psys
2Nfs

(3.14)

Maximizing the performance indicator from Equation 3.14 will represent our objective function

which reflects the efficiency by which each sample is converted into a digital code. Through

the simplicity of this relation, any comparison primarily requires an accurate expectation for
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power budget in terms of the required resolution or precision requirements.

PIdeal = Esearch · fsCunitV 2
ref (2N−2 + 22)︸ ︷︷ ︸

CapacitorArray

+ 2N(N + 2)fsEgate︸ ︷︷ ︸
RegisterLogic

(3.15)

Equation 3.15 Considers the primitive structure with an ideal comparator where Esearch repre-

sents the average dissipation for binary search switching method and Egate is the average gate

dissipation per clock cycle. Both these parameters adjust to different core libraries or various

switching methods that typically trade off efficiency for parasitic tolerance [133]. This ideal

structure is extended by the requirements of either a dynamic latch comparator or an analogue

pre amplifier that allows negligible comparator requirements at the expense of consuming a

static current. The classic pre-amplifier approach also tends to deal with mitigating kick back

noise but in general the straightforward application of classic kT/C relations conveniently give;

Pamp = 32π ln(2) · (UT N 2N)2

Vref · η q︸ ︷︷ ︸
Noise

·Aol fsNEF 2︸ ︷︷ ︸
Bandwidth

(3.16)

Here Aol represents the gain provided by the pre-amplifier. Notice the very typical inverse rela-

tionship with respect to Vref which motivates the use of the more efficient dynamic comparator

structure. However evaluating the equivalent input referred noise of a dynamic structure accu-

rately requires the a piece wise evaluation for different phases of operation and the respective

stochastic integrals [134]. The contribution can be associated with two dominant sources, that

of sampled noise;

σS =
4 kT

3Cx F
+

kT

3Cx F 2H
+

kT

12Cx F 2H2
(3.17)

And noise contributed from transconductive elements;

σM =
kT

Cx F 2
+

kT

2Cx F 2H
+

kT

8Cx F 2H2
(3.18)
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F =
2ρVth

Vref − Vth
and H =

Vref
2Vov

· 2ρ1 + ρ (3.19)

As before, this must be bounded by the acceptable quantization noise, Vref ·2−N−2 =
√
σM + σS,

which give the values for Cx. Strictly there is a strong dependence on the input signal in order

to evaluate the dissipated power but on average it is reasonable to approximate this to the

capacitive switching energy of PLatch ≈ fsCx V
2.

Now consider the components of the ∆Σ structure. Clearly it will follow closely to that of

the pre-amplifier based relations with the exception that the primitive components from Equa-

tion 3.15. Instead this will scale with N−K where K is the number of bits resolved by the sigma

delta loop. Here two additional components will be accounted for, the first is the integrator

and the second is the digital FIR that decimates the modulated residue quantization. A second

order feed forward integration topology is chosen for H(s) based on its efficacy of being applied

to the configuration shown in Figure 3.14 and primarily minimizing the number of summing

operators and coefficients prone to mismatch. For the sake of discussion we make the assertion

that decimation noise rejection is bounded K ≤ (FIR)−1/2 in the case of a rectangular window

for analytic clarity [135]. Furthermore, note that as we increase the SAR quantization the first

stage will proportionally see a reduction of the input signal that needs to be accounted for to

achieve the correct integration constant.

Pint = 32π · (UT 2N NEF )2

q Vref︸ ︷︷ ︸
Noise

·FIR fs (1 + 2N−K)︸ ︷︷ ︸
Bandwidth

(3.20)

And similarly the digital decimation filter will scale in the form of;

Pfir = 2K︸︷︷︸
OSR

(K + log2(K))︸ ︷︷ ︸
Quantization

fsEgate (3.21)

Collecting these terms for each topology will equate to expressions that typically have scalar

dependencies on technology or implementation which we must make a set of reasonable as-
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Figure 3.15: Summary of the FOM (Psys/2
N fs) for each topology with respect to different

resolution requirements.

sumptions for. The literature will indicate numerous means by which each component can be

reduced through specialized logic cells, adaptive comparator power allocation, or power saving

switching methods. Our particular interest lies with the dependency on N that will imply

the effectiveness of a certain topology for a given dynamic range requirement. In addition this

familiarizes us with specific factors fundamental to power dissipation with respect to resolution.

Figure 3.15 presents the expected merit for each topology as the target resolution is varied.

Without consideration for area, there is a clear power advantage for the dynamic SAR struc-

ture mediated primarily by the fact that the comparator does not have settling associated

tolerance. This is the main reason why the pre-amp topology requires a proportionally in-

creased bandwidth/power as resolution is increased. What stands out is that the ∆Σ structure

has a power dependency ∝ 23N for achieving the required input referred noise in contrast to

more conventional dependency of 22N . The mechanism behind this is due to the SAR quanti-

zation that reduces the signal input range which needs to be recovered to achieve the correct

integration factors. Moreover the over sampling ratio increases simultaneously which has an

overall multiplicative effect. Clearly the resolution of the SAR quantizer should only perform a

few conversion that put the residue in the linear range of the loop filter and let the modulator

perform most of the quantization effort. When all topologies are using the same unit capac-
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Figure 3.16: Figure of merit dependency of the proposed ∆ΣSAR topology with respect to
design parameters K1 & K2.

itor, this result demonstrates that for N < 5 & N > 14 the ∆Σ topology becomes strictly

unfavourable in terms of power but performs comparably with respect to power efficiency for

N ≈ 10. Taking the FOM area product by considering the capacitors in terms of 2 units the

advantage of the ∆Σ topology becomes more obvious. For the precision significant to neural

recording, 8 < N < 12, the hybrid structure consistently grantees a more compact configuration

by a factor of 10.

Considering the design space of the ∆ΣSAR structure in more detail will expose a more op-

timal strategy for increasing FOM. Figure 3.16 exemplifies how the FOM behaves as either

the SAR of sigma delta accuracy is increased. After the optimal basin at N = 9 & K=4 the

best strategy for improving ADC resolution is by increasing SAR quantization at half the rate

of the sigma delta increase in resolution. For reference a conventional ∆Σ modulator [136] is

designed with the same target specifications and using the same design method to configure the

OPAMP integrators and resistive input network. Such a configuration achieves 167 dB FOMs

irrespective of target resolution when we consider just the analogue power dissipation. In fact

this figure is commonly achieved by state of the art [137]. As shown in Figure 3.17 the ∆ΣSAR
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Figure 3.17: Estimation on the expected figure of merit for a target resolution and varying
SAR precision. The red star and blue circle indicate the target and measured performance
respectively.

configuration can theoretically achieve more than 4X better performance than conventional ∆Σ

modulators for resolutions above 12 bits even when operating at lower supply voltages. This

is because of the improved noise efficiency. Please refer to Section C for additional details

regarding derivations and topology comparisons that are omitted here for clarity.

3.3.3 Circuit Implementation

Extending the conventional SAR structure to perform sigma delta modulation is achieved with

relatively little changes to the overall topology. The main difference is that during the last phase

of SAR conversion a register must be toggled that switches in the integrators intermediate to the

comparator. Simultaneously the V Σ∆± capacitors are directly connected to the comparator

bipolar output instead of the common mode voltage V CM for differential feedback. This

configuration is integrated on chip and performs 7 bits of differential SAR quantization with
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Figure 3.18: Schematic configuration of the top level control for the ∆ΣSAR data converter.

another 5 bits resolved by the noise shaping modulator with an over sampling rate of 32. At

the system level, 4 analogue recording channels will be multiplexed to the input of the ADC

which implies sampling rate of 100 kS/s is required to sample each output at 25 kS/s.

Figure 3.18 shows the top level configuration of this data converter. By using a specialized

register logic slice a small reduction in complexity is achieved in addition to the mitigation of

timing issues typical with the conventional self clocking register configuration. This topology

uses a bottom plate sampling strategy to neutralize the effect of parasitics and common mode

comparator nonlinearities while operating at 1.2V with a 10MHz clock frequency. Although

there are only N −K + OSR active phases, settling the output of the recording amplifiers on

to the capacitor array will require several cycles because of the band limited behaviour present

in the driving stage.

The implementation of the capacitive DAC and second order feed-forward integrator are shown

in Figure 3.18. This configuration also opts to scale the voltage reference for the LSB in order

to reduce the total number of capacitor required. As the capacitor array is implemented using

CMIM devices the 7 bit differential structure with a split capacitor for M = 3 will grantee 10.1b

for a confidence interval of 3σ using Equation 3.13 and process documentation parameters that

show a 8 × 8µm has 0.23 % mismatch induced standard deviation. The reasoning for this

configuration is that we are guaranteed > 9.5 bits without calibration and will allow > 12 bits
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Figure 3.19: Schematic implementation of the ∆ΣSAR structure.

with calibration. For either case the accuracy is sufficient for recording LFP and EAP signals

simultaneously. This result was also confirmed with monte-carlo analysis using foundry supplied

PSP models.

The integrator topology primarily deals with the contrasting bandwidth requirement of the

SAR operation and the sigma delta integration for the first stage. Particularly when taking the

SAR decisions at the oversampled clock the first stage can only provide wideband gain if the

capacitor is switched out and a resistive element is used instead. The circuit complexity can be

dramatically reduced by using triode region transistors that regulate the PMOS biasing current

for a well defined common mode. Because these transistor can be large in area they could slow

down the maximum SAR speed. To avoid this the CMFB circuit is semi open loop during the

SAR quantization leading to an increase bandwidth by using the common mode voltage that

preserved on the integration capacitor. Also by switching the biasing current of the analogue

summing stage a constant common mode can be presented to the comparator input thereby

reducing any off-set disparity between the two operation phases.

Figure 3.20 shows the fabricated structure of the ADC. Since the capacitors are placed on top of

the active circuits this floor plan distances the integrators and the MSB capacitors to physically

isolate the digital switching noise sources. A number of shielding structures are employed to

improve post layout performance. There include various guard rings and isolating N-wells

but due to the proximity of the digital switching the most effective strategy is appropriately
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Figure 3.20: Physical implementation of ADC using a 6-metal 0.18µm CMOS process measur-
ing 93× 147µm2 in size.

Figure 3.21: Control loop used to perform calibration with a slow test signal at the ADC
input.

orienting fully differential structures in order to equalize the coupling components. Here metal

layers 1-3 are used for transistor interconnect, layers 5-6 for the capacitive DAC, and layer 4

is interposed in order to shield the two sections while connected to the common mode voltage.

This is because the transient fluctuations on Vcm are only due to mismatch and should be the

most quiet reference in the system with large capacitive loading.

In order to take advantage of this structure we reveal two distinguishing characteristics that can

not be found in either conventional topologies or other hybrid topologies. When the capacitive

DAC is considered as a set of weights that need to be determined we realize that the derivative

for slow varying signals is predominantly quantized by the sigma delta loop. With the exception

when the SAR bits switch the quantization is independent of the mismatch in these weights. As

a result all the mismatch coefficients can be accounted for with respect to the Σ∆C capacitor.

The calibration technique discussed is abstractly represented by Figure 3.21 where there are two

IIR control loops with the coefficients a1 and b1. In part this loop performs normal operation
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Figure 3.22: INL Plots illustrating the mismatch artefact reduction due to calibration.

by evaluating the signal quantization Qsig. This is done adding the SAR quantization with

calibrated weights and decimating the oversampled residue with a 32nd order FIR window

quantized with 8 bit coefficients for each sample. Here a1 simply has to be small enough to track

the signal and reject noisy components to determine ∆Q. ∆Q represents DNL nonlinearities

that are used to adjust the coefficients KDAC . The multiplication operator is in fact a bitwise

evaluation that indicates if a coefficient needs to be adjusted due to a correlation between ∆Q

and a change in that bit. Hence b1 needs to be small enough to prevent level dependent tuning

and Vtest should be a full range slow varying signal.

The improvement in INL is evident in Figure 3.22 due to the calibration mechanism with

a1 = 1/4 and b1 = 2−8. The close interaction between INL & DNL errors over the full dynamic

range for a capacitive array in addition to the sigma delta loop’s capability of quantizing

±2LSB of the array allows this method to converge accurately. Here it is observed that the

calibration improves the quantization accuracy by two additional bits.

Figure 3.24 shows the test bench used during device characterization. The saleae logic device

is a digital probe that offers 100 MS/s digital signal acquisition for measurements of up to 10

seconds. Here the raspberry pi module simply provides real time interaction with the device

configuration using automated spi control and a graphical user interface that will indicate ADC

precision based on the selected operation. This allows us to tweak the operating conditions and

find which noise sources are disturbing the configuration. The analogue bias IBIAS is generated

by a 2602A Keithley system source meter and fed in using a guarded triax cable. The differential

input signals are generated using a Agilent 33522A arbitrary waveform generator and fed to
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Figure 3.23: Measured THD and SNR of the fabricated data converter.

(a) Photograph of the mixed signal test bench.
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Figure 3.24: Testing setup used for characterizing the ADC.
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Table 3.4: Summary of performance specifications for the ∆ΣSAR data converter and other
oversampling/noise shaping data converter structures found in the literature.

Parameter Units This Work Lo [138] Roermund [139]

Technology [nm] 180 65 65
Supply Voltage [V] 1.2 1.2 0.8

Total Current [µA] 12 13 1.7
Sampling Frequency [kS/s] 200 8 16

ENOB [bits] 11.3 17.5 14.5
SFDR [dB] 86 105 87

Area [µm2] 93× 147 400× 180 600× 300
Power-Area-Product [µW µm2] 1.9 · 105 1.1 · 106 2.4 · 105

P/(fs+ 2N) [fJ/conv] 10 29 6.6
SNDR + 10log(BW/P ) [dB] 166 180 177

the ADC input using BNC cables.

Table 3.4 outlines the characteristics of the implemented ADC configuration while comparing

it to recent oversampling/noise shaping data converter publications. Figure 3.23 demonstrates

the spectral characteristics of the quantization output for a input signal at half the full input

range after calibration. In comparison to the analogue instrumentation, the resource related

specifications are significantly larger. However note that there requirements are distributed

over a number of channels as a result of multiplexing this structure.

The trade off with respect to residue over sampling in Figure 3.25 demonstrates that there is

some flexibility with respect to sampling rate and SINAD performance. In addition this also

clarifies that post-fabrication adjustments do not exhibit significant resolution improvements

beyond the design point. This is related to the sampling noise of the capacitor array and the

noise floor of the analogue integrators that need to be programmable for different oversampling

ratios. At which point the decimation also has more strenuous requirements that may result in

an inefficient resource overhead. Strictly stated it is significantly more efficient to reject noise

with digital bandpass filtering selected frequency components than having the ADC resolve the

signal beyond the target precision.

In the context of miniaturization the topology presented here follows closely to the expected

improvement from the model for high resolution signal acquisition. We achieve nearly 12 bits of
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Figure 3.25: Measured Figure of Merit as a function of oversampling ratio.

quantization with a 6 bit equivalent capacitive DAC which is reflected in the compact design foot

print. When compared to similar compact ADC implementations found in recent publications

we observe a competitive power budget with again significantly smaller area requirement. Some

additional digital processing is required opposed to the simplicity of SAR converters to take

full advantage of the topology. However such hardware is typically readily available in systems

that also perform spike sorting and neural signal classification.

3.4 System Level Abstraction

Numerous specifications such as ADC resolution and input referred noise of the instrumenta-

tion amplifiers relate directly to signal specific parameters. Moreover a particular processing

algorithm would favour certain filter configurations of others in terms of signal conditioning.

In multi stage systems however there is a significant amount of flexibility related to choosing

gain for individual stages or their filter parameters that is indifferent to the resulting transfer

function. Here we consider such a primitive N stage analogue processing chain and discuss the

allocation of resources to gain insight to some of the high level the optimization for selecting a

specific configuration. Such a configuration is shown in Figure 3.26.

G[n] = Ag (β + αn) where Ag = N

√
GT∏N

i=1(β + αn)
(3.22)
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Figure 3.26: Multistage amplifier configuration using the series G to adjust the allocation power
and area.

Consider a geometric series for the gain of each stage as expressed in Equation 3.22. Here GT ,

α, β represent the total gain required, resource distribution factor, and a minimal contribution

factor. The formulation is motivated by the fact that if α is one resources are allocated equally.

This means every stage has equal gain but it also implies that the sum of all gain factors is

minimal leading to a minimum amount of area due to the feedback capacitors. More typically

designs will choose a smaller α such that most of the gain is situated at the first few stages. This

allows some reduction in power in the proceeding stages because of the reduced noise require-

ment. β simply allows us to specify that a fraction of the total gain is uniformly distributed

but is typically kept small in order to maximize the benefit from resource redistribution. This

allows us to express the noise power requirement for a given set of parameters in Equation 3.23.

PAmplifiers = Punit

(
1 +

N−1∑
k=1

[
k∏
i=1

1

Ag β + Ag αi

])2

(3.23)

AGain = Aunit

(
N∑
k=1

[
1 + Ag β + Ag α

k
])

(3.24)

Here Punit is simply evaluated from Equation 3.3 and leads to an area requirement that is

simply expressed using Equation 3.24. Now taking some typical parameters we can evaluate a

possible configuration of gains and thereby the associated allocation of resources. This is shown

in Figure 3.27.

Lets take Aunit as some unit capacitance size that allows the deviation of gain due to mismatch

to fall inside the confidence interval. In order to realize Equation 3.23, each stage has its

power and input referred noise reduced by accumulated gain for the preceding stages. This
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Figure 3.27: Resource allocation for analogue power and area using the parameters GT = 500,
α = 0.3, and β = 0.05.

result presents us with the trend illustrated in Figure 3.28 where it appears that in many stage

systems it is relatively beneficial to redistribute the resources to the front-end for a reduction

in overall power. However when the number of stages is three or less we observe the increase

in area can diminish this improvement for high gain system requirements.

So far we have neglected some aspects to the design consideration. The first is the multiplicative

increase standard deviation as N is increases and the sensitivity to variance being inversely pro-

portional to closed loop gain. Here we can account for the increased variance by proportionally

increasing Aunit in order to neutralize this increase according to Equation 3.25.

∆σ2 =
Aµ+σ

AGain
≈

k∏
i=1

(
1 + σ CI

[
2− 2√

Ag β + Ag αi

])
(3.25)

Again σ represents the deviation for a chosen unit capacitance and CI is our confidence in-

terval. For completeness in estimating area we will also introduce the capacitance required for

performing filtering on the last K stages. Rearranging Equation 3.3 in terms of output referred

noise according to Equation 3.26.

e2
out =

kT

C
NEF 2η (3.26)
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(a) Expected power reduction for different
topologies as resources are biased to the front-
end of the analogue chain

(b) Resource distribution impact on power-
area product for different topologies.

Figure 3.28: Normalized resource improvements for α with respect the case when α = 1 for
each configuration.

Combining these terms lets us define a more accurate area requirement that is reformulated in

Equation 3.27.

Afilt = Aunit ·
kT

Cunit

NEF 2 SNR2

V dd2 η
·

(
1 +

K−1∑
k=1

k∏
i=1

[
Ag β + Ag α

N−i]) (3.27)

It is important to point out that SNR here refers to the SNR of the data converter as we have

fixed the input referred noise of the system for a systematic comparison and we adjust GT to

fill this dynamic range. And extending this result with the requirements for signal conversion

we can estimate system level power PTotal and area ATotal requirements as a sum of individual

components according to Equation 3.28.

ATotal = Afilt + AGain + AADC and PTotal = PAmplifiers + PADC (3.28)

Taking an appropriate set of parameter values, the system of relations is exemplified in Fig-

ure 3.29 with respect to the dependency on the supply voltage, V dd. As illustrated there are

two domains when considering the area requirement. For small V dd the sampling & filtering
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Figure 3.29: Analogue resource relations with respect to different supply voltages.

noise requirements overwhelm the design particularly in this case if α is not taken small enough

and a second order roll off is needed. When there is more voltage overhead available we observe

reliably matching in input dynamic range of the ADC is the dominating factor.

The area power product also tells an interesting story. When V dd is larger than 1 V a clear

proportional dependency on power is apparent that is mostly related to the total gain & noise

requirements of the system because the ADC is not the limiting factor. However for small supply

voltage the power dissipation requirement is more closely related to the lower noise quantization

requirements presented by the SD-SAR topology. We should be careful because certain circuit

topologies are simply not viable below specific supply voltages and as a result it would no be

possible to achieve a NEF smaller than 2. Figure 3.29 also indicates when particular topologies

are viable specific to the 0.18µm CMOS process where Vth ≈ 350mV . That said it is likely a

system can be designed with 0.6V supply in order to achieve significant power and area savings.

The main challenge will be achieving acceptable total harmonic distortion as the supply will

not easily allow cascoding transistors. Particularly sub-threshold transistors suffer from Gm

nonlinearity as a function of e
−VDS
UT that can only be compensated by increased loop gain and

multi-stage topologies. Since it is implementation dependent, it is difficult to quantify what

this increase in area an power overhead this will result in. We can assert that 60 dB precision

with instrumentation has very significant diminishing returns when the conventional design
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approaches a 2Vth supply. The reader can find more details in regard to these comparisons in

Section C.2.

The approach taken here can be exhaustively extended towards including more detail in the

system level design in order to leverage the capability of numerical methods. Higher order Gm-

C filtering structures can be accounted for as a single stage by introducing new parameters that

reflect the increase in NEF and filtering capacitors. Transistor area per amplifier can arguably

be assumed static if chopping techniques are employed or alternatively this can accounted for by

considering the flicker noise relations for the input transistors. However these contributions have

negligible effect on changing the optimal resource destitution and will be more influenced by

strategic positioning of poles to reject certain noise components. The most critical parameters

on the systems level is the supply voltage as well as the requirement for channel to channel

gain matching. As the power area product has a inverse square dependency as either VDD or

gain variance tends to zero. There are only a select number of scenarios where gain matching is

of significance which is primarily in the case of distributed LFP recording and multi electrode

(i.e. tetrode) recordings where exact coupling of neural circuitry is in question. The supply

voltage has significance with respect to the expected power dissipation of the on chip digital

processing and it is understandably advantageous to aggressively dissipate more power on the

analogue side if the power saving in the digital domain indicate a overall improvement.

We note another aspect to technology selection in addition enabling voltage scaling is the in-

crease in functional capacitor density. In fact we have shown that the dominant factor for area

requirement in chopper stabilized structures is capacitance through the strong dependency on

gain and filtering elements. More advanced processes have an increased number of metal lay-

ers and higher transistor gate capacitance. This ultimately leads to an increased capacitor

density per square millimetre. In certain scenarios this should allow us to marginally shrink

amplifier configurations while keeping the same filter characteristics. The main concern would

be associated with capacitor nonlinearity that requires extra consideration or correction circuits.
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3.5 Conclusion

This chapter has demonstrated the capacity for conventional analogue instrumentation with

state-of-the-art circuit techniques. This presents capacity for achieving very compact perfor-

mance that is sufficient for the full characterization of neural recordings. The fabricated sys-

tem uses 0.03 mm2 size silicon footprint for 4 recording channels that can characterize 5 mVpp

neural signals with over 11 bits of precision. In addition proposed ∆ΣSAR ADC topology

demonstrates how oversampling converters can achieve 10fJ/conversion efficiency with minimal

circuit complexity. The techniques applied here suggests chopping and sigma-delta modulation

are key components for achieving better performance particularly for size constrained systems.

In association we suggest immediate digitization & coherent mixed signal processing to lever-

age a number of advantages. Moreover we expect modern system will allow more processing

capabilities in the digital baseband for BMI systems that needs to be used effectively.

The significance of minimizing the noise efficiency factor has been revealed in terms of having

profound influence to power dissipation and area. In extension we have presented a number

of topologies that excel at achieving excellent power and area efficiency in the case of single

stage, two stage, and ADC structures. However we are left with little surprise when methodical

optimization of various configurations is limited by the fundamental bounds in terms of noise

and dynamic range. In fact various idealized configuration show little benefit with respect

to one another if they have been optimized and exploited appropriately with the understand-

ing presented. It is characteristic that improving resource efficiency for full bandwidth signal

quantization is difficult because we simultaniously attempt to achieve lower supply voltages.

Although digitization is crucial to most neural recording systems for extracting the signal char-

acteristics used to train and improve signal postprocessing. It is clear that improvements at the

system level will lie very much in the domain of specialized instrumentation and analogue to

information converters. This notion is motivated by the desire for the system to be limited by

the law of equipartition and less so by the quantization process of the data converter. The direct

classification of recordings in the analogue domain has significant implications on the respon-

sibilities of the accompanied DSP on chip and the reduction of associated processing bandwidth.
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Chapter 4

Neuron Processor Interface (NPI)

A core aspect of emerging neuroscience is quintessentially performing real-time data analysis at

a massive scale. However when we observe its manifestation in state-of-the-art neural interfaces

we find the hardware is very limited to specific methods that can be objectively short-sighted.

This chapter aims to direct our attention to a different point of view with respect to how these

sensor systems can be structured. In particular we are guided by the concept where an implant

is capable of performing software defined instrumentation. This is associated with a focus that

lies with enabling real time & in-vivo testing of a more diverse set of signal characterization

methods. More importantly we will demonstrate that this can be made feasible for large scale

distributed systems.

This particular approach is motivated by a number of factors that aim to increase performance

and enable research opportunities. The first is that many aspects with regard to the signal qual-

ity of an implant cannot be predicted beforehand. As a result implementing a specific algorithm

for specific signal characteristics may lead to failure or an overly conservative design because

the environment can potentially be excessively noisy. By introducing the capacity to dynami-

cally execute different processing methods on neural data the implanted system to use either

LFP and EAP activity in real-time. This may be a significant element to improving the success

for chronic BMI implants. Moreover the prolific development in characterization methods used

for decoding neural data inhibits a general consensus for DSP techniques. This prevents a

82
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single method and corresponding architecture to be applicable in most scenarios. The second

factor is that this approach conceptually enables the development of real-time resource con-

strained algorithms which are virtues often neglected when working with data sets. Currently

most BMI development platforms have limited capabilities to allow algorithms to use external

or multi-modal features to inform local operation and simultaneously provide recordings from

hundreds of electrodes. This construction may be a key factor to allowing high level algorithms

to directly manipulate machine learning parameters local to each implant. This hierarchical

fashion should improve the efficiency of distributed BMIs for decoding information. In contrast

we question the feasibility for scaling the current supervised methods that require fine mea-

surements of each electrode’s recording to approach a optimal decoding strategy. Typically the

computational efficiency of this approach remains exhaustive when reconfiguring sensor param-

eters because it use a centralized unit that recalibrates all recording channels in an elaborate

fashion.

This chapter is organized as follows; Section 4.1 motivates localized processing for increased

efficiency and estimates to what extent we can perform on-chip processing. This is followed

by Section 4.1.1 where typical methods used for neural signal analysis are introduced and the

respective hardware complexity is demonstrated in Section 4.2. This leads into the proposed

distributed processing architecture in Section 4.3 where the design is discussed with respect

to the implementation. Section 4.3.3 demonstrates the realization of this platform. Finally

Section 4.4 draws conclusions with respect to the digital approach to neural instrumentation.

4.1 Processing at the interface

Ideally a neural interface device is tasked with recording from a large ensemble of electrodes and

transmitting information with the lowest bandwidth because the harvested power is a scarce

resource for implants inside the body. However over the course of an implant’s life time most

signal characteristics are dynamically changing which implies that there should be an involved
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learning process that similarly adapts to these changes. This can also mean that the output

bandwidth is constrained by the total amount of mutual information that can be retained

within the device. Such a device will predict the expected recording from one time interval to

the next and differentiate any new information that needs to be transmitted. Hence we should

be convinced that the processing capacity or complexity for a closed or memory limited system

should reflect in its fundamental ability to store information [140].

In order to capture some high level trends with respect to processing requirements let us

normalise memory capacity in terms of state variables that is independent of modality. This is

particularly useful because the number of state variables in a dynamic process is a good indicator

for complexity whether is a digital classifier or an analogue filter. Here we will exclusively focus

on processing by assuming the signal being operated on is idealized with respect amplitude and

its representation. This extends from our analysis in Section3.4 by elaborating specifically on

comparing digital and analogue resource allocation associated with processing.

RA =
2π BW kT SNR2 UT

VDD L︸ ︷︷ ︸
power

·
(
Amin
L

+
kT SNR2

LV dd2Cdens

)
︸ ︷︷ ︸

Area

(4.1)

If we represent the resource required as the power area product for a state variable then in

the analogue domain it would be represented by Equation 4.1. Here BW , VDD, Cdense, Amin

reflect the signal bandwidth, supply voltage, capacitor density, and typical transconductance

area overhead for a particular technology respectively. L is a normalized feature size that allows

us to evaluate parameters for a particular technology and extrapolate them based on constant

field scaling factors.

RD = 2BW α log2(SNR)Cgate V
2
dd L

2︸ ︷︷ ︸
power

·α log2(SNR)AgateL
2︸ ︷︷ ︸

Area

(4.2)

Similarly Equation 4.2 represents the power area product for a digital state variable. Cgate,

Agate, α parametrise typical gate capacitance, area, and overhead for each register respectively.

Generally the dependency of both parameters RA and RD are well understood and guide max-
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Figure 4.1: Impact of technology on RA analogue (green) and RD digital (blue) processing
resource requirements extrapolated from a 180nm CMOS technology under constant field scal-
ing.

imizing system efficiency in an abstract sense [141].

For neural instrumentation however both power and area requirements must be highly con-

strained in order to realize a device that can accommodate a large number of recording chan-

nels and remain implantable. Figure 4.1 shows the resource requirements for processing in

the analogue and digital domain with respect to signal fidelity and CMOS technology. Either

approach can present an advantage over the other under specific conditions. Digital systems

appear favourable beyond 65nm CMOS where analogue will do better at lower SNR conditions

given a technology with a larger feature size. The discussion in Section 3.4 suggested the ana-

logue preconditioning requires a resource allocation of 10−15Wm2 with a weak dependence on

technology. Moreover if quantization is not considered then power can be entirely determined

by the noise specification and the area requirements are dependent on the gain configuration.

Comparing this figure with the estimate on RD indicates that we should be able to integrate
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a considerable amount of processing capabilities before the DSP uses a comparable amount of

resources. This is important because improving on-chip processing capacity ideally results in

requiring less supervision and a lower wireless communication bandwidth.

While we may expect other sources of over-head and extra power dissipation components, we

should instead take a moment to consider the implications of this result. Particularly when

considering the claim that electronic sensing of brain activity on larger scales is not viable

due to the excessive data rates derived from the principle entropy relations and the associated

communication bandwidth [142]. Clearly any degree of on-chip processing undermines this

limitation because it enables us to achieve data rates far lower than that of the electrical

signals by finding a more appropriate basis of encoding information. On the other hand it

does raise an important point regarding the relationship of the generated output data rate and

the recorded signal to noise ratio. In some sense we are simply faced with the challenge of

best consolidating the recorded information towards high level indicators for specific objective

functions. This allows us to approach data rates extracted from current BMI studies which are

negligible in comparison to the Nyquist rates. In this light we argue that electronic methods

for recording activity are the closest to realizing a viable neuroprosthetic solution in the near

future when comparing optical, magnetic and less invasive BMI architectures.

Now we can make the assertion that there should be two approaches to solving the system level

challenge of integrating wireless neural instrumentation systems. The first approach would be

a mixed signal topology that extensively uses analogue processing such that technology has a

weak impact on improving efficiency. Instead the critical component lies with the effectiveness of

analogue dimensionality reduction. In such a case we need to adopt a well established algorithm

that can accommodate analogue variability an still deliver exceptional signal characterization.

The second approach is to rely on digital methods that deliver robust and reconfigurable com-

pute resources that scale well with technology. This should grantee the capacity for a variety

of fully adaptive algorithms capable of extracting multi-modal characteristics from recordings.

This could much more valuable for experimental neuroscience at this point in time. Unfortu-

nately not all forms of algorithms can use the low power characteristics of processing in the

analogue domain. Moreover they are typically limited by underlying assumptions regarding
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Figure 4.2: Analytic number of digital operations available with respect to different technologies
(red) with references to the normalized performance of image processors (blue).

noisy perturbations. When we introduce different contexts of operation reconfiguring the ana-

logue is not done as arbitrarily as a digital structure would. For this reason we will adopt

the digital approach in order to leverage robust reconfigurable capabilities and reconsider the

analogue approach in Section 5.2.

The significance here is that these trends allow us to roughly estimate the complexity of algo-

rithms for different technologies if their resource requirements made to be equivalent to that

of the instrumentation circuits. We show in Figure 4.2 that using a 0.18µm CMOS process

should give way to approximately 100 state variables or equivalently perform about 100 op-

erations per sample taken. In fact looking at image processors that similarly rely extensively

on data intensive post processing we can see an identical dependency on technology scaling as

we have predicted for various levels of digital performance at different technology nodes. It is

important to note that the normalized efficiency evaluated here is in fact independent of signal

bandwidth and only depends on signal to noise ratio and its relation to the supply voltage.

Psystem = Nchannel · (PAlgo + PTransmit)︸ ︷︷ ︸
In Channel

+PControl + PComms︸ ︷︷ ︸
System Level

(4.3)
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System level design of a embedded processing system for BMIs should be guided entirely by the

optimization of compute power efficiency. As shown by Equation 4.3 we expect are two primary

components in the system power breakdown. The over all objective should lie with minimiz-

ing the channel level power dissipation of the algorithm Palgo by increasing that of the system

level control PControl such that the component that scales with channel count is reduced. Sec-

ondly we should keep in mind that reducing in processed output data alleviates the dissipation

of the on-chip communication PTransmit and the external telemetry power consumption PComms.

4.1.1 Methods for Neural Signals

A key component to developing this platform is a discussion on the diverse set of signal pro-

cessing methods performed on neural data and their computational requirements in order to

determine our system’s specifications. More importantly we want to judge what is the ex-

pected complexity for some of these operators and how many variables are allocated during

each process. There are in principle four different categories for the methods that are applied

to process neural signals which are listed below. In practice, a single integrated system will

utilize a multitude of different techniques to achieve denoising and feature extraction.

Pre-Processing is the filtering and conditioning of each ADC output sample using FIR, IIR,

or non-linear filters. Here the objective is simply to de-noise the features or signal components.

The resulting signal allows for better detection or more precise evaluation of the signal charac-

teristics and is often closely related to the characteristics of the instrumentation circuits. This

output may be considered as the raw signal recording that is used to bench mark any post

processing methods or other instrumentation systems.

Detection is associated particularly with capturing the intermittent spike events. There is no

quantitative evaluation made with regard to the nature of the detected spike but any detection

may trigger the process that records contiguous samples around the detection event that are

then subsequently characterized. These events are commonly triggered upon simple threshold
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crossings of the signal or its integral power over several samples. In some systems the inter-

est lies only with the accurate detection of spike events which is sufficient to perform closed

loop therapeutic treatment or control actuators external to the body. Data reduction can

be interpreted either as representing a spike waveform in terms of defining features or with a

reduced basis to allow approximate reconstruction by using spike amplitude or wavelet decom-

position. Representing waveforms in terms of their quintessential components allows for more

efficient post processing and reduces data rates in the case of wireless telecommunication. In

its primitive sense this is simply dimensionality reduction of the recorded data and is usually

followed by supervised or unsupervised signal classification.

Classification is the predominant objective for BMIs and is the main difficulty to realize

inside a embedded recording system. Such a task in spike based systems primarily performs

a generalization of the detected spike shape in terms the previously detected neurons. This

reflects the fact that in most cases multiple neurons can be detected by a single electrode and

by distinguishing these events the integrity of information can be preserved. The objective here

lies with having an equivalent spike event output as simple detection to perform actuation but

with better fidelity.

It should also be clear that the above operations primarily focus on reducing the recorded signal

to its primitive components in terms of spike events at the rate of 100 b/s instead of the 256Kb/s

data stream typically generated by the ADC. The processing layer on top of this elementary

function will either aim to evaluate neural connectivity or use collections spike rates to perform

inference of high-level dynamics. This application specific processing of these systems will not

be considered here primarily because the nature of such a problem is very different from the

more generic information extraction from recordings. As a result that system architecture

should revolve specifically around multichannel trained dimensionality reduction. Even when

such a task can adjoin to what is presented here it will be out side the scope of this discussion

which targets more generic signal instrumentation.

When we survey the various algorithms found in recent literature and estimate the expected

memory/computational requirements we might observe a distribution like that shown in Fig-
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Figure 4.3: Estimated resource requirements for different classes of algorithms use for processing
neural recordings found in literature.

ure 4.3. For fair comparison we have adopted these methods to operate on a window size of 32

samples with three types of dectected spike waveforms when applicable and only accounted for

memory allocation that cannot be shared across channels. This should give a good normalized

indication of the limiting components for each method which we could then further optimize

in a more specialized manner. Notice that there is a strong correlation in the memory usage

and the required number of operations for most embedded systems.

Some of the most efficient spike detection and feature extraction is associated with using tempo-

ral characteristics of the spiking waveforms. Common examples include using the time interval

between minimum and maximum peaks or the duration of threshold crossing for detected spikes.

The defining characteristic here is that alignment buffers are not needed which leads to using

very few operations per sample. Inherently the drawback is the increased sensitivity to noise

which implies a very limited capacity to distinguish and classify different spike shapes. Unless

more filtering is performed. There are other methods that also operate with reduced signal

buffers. For instance using compressed sensing where signals a continuously re-projected with

a sensing matrix. This requires a few accumulators for each coefficient being extracted but this

is strictly data compression. Ultimately This may not help directly with classification or signal

characterization that must now be performed off-chip before any benefit can be realized.
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Many other classes of algorithms operate on a windowed basis that exploit learned mean spike

shapes that are expected in the recording. Here a convolution or distance operator will indicate

which class of spike is detected. For terminology let each convolution of the signal result in

a feature that is used for detection and/or classification. The adaptive component of these

methods leverage a significant amount of noise shaping and separation depending on what

the objective function entails when the basis for convolution is being determined. The most

prevalent approach is convolving with principle components which simply maximizes the signal

variance in the projected space. In contrast to using temporal feature that struggle with sample

limited denoising, the windowed operators should be more robust towards noise. Instead there

is some difficulty in systematic alignment of the window with the spike. This aspect often

motivates increased sampling rates or interpolation in order to perform accurate alignment.

The objective function for determining the convolution kernels can be oriented towards maximis-

ing sparsity [154], signal to noise [155], cluster separation [49], or expectation maximization [156]

each reflecting different signal modalities and analysis methods. Although the complexity for

training can be varied extensively the local operations for classification after adaptation is al-

most equivalent. This operation is the F linear projections using W samples onto the feature

space where F and W are the number of features used and the number of samples in the window

respectively. There may be some deviation from this operation if we also consider the differ-

ent confidence intervals for each class is taken into account. This can be done by evaluating

centroid distances in terms of the variance for each respective centroid. Conversely to such

training, generalized templates averaged over a number of recording channels may also be used

for feature extraction in order to share the memory requirements at the loss of not achieving

maximally separated clusters for each individual channel.

Naturally it is challenging to objectively judge feature extraction and classification methods.

We could always reduce the dimensionality of the search space or by simplifying the convergence

strategies to reduce memory and computational requirements. For this reason the details in

Figure 4.3 should be considered in relative terms due to the generalizations made with regard

to system specifications. As many methods in the literature are not performed at the sensor

interface they typically will not take advantage of processing on a sample to sample basis and
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opt for a batched or sequenced processing methodology.

We claim however that the segregation between methods primarily lies with whether the classi-

fication features are based on sample space characteristics or alternatively use windowed convo-

lution operators. The former is the less rigorously justified as the features relating to amplitude

and spike width have weak physiological significance but are aggressively more efficient than

other methods. The characteristic requirement of the later later approach is typically related to

the window size that is indirectly associated with the sampling speed in order to fit the relevant

spike shape into the window. One important objective of current decoding research is related

to introducing adaptive techniques that iteratively improve classification without supervision.

Particularly without excessive memory requirements in order to keep track of long term statis-

tics. To demonstrate why this can be particularly challenging, consider a simplified example of

using K-means to directly cluster the sample space adaptively where we are fortunate to know

the number of classes is three.

Clearly for each detected spike we would need to evaluate the distance between our data the

centroids having a memory and complexity requirement of (1 + F )W variables and 2F W

operations respectively. Then once the class is determined an additional 2W operations are

needed to adjust the centroid with the new data. This may include keeping track of the

additional F W truncation residues that allow using a small enough adjustment weight for

convergence when our quantization is limited by an 8 bit system. Now for completion, assume

our window is 32 samples and we come to the conclusion that for each recording channel we to

actively need to allocate nearly 2K bits.

Typically this primitive aspect of a generic classification algorithm is intensive enough war-

rant not performing it locally in contrast to the complexity of the aforementioned temporal

features. It also raises the challenge of trained dimensionality reduction without supervision

which exclusively relies on evaluating the covariance matrix in order to minimize the correla-

tion of non-signal components with our new basis. The above algorithm may be representative

in terms of complexity with the exception that basis pursuit relies heavily on inner products.

There is some relief from the fact these optimal basis change very slowly and actively adapting
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is only needed once few hours as the electrode recording changes slowly with respect to the

neural activity. As will be demonstrated the feasibility of these more involved methods rely very

much on the careful construction and memory allocation of the algorithm with respect to the

processing architecture. Operations like k-means and PCA decomposition can be performed to

a certain extent if the operations are broken down into a incremental procedures.

4.2 Resource Constrained Classification

Primarily to substantiate our expectations for performing processing at the sensor interface

and evaluate where the system level requirements should lie. Ultimately such a system needs

to encompass a significant variety of different application requirements. We will consider the

implementation of two well known methods that process neural recording and generate classified

events. This will be applied to the equivalent scenario where the proposed instrumentation

front-end is used from Section 3.1 such that the digitized signal will have considerable dynamic

range but lacks analogue filtering. In particular this implies the recorded signal is filtered by

a first order butterworth low pass filter in addition to near-DC rejection while being sampled

at 25KS/s. We will address the rejection of low frequency aggressors in addition to the

computational requirement of typical processing algorithms.

Many of the filter and processing considerations are guided by evaluating accuracy empirically

and justified though constrained parametric optimization [157]. The particular algorithms

implemented here are structured in such a way they perform specific considerations for the

underlying hardware. On numerous occasions we will employ single bit accumulators as ap-

proximations to the IIR equivalent feedback structures in order to improve our effective register

depth through feedback. This is a primary advantage of in-channel processing where we may

exhaustively make use of recorded data without having concern for the communication of these

components.

Empirical validation is demonstrated by using of synthetic data sets that are publicly available
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online. This data is based on characterized extracellular recording where both background

activity and spike morphologies are extracted from a human neocortex and basal ganglia. The

synthesized recording was originally used to evaluate the performance of super-paramagnetic

clustering with wavelet decomposition at different background noise levels in [1]. Synthetic

data specifically allows the inference of the ground truth resulting in unbiased performance

indicators. For fair comparison of analogue and digital techniques we additionally include low

frequency content from 1− 300Hz at 10× of the largest peak to peak amplitude of the extra-

cellular action potentials found in the recordings.

4.2.1 Spike Detection & Filtering

Arguably the most influential aspect to neural detection and classification algorithms is the

signal preconditioning for systematic and accurate detection of spike events. The importance

lies with the fact that detection behaviour has the significant influence on how the feature space

appears when the spike is characterized with various methods. Although amplitude noise can

usually be accounted for in terms of filtering. Any misalignment in the time domain due to

noisy aggressors in the detection operator can up modulate low frequency components. The

tendency to perform detection in the digital domain is entirely related to the instantaneous

characteristic of discreet time processing which is superior to the group delay inherent to ana-

logue implementations. Minimizing this factor will minimize additional memory for capturing

any signal before the detection event.

The method proposed here tracks both the mean spike amplitude and back ground noise levels

in order to assert the detection level of spike events. Motivated by using physiological charac-

teristics to specify the underlying operation parameter k3 is introduced to represent the relative

amplitude of background activity to that the maximum spike waveform that is intended to be

detected. Or in other words if we are only interested in the closest neurons to the electrode k3

should be close to 1, otherwise if we also want to detect background activity with an amplitude

at 25% of the largest spiking events k3 should approach 4. In actuality this term should also
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be related to how well our classification can separate noisy detection or actual spike events.

Algorithm 4.1: Spike Detection and Alignment

Data: Sample from ADC X[n]
Result: Detection events & spike window W1

1 begin
22 Update VLFP with k1 · (X[n]− VLFP ) // Track low frequency content

3 Set S[n] with X[n]− VLFP + k2 · S[n− 1] // IIR bandpass filter

4 Set G[n] as
∑
S[n] · FIR(2 ∗R) // FIR bandpass filter

5 Set ES[n] as S[n] ·G[n−R] // Energy Estimate from IIR & FIR product

6 Update Vnoise with k1 · (|ES[n]| − Vnoise) // Estimate variance on energy estimate

7 if ES[n] > Vth and ES[n] > maxlocal // Find threshold crossing or new local max

8 then
9 Update Vth with k1(ES[n− 1] + 2Vnoise − k3 · Vth) // Adapt peaks and varience

10 Initiate Spike Alignment
11 Set maxlocal to ES[n] // Set local maximum

12 Set index to 0 // Initiate data pointer

13 else if Currently alligning spike (index < 16) then
14 Set W1[index] to G[n− 10] // Store spike waveform with delayed samples

15 Set index to index+ 1 // Increment data pointer

16 else if Idle state (index > 31) then
17 Set maxlocal to 0 // Finish classification & find next local maximum

18 else
19 Accumulate index with 1 // Increment data pointer

The specifics of this operation is reflected in Alg. 4.1. Here the term Update, Set, and Ac-

cumulate represent recurrence, instantaneous, and integrated relations respectively. The state

variable VLFP primarily removes low frequency drift that is not associated with individual spik-

ing events and S[n] is as a result a bandpass equivalent of our sampled signal X[n]. The signal’s

instantaneous energy is represented by ED[n] which is a product of S[n] and the delayed deriva-

tive computed by the FIR of even order 2R with the coefficients an = −a2R−n = 1−2/R ·(n−1)

for n from 1 to R. The factor R is in association with the ratio of sampling interval to spike

polarization interval, equivalently as R = fnyquist/5KHz. At the maximum of ED[n] operation

on line 5 essentially measures the product of the maximum spike intensity with the maximum

derivative that proceeds it by R samples. This method primarily depends on the fact that spike

detection looks for highly correlated narrow band energy which rejects a substantial amount

of white noise. Moreover the operator compresses uncorrelated components in amplitude as

it exhibits a square dependency in terms of ED[n] ∝ S[n]2 making variation in the threshold
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Figure 4.4: Extracted frequency characteristics of digital filter used in Algorithm 4.1.

less sensitive to detection. The fact that the operator is narrow band limits the detection of

slower spike waveforms that do not contain large derivative components but on the other hand

this grantees more systematic alignment. In this case alignment is done simply with respect to

where the peak value of ES[n] is detected.

The overall filtering characteristic of S[n] and G[n] is shown in Figure 4.4. The IIR bandpass is a

result of k2 being 0.5 such that both filters suppress components around the Nyquist frequency.

The group delay should be equivalent to a single high pass pole at 250Hz but the FIR assists

in further suppressing high and low frequency components. We should not expect significant

contribution from group delay induced distortion as the features of interest will predominantly

have 1KHz − 5KHz components. Besides R and k1 can always be adjusted to reposition the

high-pass poles closer to DC. Note that VLFP will represent the DC−250Hz signal components

that can be used to infer characteristics about the background activity.

The overall performance shown in Figure 4.5 reflects how spike detection is systematically

accurate until the noise level approached 50% of the signal intensity irrespective of the data set

with the default case where k3 = 3. Note that the white noise is additive to the background

activity implying −14dB of white noise and −14dB of background activity should evaluate

to around −8dB accumulated SNR. When the noise level exceeds the anticipated background

activity for K3 we observe a strong increase in the number of detected false positives. The

rate of erroneously detected false negatives presents a more gradual increase but at this point

classification is much more challenging. As expected background has a considerably bigger
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Figure 4.5: False alarm rates normalized by true positives for data sets with different back-
ground activity.

impact on false alarm rate because spectral content and signal structure is equivalent to that

of the foreground activity.

We can observe that the main component for computational complexity in this detection opera-

tor arises from the FIR & IIR high-pass filters where the order is closely related to the sampling

frequency. In fact if we ignore the buffer used to capture features before the alignment event

then this filter accounts for 70% of the memory utilization and 53% of the elementary operations

while the rest is used for evaluating the instantaneous energy and performing overhead control.

Note that the classification operator should be introduced in line 19 with a sample basis using

the index as referenced pointer. This implies that we will be classifying while repolarization

occurs at the electrode and our detection trigger is blanked out during this interval. This

implies that we lose the capacity to detect any over lapping spikes. Such events have limited

occurrences and missing such events can be acceptable because proper classification will likely

fail as well.

4.2.2 Recursive Variance Decomposition

Another commonly used technique is that of principle component analysis (PCA) which ex-

tracts the largest loading vectors νn of the covariance matrix. This predominantly negates

the systematic components of the captured signal and reduces the dimensionality of the spike
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window to a sub-set of maximally varying features by linear transformation. These components

are particularly useful as indication for spiking activity in the signal due to structure in νn but

typically also suffice for providing a basis for classification in low noise conditions and reducing

complexity once these vectors are found. The challenge specifically lies with the fact that de-

termining this is basis requires both the computation of the covariance matrix that evolves over

time as well as finding the transformation that diagonalizes that matrix. The implication is

that in order to extract the first two principle components we need to track a total of W (W +3)

state variables where W is the number of samples in the spike window.

The iterative method employed here referred to as recursive variance decomposition (RVD) and

is an approximation to standard PCA by recursively tracking the largest two loading vectors

reducing the minimum number of state variables to 3W + 3. Similarly to PCA estimators like

hebbian eigenfilters [155], every iteration incrementally updates the the learned basis without

requiring extensive computation. The methodology is based on recursive extraction of the

largest loading vector |ν1| that is normalized by g1 by checking the condition (x− x · ν) · ν = 0.

This condition checks if there is any residue in the direction of ν1 after removing its component

to see if it is appropriately scaled. Moreover due to the strong correlation between the mean and

first principle component we approximate that sign(µ) ≈ sign(ν1) completing the extraction

of ν1. In fact these two statements allow a significant reduction in complexity as normalization

is achieved through feedback. The noise shaping and orthogonality properties associated with

PCA is preserved using this extraction which is the most important aspect.

Algorithm 4.2 shows the operation for estimating the first two PCA components. Here D[n]

is the new data point off set by the mean spike waveform µ[n] which allows the long term

estimation of aggregate variance. Similarly parameter k1 specifies how the state variables are

exponentially averaged over the preceding data points. Because the projection of the first

loading vector must be evaluated before the second vector these operations must be sequenced

in time or with memory buffers. The evaluation of p4 is strictly for illustrating the iterative

method at which other components are evaluated while g2 can also be adjusted to normalize

the values of p2 to prevent overflow without needing p4.
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Algorithm 4.2: Recursive variance decomposition

Data: Spike window W1

Result: First two aggregate loading vectors ν1 & ν2

1 begin
2 foreach Sample n in window // Projection phase

3 do
4 D1[n] = W1[n]− µ[n] // Get distance from mean spike

5 Accumulate p1 with D1[n] · ν1 · sign(µ[n]) // Project spike with ν1

6 Accumulate p2 with D1[n] · ν2 // Project spike with ν2

7

8 foreach Sample n in window // Training phase

9 do
10 Update µ[n] with k1 · sign(W1[n]− µ[n]) // Track mean spike

11 Accumulate ν1[n] with k1 · sign(|D1[n] · g1| − ν1[n]) // Move ν1 towards D1[n]

12 Accumulate ν2[n] with k1 · sign((D1[n]− ν1[n] · p1) · g2 − ν2[n])
// Move ν2 towards D1[n]− p1 · ν1

13 Accumulate p3 with (|D1[n]| − ν1[n] · p1) · ν1[n] // Get gain error

14 Accumulate p4 with (|D1[n]| − ν2[n] · p2) · ν2[n] // Get gain error

15 Accumulate g1 with k1 · sign(p3) // Adjust gain on ν1

16 Accumulate g2 with k1 · sign(p4) // Adjust gain on ν2

4.2.3 Template Matching using K-means

Finally we consider the implementation of template matching in channel. This can be seen

as simply a K-means clustering method without dimensionality reduction on the input vector.

The implication is that it is characteristically more memory intensive but requires less compu-

tationally intensive operators.

The implementation considered in Algorithm 4.3 is relatively straightforward where one section

evaluates the generation of new templates and the other adjust existing templates with new

data. The template approach in general has good noise performance due to the redundancy

in correlated features that average out white noise. There is some usually some concern with

respect to the convergence of k-means centroids. Typically due the the fact that noisy sample

points may be initialized as new clusters and thereby wasting memory. The method used here

is iteratively duplicating centroids after convergence. This minimizes the impact of noisy data

in the feature space. As illustrated in Figure 4.6 during each iteration the centroids converge
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Algorithm 4.3: Incremental K-Means classification

Data: Spike window W1

Result: Classification with respect to aggregate clusters
1 begin
2 Accumulate Spike Count with 1 // track accumulated statistics

3 foreach Sample n in window // Projection Phase

4 do
5 foreach Template k in memory do
6 Accumulate pk with W1[n]− Tk[n] // Get l1 distance for each spike class

7 Find pmin = min[|p1|, |p2|, |p3|, |p4|] and Set c to index // Find most similar

8 foreach Sample n in window // Training phase

9 do
10 Accumulate Kc[n] with k1 · sign(W1[n]− Tc[n]) // Adjust most similar class

11 if Not all templates generated and Spike Count > k2 then
12 Duplicate exiting templates
13 Set Spike Count to 0

C1
C1

C2

C1

C2

C3

C4

Cluster 
Initialization Iteration 1 Iteration 2

Figure 4.6: Illustration of centroid evolution over several iterations.

to mean positions. Due to the morphology that these centroids may be in we generally need

more centroids than there are clusters but this approach works well when there are few spike

classes. The assumption here is that we are clustering features that are characteristically Gaus-

sian mixtures.

4.2.4 Complexity Evaluation

Generally the application of these methods should reflect a system level objective. For the

configuration used here the memory and algorithmic operations are estimated in Table 4.1.

Multiplications are equivalent to eight elementary operations and the memory calls are not

considered as a computation but as load/store cycles. The impression made here is that tem-
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(a) RVD classification (b) Template matched classification

Figure 4.7: RVD and template based classification for data sets with −26 dB background
activity.

plate matching is strictly very efficient if the the memory allows large allocation of active spike

waveforms. Similarly RVD could show a considerable reduction in operations if a dedicated

multiplier is introduced but that depends on how much we value compactness over execution

speed. The disparity in memory requirement will dramatically worsen when the number of

centroids is increased which is not the case for the computational complexity in RVD.

Table 4.1: Estimation on memory and computational resource requirements for each algorithm.

Algorithm Memory Operations cycles per sample

NEO Peak Detection 20 Elements 30 56
RVD / training 63 Elements 29 / 88 57 / 116

Template / training 85 Elements 9 / 16 27 / 34

The empirical results in Figure 4.8 generally show that in moderate noise conditions our clas-

sification accuracy is typically better than 85% which is calculated in terms of the aggregate

probability of correct classification multiplied with the probability of missing a spike event.

Unsurprisingly RVD is not very effective in noisy conditions where the variance accentuates

irrelevant components. The classification accuracy from template matching is also shown in

Figure 4.9. These results should primarily show an improved noise rejection characteristic but

more generally this approach is more resilient at dealing with false positives. In principle a

new cluster will be assigned to a zero mean template representing the false positives while
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(a) RVD Classification (b) Template matched classification

Figure 4.8: RVD and template based classification for data sets with −20 dB background
activity.

(a) RVD classification (b) Template matched classification

Figure 4.9: RVD and Template based classification for data sets with −16 dB background
activity.
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maintaining the other templates intact. Strictly the detection circuit should be readjusted to

favour increased detection of false positives as long as the rate of false negatives remains low.

But instead exactly the same parameters are used for every test.

We should be careful to judge the effectiveness of these implementations particularly with re-

spect to efficiency. While we can generally increase performance by allocating more memory or

introducing additional computation we need to quantitatively evaluate the objective. We sug-

gest normalizing the resource allocation with respect to increased information extracted from

the signal by classifying. That is how much more processing are we allocating for classification

by proportionally increasing the signal to noise ratio of our output. In the optimistic case

when the three classes neurons being detected are uncorrelated our base-line accuracy would

be 33% while needing 56 cycle of operation for spike detection. In fact this leads us to believe

both algorithms in this respect decrease resource efficiency by a factor around 2 accounting

for an increased memory, processing requirement compensated with increased accuracy. While

this claim is very sceptical with respect to the motivation for classifying spike events it also

reasons the aggressive reduction in algorithmic complexity through approximations presented

here. There is genuine benefit in classification that assists the convergence of further processing

algorithms. In addition we simply argue that excessive dedication of resources that exceed that

needed for signal conditioning may not be worth while. They key point demonstrated here is

that these methods appear very much attainable in terms of on-chip processing capacity. Here

we considered the case without supervision specifically in consideration for scalability. It is

likely that further reductions or optimizations can be made in that regard to the structure of

these methods to improve accuracy and noise tolerance.

4.3 System Architecture

The conceptual architecture of the system proposed here is foremost based on the opportu-

nity for software defined real-time instrumentation that has not yet be exploited in chronic
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implantable systems at this scale. Currently it is common place to see synthesized logic that

performs all processing and data handling procedures in such a way that they have very limited

high-level reconfigurability. This is strictly in order to save power and reduce complexity at

the system level. It is important to note that for any recording device there are a multitude of

phases during its operation where this flexibility can be highly advantageous once sensor char-

acteristics are learned. Like discussed in Section 4.1.1 many classification algorithms benefit

from training or characterizing the recording conditions.

The approach to specialized DSP in the literature reflects two problems in this field. The first

is signal extraction from recordings that relates to what we have discussed in terms of spike

detection to extract compressed spike train data. The other is associated with accelerating

adaptive filters that map these spike trains on to estimates for cognitive dynamics or invoked

limb movement. Typical examples for spike sorting are fully synthesized cores [49] [158] that

can be integrated and are capable in achieving respectable processing capacity for specific al-

gorithms. In contrast to spike train decoding that is predominantly performed by FPGAs as

integration make less sense for the development high dimensional adaptive filters like [159] that

do not need to be embedded within body. Interestingly the work in [40] proposes a application

specific instruction set processor (ASIP) that similarly argues for high performance compu-

tation for these structures with a high degree of flexibility that reflects the different models

used for spike encoding. Additionally we see the advantage of using off-chip microcontrollers

like MSP430 that interface with a highly reconfigurable instrumentation front-end to leverage

both adaptive and involved noise shaping to perform more intricate operations such as seizure

detection or artefact removal [160]. While these works may not be viable for high channel

count implantable devices it does highlight the considerations for designing fully integrated

prosthetics that is in-line with this work.

Here we will consider a particular type of microcontroller topology that can support reconfig-

urable functionality and reflects the fact that although multichannel BMIs are highly parallel

in nature the associated processing can also be algorithmically intensive. The feasibility of this

notion has been estimated to an extent but many components are subject to implementation.

In essence we optimistically approach this design problem with a strategy that exploits both
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Figure 4.10: Illustration of the proposed distributed µC array for homogeneous program exe-
cution at the sensor interface.

the homogeneity in processing and the information locality in order to realize a feasible solu-

tion. This lets us focus on the in-channel operation where efficiency is maximized through the

topology of the execution unit. Regardless of the end result this proposed system will be one

step towards the goal for more effective chronic neural implants.

4.3.1 Distributed System

The system illustrated in Figure 4.10 represents the distributed microcontroller architecture.

The primary mechanism of operation is the program memory that continuously feeds the stored

instructions into the pipelined array of processors that operate locally on the recorded data.

The execution of these instructions is handled with what is essentially a instruction decoder,

memory module and an arithmetic unit that is interfaced with four analogue recording chan-

nels. This approach guarantees that the absolute minimum amount of energy is required for

the communication of recorded data as the information is processed and consolidated to its

elementary component at the quantization interface.

Inherently this implementation will sacrifice the availability of more intricate functionality found

in DSPs since the data is not funnelled into one processing unit that can be very elaborate in

complexity. The distributed structure is rationalized by the fact that the intensive operations

such as clustering methods operate at a much lower speed due to the sporadic spiking activity

that make statistical convergence slow. Furthermore these adaptations need to be performed

on the order of minutes by which such functions may also be implemented through the redun-

dancy of elementary operations. Moreover multiplexing loses effectiveness in memory intensive
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Figure 4.11: System architecture for NPI sensing platform with digital interfaces annotated.

applications as it does mitigate the power & area scaling associated with memory allocation.

Also consider that the program control that gives this implementation its capability for generic

computation does not scale with the number of processing units. This is an important distinc-

tion when addressing a hundreds of channels on chip that will allow this implementation to

outperform any other architecture and leverage the fully integrated form factor. We also note

that whether this architecture is realized by synthesized logic, FPGA fabric, or more custom

logic cells is insignificant to the extent that the memory structure plays a more profound role.

This claim is based on the algorithms in Section4.1.1 that allocate significantly more resources

to memory than algorithmic operators. In particular memory density and efficiency is a crit-

ical component to the success of this type of large scale sensor system. Here 3-T eDRAM is

employed which is more effective than alternative solutions memory solution and can still be

realized on a standard CMOS process [161]. When compared to an SRAM equivalent we find

it can readily achieve a factor 8 improvement in density [162].

The high-level interfaces are illustrated in Figure 4.11. There are multiple layers with respect to

how internal resources are accessed for reconfiguration. This is primarily for robustness where

each layer increases in complexity and chance of failure. The low-speed interface is the simplest

element which acquires commands from an external device with very relaxed requirements on

input timing. These commands allow us to reconfigure the high level sub-blocks like tuning

the generated reference voltages provided by the power management, control reset/power of

individual sub-blocks and selecting which digital test signals should be monitored. In particular

the processor array and program memory layers almost operate in isolation to the peripherals.

These blocks are timed by the internal PLL structure that drives significantly higher data rates
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Figure 4.12: Physical implementation of NPI system using a 6-metal 0.18µm CMOS process.

that do not need to propagate to the pad level in order to save power. The back-end of the

system similarly communicates data uni-directionally between two different clock domains to

send data packets off-chip using a number of handshaking protocols.

The implementation of the analogue circuitry has been discussed in Section 3.2.4 where we

additionally constrain all algorithms to a maximum of 1024 cycles per sample while maximally

allocating 128 words of memory. With respect to our previous discussion this amount of hard-

ware should allow a large set algorithms that are resource efficient. If not the topology will

promote the construction of processing with more aggressive memory efficiency and using feed-

back dynamics to implement more complex operators such as division. It should be noted that

these specifications have flexibility by sampling multiple times per program cycle or reducing

the system clock using the configurable phase locked loop in order to reduce power.

Figure 4.12 presents the fabricated prototype device. It can be seen that integrating many

peripheral blocks such as a phase locked loop, voltage supply regulators, and program memory

on chip minimizes the pad count required for the digital and power domains. However even

for a 64 channels system the number of analogue pads required for the sensor interface play a

significant role on top level organization. In addition careful consideration has to be made with

respect to how the digital signals propagate where minimizing track length not only reduces

digital noise coupled to the substrate but more significantly the associated power dissipation.
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The number of processing elements can in fact quite easily be scaled up by extending the in-

struction pipeline where the system level timing constraint for speed and fanout lies with the

program memory which has an internal pipeline that needs to connect the program memory

together.

4.3.2 Processing Core

In order to allow the hardware to provides generic processing capabilities in a distributed

fashion a number of considerations have to be made. In particular we need to reflect the

typical operations with certain modalities of operation. It is clear that although all recording

channels should execute the same algorithm they will typically not share the same state of

operation. This state dependency is exemplified with respect to intermittent processing during

bursting neural activity and idling during quiet periods. This is an inherent limitation to

sharing the program memory as the dynamic execution of the code where each core has its own

program counter or a top level scheduler is not feasible for an arbitrary number of channels.

The quasi-out-of-order execution makes it challenging for us to adopt scalable tile structures

found in image processing [105] that excel in maximizing area and power efficiency in a scalable

sense.

Lead by maximizing the locality of data execution [163] where this aspect of branch control

or conditional execution is mediated by skipping a section of the incoming instructions if a

condition is not met. The approach of skipping sections of code up on branching is relatively

in-efficient with respect to throughput. This approach is optimal at the system level when

individual cores may need to execute any section code and branching will only be limited by

the dissipation related to the registers pipe-lining the instructions across the chip.

The individual components of the execution unit are shown in Figure 4.13 and details the main

data buses used for exchanging data. The majority operations revolve around manipulating

data in the registers R1-R16 as A operand in association with any other data sources that

can be used as B operand. The operation performed by the arithmetic logic unit (ALU) will
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Figure 4.13: Organization of the distributed execution unit detailing components and the
interconnect.

always overwrite the result to the location of the A operand but can in extension also be used

to to write to other locations (i.e. memory, periphery, etc.). This implies that in terms of

instructions there are always two components where the first is simply the operation executed

by the ALU in addition to the two memory sources. The second component optionally extends

this simple functionality by writing these intermediate values to multiple other locations or

arbitrary branching operations that will take the unit out of sleep.

On that note we mention that the local execution controller consists of three registers that

assist in branching operations or conditional execution. When either of these registers have

logic one the instruction is gated by a null operation before execution. One of these registers

will self reset allowing for if-else functionality by skipping a single instruction. The two other

registers need to be cleared actively but in combination this will allow for nested conditioning

of up to three levels. While in idle state no internal registers are clocked with the exception of

the instruction pipeline and the branch controller saving a significant amount of power as the

instruction does not need to be decoded.

The digital data interface provides the means for communicating data either off chip or to

adjacent execution units. This functionality allows granular consolidation of features or signal

structure and correlate measurements with system level parameters. For example consider

each execution unit is listening to the most informative analogue instrumentation channel, it

is conceivable that comparing its spike train with that of an adjacent units to evaluate neural
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interconnect level features. The Asynchronous data bus on the other hand is a key feature that

allows this system to appear as a slave at the network level that does not need to be coherent

with the system or off-chip clock. This bus is in essence a large buffer distributed across many

channels utilising asynchronous hand-shake protocols to funnel the data to a SPI module that

is clocked either externally or internally [164]. This solves a number of coherence problems that

mitigates the need of having a FPGA to drive this system as the SPI module is not timing

critical. Furthermore this alleviates clock distribution as the timing constraints are always local

to each execution unit and not the data bus that is distributed across the chip which may either

be very restricting or power intensive.

The dynamic control with respect to the analogue channel is enabled by one designated 8

bit register per analogue channel. In this particular case 4 bits are used to specify gain, 2

bits for configuring the biasing current as 0x,1x,2x,3x, and 1 bit of the reset function. In

particular the reset phase will temporarily boost the transconductance on the band-limited

filtering stage to allow sub-microsecond auto-zero for active noise shaping. For both the ADC

and the amplifiers there is one bit that controls a multiplexer at the input that can switch in

the sensor or a global differential test net for calibration or verification. Similarly the ADC

has 2 bits to select which analogue channel another bit to clock at the full rate or half the

rate of ad joint micro-controller. In addition there are 3 bits to control the how the chopper

frequency is divided from the sampling signal which is the final control bit. Understandably

the analogue configuration will remain static after the appropriately being set. The ADC

configuration register is considerably more dynamic as the multiplexer needs to be reconfigured

and sampling needs to toggle persistently.

There are two modes of getting quantized data from the ADC depending on the desired func-

tionality. The first is simply reading the 8 bit quantization register that shadows the 7bits

quantized by successive approximation and the LSB from the first integration result. In order

to utilize the higher resolution capability the comparator output is used to integrate coefficients

from the instruction onto a local register where the comparators will decrement or increment

the register accordingly. If no calibration data is locally stored this operation first integrates

binary weights on one register during the SAR cycles and then integrates the FIR window onto
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another register. This is large investment of cycles to perform high resolution quantization but

this can be optimized for specific applications when it is necessary. If the calibration data is

available for the 7 SAR weights then the ADC must be configured to run at half the system

speed and before quantization these weights are loaded from the memory onto registers R2-R7.

Followed by the usual process of SAR quantization while these weights as simultaneously also

integrated on a second register. Then after the integration phase three registers will contain

quantized data. The scaling of coefficients is key and should be such that the Σ∆ result simply

copies the sign bit of the SAR operation and can concatenate the lower 7 bits with the SAR

result. Then the calibration data is scaled appropriately and added to the 14bit signed double

with carry logic. Clearly there a number of conventions suggested here that will best exploit

the capabilities of the design.

The memory module local to each execution unit hold 128 words of data which can be shared

across the analogue channels with 32 locations each. Particularly when the DSP is mainly

performing filtering the recorded data can be buffered for FIR filtering or keep its high preci-

sion filter state variables for IIR structures. These filter and program coefficients are stored in

the shared program memory such that the execution unit does not experience an overhead in

memory requirement. However for other memory intensive algorithms such as template match-

ing, serving the most informative of the four analogue channels will have to suffice because the

memory requirement is beyond the capabilities of this configuration. The DRAM architecture

has a refresh-up-on-read mechanism which implies that the used memory locations will have

to systematically be read to keep the data stored valid. Fortunately this requirement is self

fulfilling as the program recycles itself every 100µs and the DRAM retention time is on the

order of 1ms implying that as long as there is a guaranteed read on the memory location it

will stay valid. The physical read mechanism however does require a minimum of two cycles.

The first is in the background which simply prepares the internal registers of the module while

a different execution is taking place and the second is in the foreground where the location is

read and the data bus is driven by the DRAM.

As the illustration in Figure 4.14 shows, keeping the 8 bit structure in terms of parallel op-

erations maintains a very compact floor plan. This is typical of data flow intensive designs
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Figure 4.14: Physical implementation of execution unit using a 6-metal 0.18µm CMOS process

where the digital logic should be placed underneath the associated data buses. This is difficult

to replicate by automated synthesis tool where signal congestion is the most stringent aspect.

The digital signals for the two operands and the data line span horizontally where sub-blocks

extensively take advantage of the gated output buffers for each sub-block that is controlled

by the decoders. The full custom approach taken here sacrifices design effort for additional

performance in terms of reduced parasitics and more aggressive power gating.

<C>,[<CE>],<A>,<B>,[<OE>*] (4.4)

The syntax for constructing instructions needs to be in the Backus Normal Form [165] as for-

matted in Equation4.4 with reference to Table 4.2 which summarises all possible compositions.

A parser is implemented that will translate an ordered set of these instructions directly into

hardware specific machine code that needs to fed into the instruction pipeline any violations

or exceptions will be caught by this script automatically. Although there is no dedicated mul-

tiplication hardware there are specialized registers that allow shift add based multiplication

over eight cycles. Any other primitive logical or arithmetic function can be realized with this

instruction set as it is turning-complete. This assertion is made by noting that it can evaluate

the operation; subtract and branch if less than or equal to zero, which is sufficient for a one
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Table 4.2: Overview of instruction sub-components.

Index Operation Subset Summary of Possible Entries

C Logic Operation: Logical Shift Left/Right, Arithmetic Shift Left/Right,
XOR, XNOR, AND, OR, MOVE-A, MOVE-B

C Arith. Operation: Compare, Add, Carry Add, Multiply, Complete Multi-
ply

CE Compare Option: >, =, <, Overflow

CE Add Option: Subtract, Absolute Value, Increment Overflow Bit

CE Mov Option: Mem. Address is from Data line. Default is from In-
struction

A Operand A: R1-R8, R9-R13, ID, Count, Memory

B Operand B: R1-R8, Left uC, Right uC, Instruction, ADC, Memory,
Null

OE IO Extension: Write to Left uC, Write to Right uC, ADC Sample en-
able, Write Output Buffer

OE Branch Extension: Write to Branch Register BR1-BR3, Invert Branch Re-
sult

OE Memory Extension: Write Address, Write Data, Read Data

instruction set computer [166].

It should be mentioned that there a number of hardware specific details with respect to how

certain instructions behave that need careful consideration towards the implementation details.

For example if no comparison is made but a branch register is accessed the output of the

comparator will be treated as false no matter what logic the overflow bit is. This allows us to

clear or set branch registers while simultaneously performing an operation. Another example

is that by default the instruction data is ready at the input of the memory address to prepare

a read in the background. In most cases it is intuitive and we simply strive to maximize the

cycle efficiency. At all times the execution unit is capable of dealing with the compute aspects

while performing branching and memory access simultaneously.

This work also provides an elaborate set of test tools that allows compilation of instruction code

and the generation of piece-wise-linear ‘csv’ files for test sources that can be used in the circuit

simulators. This can be used in association with the transistor or verilog implementation of
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the processing core. The behavioural models in particular are important for the translation of

this architecture to other implementations.

The results in Figure 4.15 exemplifies the dependency of power dissipation with respect to

different operators for the same operand A and B. It should be expected that the is a strong

operand dependency with respect to power consumption but these results follow our expecta-

tions closely. Generally the simpler the operation the lower the current dissipation is because

less complexity is involved with the switching losses. Here again we observe that when the unit

is in a sleep or branching state the power dissipation is mainly associated with the instruction

pipeline. As this 32bit pipeline transverses the entire execution unite it plays a significant

contribution towards the baseline power consumption. The typical power consumption for full

activity will lie around 45µA it should be noted that sporadic spiking activity will gate the

majority of operations and it is likely that running at half the designed rate with 512 cycles is

more than sufficient. Note the typical figure of power is 2.7 pJ/Cycle or 2.7µW/MIPS which

is several orders of magnitude better than 16-bit microcontrollers such as the MSP-430 [167].

The specifications given in Table 4.3 summarize the main features associated with this system

on chip for processing neural data at the sensor interface. As the total power consumption

is on the order of 1.5mW there is some concern with respect to the power density associated
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Table 4.3: Summary of performance specifications for the NPI system and state-of-the-art
specialized integrated processing architectures. ? Reconfigurable topology.

Parameter Unit This Work Markovic
[168]

Arimoto
[105]

Architecture Distributed
µC Array

Multi-Grain
FPGA

Dedicated
Tile Array

Technology [nm] 180 40 65
Supply Voltage [V] 1.2 1 1.2
Parallel Units 64 16? 2048
Instruction Size [bits] 32 - 32
Operational Frequency [MHz] 20 400 300
Sampling Frequency [S/s] 32k 100M -
Operations per Sample [Cycles] 256 4 -
PDigital per Channel [µA] 44 - -
PAnalogue per Channel [µA] 16 - -
System Power [mA] 1.42 11.6 300
Program Memory Capacity [kb] 32 - -
Processor Memory Capacity [kb] 1 36 1
Processor Array Area [mm2] 1.04× 1.32 3.8× 5.4 1.60× 3.19
Power Efficiency [GOPS/mW] 1.52 0.86 0.31
Area Efficiency [GOPS/mm2] 0.88 2.34 36.1

with the system in full operation that in this particular case is 26mW/cm2. In fact if the

number of channels is scaled up beyond 64 channels this power density will tend to 29mW/cm2

but will not exceed it. Either figure will likely be smaller subject to the physical & software

implementations but more importantly will not result in a thermal agitation or the heating of

cortical tissue that exceeds 2◦C [66]. More generally we have the advantage of tuning processing

capabilities to the heat-capacity of the implanted package. In fact comparing this work to state

of the art FPGA topologies [168] and highly parallel ASIC structures [105] that follow the

same design methodology we find that power and area efficiency that exceeds that of stand-

alone microprocessors by orders of magnitude. These figures also reflect the expectation that

technology scaling should lead to even more compact configurations. In addition Gate leakage

may introduces some diminishing returns with respect to power efficiency. We mention that

these figures are extrapolated based on the performance of a single execution unit and we expect

more overhead from other components that is not accounted for in this comparison.



116 Chapter 4. Neuron Processor Interface (NPI)

Clock

Configure

Data

Power

LAN

Data
Visualization

Device
Configuration

NPI Compiler

+ +

Analysis &
Pre-Processing

Intermediate
Buffer

High Level
Programs

Real-time Platform

Chip Peripherals

Program
Memory

Async.
Data Bus

Processor
Array

NPI System on Chip

Remote Access

Device
Actuation

Networking

Distributed
Instrumentation

Sensor Test Signals

Networked
Storage

Figure 4.16: Block diagram of the instrumentation platform developed as framework for real-
time applications.

RD =
PµC · AµC

N2
chan · Cycles

=
44µW · 196× 158µm2

42 · 256
≈ 3.3 · 10−16

[
W mm2 per OP

]
(4.5)

Re-evaluating our power/area figure of merit in Figure 4.1 with Equation 4.5 we observe that

practically we lose a factor of ten in efficiency when compared to a dedicated ASIC implemen-

tation because resource utilization inside the execution unit can not be maximized. This was

expected given that instead we attain high-level reconfigurability. However this does achieve

a very good understanding with regard to where the system scales from this point both with

respect to area and power requirements.

4.3.3 Testing Platform

As this system is directed at generic use for the neuroscience community where high level

programming and interfaces are essential for end user adoption. The testing platform presented

here is aligned in such a fashion that its fundamental components can be extended upon greatly

to serve a multitude of needs. This ambitious design criteria is primarily provided by the real-

time platform illustrated in Figure 4.16 that supports a standard Linux operating system. The

thee components compromise of the custom NPI system on chip, the Raspberry Pi platform,

and networked resources.

The software stack running on the Raspberry Pi primarily handles the high speed SPI link that



4.3. System Architecture 117

fetches data from the NPI system at 10Mb/s and stores it to a local buffer for some of the

data visualization. This data stream is then forwarded to a network routine that is connected

to a server over the local area network via a UDP protocol to allow large quantities of data to

be stored in a scalable fashion. The graphical user interface is built on top of this process in

order to give a means to both configure the device actively and provide some form of interactive

interrogation with respect to the recorded data and the algorithm being executed.

The application of a generic internet of things platform plays a important role with respect to

long term development objectives. It signifies that the ASIC is there to provide a specialized

interface with the sensor and a generic digital interface with the external control to allow rapid

adoption of new techniques or other components as software extensions. This substantiates the

modular approach where design effort is explicitly focused towards specialized hardware for the

sensor and software development at the system level. This is important given the complexity of

these systems where overspecialisation limits the versatility of existing designs thereby limiting

the utility of other commercially available tools/devices.

The advantage here is that a multitude of procedures can be run on the real-time platform with-

out supervision that are detailed in high-level programming code that have fast development

and turn-around capabilities. In this case it significantly improved test procedures by enabling

automated exhaustive characterization of logical integrity. In fact the standalone module of the

microcontroller structure can run 1 MIPS of on the fly randomly generated operations. This

can be seen in Figure 4.17 where the Saleae logic analyser is used to probe the internal data

bus of one particular core.

This is partly shown in Table 4.4 where the internal bit-line of one such execution unit could

be directly accessed. Because it is not viable for us to exhaustively simulate the hardware in

various conditions we use a physical test bench in order to record the performance tolerance with

respect to voltage supply and operating frequency. Moreover what the user sees is reduced to

latent frames of data over several milliseconds and the corresponding instruction code executed

by the platform. The physical interfacing protocols are very much transparent. By construction

each core has a hard wired ID that will allow the active supervision of internal variables for
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Figure 4.17: Digital waveform of the internal data bus BIT 1-8 as new instructions are being
loaded into the device using the clocked Latch and Configure signals.

Table 4.4: Section of Instructions and recorded outputs from µC structure with the associated
machine code.

BITLINE INSTRUCTION Machine Code

00011010 MOVB R5 DINST 26 0011111100000000011000000011010
11101111 MOVA R3 DINST -17 0011011000000000011010011101111
00001010 AND R5 R3 1110111100000000000000000000000
00011010 MOVB R5 DINST 26 0011111100000000011000000011010
11101111 MOVA R3 DINST -17 0011011000000000011010011101111
11111111 OR R5 R3 1110111100000000000010000000000
00011010 MOVB R5 DINST 26 0011111100000000011000000011010
11101111 MOVA R3 DINST -17 0011011000000000011010011101111
11110101 XOR R5 R3 1110111100000000000100000000000
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Figure 4.18: Graphical user interface used for configuring the NPI system showing test data.

development and debugging of single units. Due to the specialized hardware the instrumentation

programs currently still require careful tailoring of the instruction code but this can be extended

towards compiling directly from C++ code that is also used to construct the rest of the platform.

Figure 4.18 depicts the GPU accelerated graphical set-up used for testing the device where

the functionality is mainly associated with reconfiguration and powering different system sub-

blocks for validation. From a engineering point of view it is more of a convenience to have

automated reconfiguration of the device as one interacts with the various settings. Particularly

in associated with probing the supply voltages or analogue reference signals generated on chip.

It would be more typical that during experimentation this functionality can be reduced to

simply selecting from a set of predetermined programs.

In order to move towards fully isolated operation which will be the case for a implanted device

the system on chip architecture relies on a minimum amount of off-chip components in order to

bring the resource requirements of the topology into scope. This is shown in Figure 4.19. These

feasibility considerations are generally with respect to reasonable assumptions associated with
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Figure 4.19: Test bed used for characterization with various components illustrated.

a wireless implant that is hermetically sealed. In this particular case we will allow a number

of off-chip decoupling capacitors, a reference resistor and a reference voltage which may very

well be integrated on chip in one way or another if necessary. The system also uses a 1MHz

external clock reference which may be realized at the wireless power carrier frequency and is

locked onto with a phase locked loop to generate the internal 20MHz system clock. Three

linear LDOs were integrated to provide a 1.2V supply to the digital,analogue, and memory

separately. Where the analogue supply voltage used to derive internal ADC voltages references

of 1.2V, 0.9V, 0.6V, 0.3V from the unregulated supply using high speed buffers.

4.4 Conclusion

This chapter substantiates a scalable and long-term approach for the development of pro-

grammable neural interfaces. In particular we discuss why moving away from the fixed purpose

DSP architectures seen in many conventional systems is of significance with respect to per-

formance and reliability. In addition we provide indicators that show the majority of modern

CMOS technologies using dedicated on-chip processing hardware is viable to perform local

signal analysis. Furthermore we highlight the importance of efficient algorithm construction

were operators should revolve around execution per sample and processing structures that im-
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prove scalability for systems with many recording channels in association with the near-data-

processing paradigm. PCA & template maching methods are proposed for embedded systems

that require 57 operations per sample and 680 bits of memory with entirely unsupervised op-

eration that can achieve over 80% accuracy during spike detection & classification.

A distributed micro-controller structure is proposed in effort to realize these characteristics

and reveal underlying constraints. The topology reflects the nature of processing neural data

in the context of achieving generic computational capacity. This discussion details both low-

level and system level considerations that address the software stack. The impact of memory

requirement that results from being able to execute arbitrary algorithms in isolation is evident

both in-channel and chip level. In the proposed configuration the amount of resources allocated

for this function is comparable to that of the signal processing but depends very much on the

number of channels that are integrated together. We point out that if the number of channels

is increased this component does not change and allows this topology to become more effective.

The distributed processing architecture operates with an efficiency of 1.52 GOPS/mW and

each core only requires a 0.02mm2 silicon foot print with fully reconfigurable 8 bit processing

capabilities.

The foregoing discussion has depicted the intricate complexity associated with these sensing

systems and revealed the diversity of aspects that should be taken into consideration. Sustain-

able development for these systems will need long-term solutions due to the excessive design

effort that prevents rapid turn around and progress. Moreover innovation needs to be contex-

tualized at the system level to ascertain whether new techniques and methods have significant

impact. This requires the abstraction and modelling of these implementations to gauge impact

using empirical indicators.



Chapter 5

Time Domain Techniques

Thus far our work has detailed numerous design techniques that extend on contemporary work

where the classical analogue approach with digital processing has demonstrated its capabilities.

However we have also analytically shown that although we can still strive to improve area and

efficiency, there are a number of factors that prevent making significant progress in terms of im-

proving system characteristics. Moreover there is a strict need for more efficient computational

processing that appears overwhelming if it is made robust and adaptive. If we keep the current

processing methodology this component can only be made viable with smaller technologies and

voltage scaling that can substantially diminish the performance of analogue operations. Here

we will attempt to address the two factors that have the most significant impact on improving

sensing electronics based on the observations made in the foregoing discussions to consolidate

this work. The first is introducing all-digital instrumentation that is not diminished by tech-

nology related scaling and the characteristics of nano-meter transistors. The second objective

is developing a mixed signal topology for analogue to information conversion where feature

extraction is performed adaptively in the analogue domain.

This chapter will focus on exploring the emerging time domain processing modality in order

leverage increased digital performance associated with modern CMOS processes. In fact this

motivation is carefully addressed in the literature [169] where logic-gate based topologies demon-

strate better scalability with respect to linearity and bandwidth. Here we will demonstrate how

122
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the fundamental limits of noise efficiency can be approached by proposing several topologies

and design techniques. Further we will elaborate on the characteristic relations between ana-

logue performance and resource requirements that enable these structures. The organization

of this chapter is as follows. Section 5.1 will introduce the essential design considerations for

continuous time-domain circuits by considering the phase characteristics of oscillators in rela-

tion to driving transistors that are used for analogue feedback. This structure will be used to

implement both amplifying and filtering structures to compose the instrumentation front end.

This is followed by Section 5.2 where we propose a mixed signal topology for analogue domain

classification.

5.1 Principles for time domain processing

There are two driving factors to approaching time domain concepts where signals are repre-

sented in terms of delays between pulse edges or phase components in oscillators. The first

benifit is the inherent digital operation where continuous valued signals are represented by

digital events with respect to a global or local reference [170]. This implies that the typical

analogue processing has the same power scaling and advantages as the digital processing in

terms of technology parameters. This allows oscillator structures to approach very efficient

operation irrespective of the oscillation frequency or supply voltage [171]. The second is that

many operations are not restrained by non-linearity from individual transistors giving way to

ideal integrators and other operators [172]. The overall result is that even with limited power

budgets the topologies have an overwhelming excess in bandwidth where performance can scale

with digital gate delay or its switching energy. The abundance of digital operations for such

systems allows these topologies have the potential for digital synthesis using standard cells and

a digital design flow to directly process analogue signals [173]. Moreover event based represen-

tation of continuous valued signals allows for often a surprisingly efficient implementation with

reduced complexity for a variety of elementary operations. For example [174] presents a clock-

less PVT invariant true random number generator based on the collapse of a ring oscillator
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Figure 5.1: Voltage supply relationship with respect to the bandwidth and linearity require-
ments with respect to different technologies

structure.

Let us elaborate on the notion of scaling analogue with digital characteristics quantitatively.

Figure 5.1 illustrates the drawback of conventional analogue techniques from first principles

by looking more closely at the voltage scaling characteristics. Here transitioning to nanometre

technologies gives us the capability of reducing our voltage supply because the desired band-

width can be achieved with a smaller inversion coefficient or equivalent gate voltage. However

the transconductance and consequently linearity and noise efficiency can degrade as the drain

voltage is reduced. This dependency is because transistor gain requires a large channel resis-

tance which is a function of (1−e−VDS/UT ) in addition to any DIBL which introduce a asymptotic

limit where the former is in fact not process dependent [176]. This limits the output swing Vmax

with a overhead that is 5UT [119]. Figure 5.1 b) demonstrates the resulting the class-A power

efficiency measured as Vmax/VDD to reflect how efficiently we can use the provided voltage sup-

ply. This is evaluated in terms of Pout/Pvdd where Pout and Pvdd are the output signal power

and the power dissipated by the voltage supply respectively. We can conclude that conven-

tional low noise amplification structures can no longer benefit from technology scaling unless

we adopt topologies that do not rely on amplification in the voltage domain. Because the input

referred noise of a circuit relies only on its current dissipation scaling supply voltages remains

a viable means to reduce power if time-domain structures can mitigate the need for voltage gain.
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5.1.1 Sub-threshold Ring Oscillators

The understanding and the interpretation of principle elements for a given modality has the

most influential impact on how well it can be utilised. Moreover encoding signals in the time

domain will influence how flexibly certain objectives are approached either using digital oper-

ations or analogue feedback. Here we will review some basic understanding for ring oscillator

structures that are biased in weak inversion. This component will provide a fundamental basis

for the topologies proposed here because it connects analogue signals at the input to phase

and time domain signals at its output. The interest here specifically lies with using current

controlled oscillators that have a well defined linear relationship associated with any injected

charge and the resulting shift in output phase. This will lead to the small signal transfer func-

tion that relates to the biasing current of the oscillator. Moreover we must be able to evaluate

the different components of phase noise and refer it back to the input of transconductive element

because we will apply this structure to instrumentation.

Vout(t) = A(t) · f [ω0 t+ φ(t) ] (5.1)

A generalized time dependent model for an oscillator is represented by Equation 5.1 where A

and φ represent the amplitude and phase state variables of the system. f describes the limit

cycle of the oscillator over time that maps the steady state output voltage Vout as function of

phase. The challenge for sub-threshold current biased ring oscillators is that the non-linearity

in f is difficult to analytically predict without well informed priori. This is of significance as it

will determine how noise sources perturb coupled to the output phase state.

Many principle aspects of phase dependencies in oscillators have been well described in a gen-

eralized form using numerical methods [178] and by approximation [177]. The underlying

characteristics however are illustrated in Figure 5.2 where charge perturbations integrate on

to the phase of state the oscillator with respect to the impulse sensitivity function (ISF) Γ(x).

This factor is a cyclo stationary function that describes how the coupling changes as a function

of the phase state φ subject to the source of perturbation. Moreover this allows us to predict
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Figure 5.2: Model impulse functions for φ(t) and A(t) from [177].

the accumulated phase noise due to a time varying process according to Equation 5.2.

φ (t) =

∫ ∞
−∞

hφ(t, τ) i(τ) dτ =

∫ t

−∞
Γ(ω0 τ) i(τ) dτ (5.2)

The integral dependency on accumulated phase is what leads to the infinite open loop gain for

oscillator based amplifiers. This also implies that any white noise source that is incoherent with

the oscillator fundamental frequency will translate to the output phase as Γrms. This depends

on the assertion that incoherence implies uncorrelated which is subject to the beat frequencies

of the two sources. In practical cases this is a fair approximation not only because the oscillator

frequency drifts freely but also because we explicitly consider closed loop implementations that

aggressively shape in band perturbations. The utility of Equation 5.2 lies with its ability to

predict the single-side band output noise spectrum due to a white noise current source with

spectral density i2n/∆f with carrier off-set frequency foff according to Equation 5.3 [179].

L(foff ) =

(
Γrms

2π foff

)2

· i
2
n/∆f

2
(5.3)

The N stage ring oscillator structure of interest is illustrated in Figure 5.3. Opposed to voltage

controlled structures this configuration is current biased and the oscillating ring is isolated from

the supplies. Here the oscillating frequency in sub-threshold operation can be approximated

as f0 = IB/(N Cgate VRS) where IB is the biasing current and Cgate is the input capacitance of

the delay element. VRS is the voltage across the oscillating structure and is evaluated using
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Figure 5.3: Schematic of current regulated ring oscillator with capacitively couple noise source.

Equation 5.4 where Vth is the transistor threshold voltage. In this case M2 provides a biasing

current from the PMOS side and M1 if designed appropriately will allow isolation from the

ground supply. This is particularly useful in differential configurations where capacitance on a

common VR or VS can minimize high frequency noise from coupling directly to the differential

phase component through the common mode feedback.

VRS = Vth + ηUT ln

(
2IB

2η U2
T µCox

L

W

)
(5.4)

The defining characteristic of the current biased oscillator is that the conduction of the NMOS

and PMOS devices in each delay element is strictly non-overlapping. This is different when

compared to oscillators biased in strong inversion and implies maximum current efficiency in

a large signal sense. In addition it leads to the respective NMOS and PMOS ISF being non-

negative. Thus the focus should lie with optimizing its rms value by balancing pull-up pull-down

conductance. In fact we can empirically demonstrate that despite the intricacies of non-linear

phenomena a current starved ring oscillator presents a significantly superior noise excess factor

when compared to that of a transistor biased with the same weak inversion conditions due to

change being retained in the high impedance nodes.

Figure 5.4 exemplifies the challenge of being able to predict internal parameter dependency

analytically. Specifically in a) where the NMOS and PMOS of a single delay slice is evaluated

both the saturation and linear conduction phases contribute towards accumulated phase noise.

It is indicative to note that the bias transistor has a near uniform ISF equal to 2π/qmax inde-
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Figure 5.4: Simulation results outlining the dependency of parameter dynamics as a function
of oscillator phase

pendent of phase state as expected from the linear phase to charge relation. Here qmax simply

represents the total charge dissipated by the ring oscilator each cycle which is 2N VRS Cgate. In

particular this phase independent sensitivity is surprisingly independent of oscillator configu-

ration in terms of number of stages and delay cell input capacitance. Instead the characteristic

relies on the capacitance and channel resistance seen at the drain of M2 such that increasing

impedance improves linearity.

When the aggregate contribution of all delay elements is taken into account as well as the

increased noise excess factor in the linear region the ISF in b) appears predictable when nor-

malized to that of M2. One may expect that the aggregate ISF of the ring oscillator to exceed

the sensitivity to that of M2 as its contribution should have a similar profile and more noisy

elements are involved. However the soft-switching of each delay element filters out a significant

component of injected noise in addition to the fact that the nodes VR and VS retain accumulated

current noise that feedback on the following stage.

Insight to optimizing the oscillator consideration is drawn from considering the lossy integra-

tion phases on VX . Specifically as the transistors M1 and M2 present high impedance when

considering the injection of charge or integration of a noisy current. We can infer that resulting

voltage fluctuations are either one of two cases; coupled to VR or VS through a transistor in
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Figure 5.5: The compensation effect of M1 on the ISF for capacitively couple noise sources
with reference to Figure 5.3

the linear region, or coupled to the switching capacitance during a transition. Rejection of the

former will rely on increasing qmax and minimizing coupling factors as the ISF is equivalent to

that of the bias current.

It is well known that the dominant factor of noise in ring oscillators comes from supply vari-

ations that are capacitively coupled as illustrated in Figure 5.3. This represents the coupling

expected from substrate noise and supply noise that is not generated by the transistors them

selves. The impact of introducing M1 opposed to grounding VT is shown by Figure 5.5 with a

dramatic improvement in ISF characteristics. Moreover large drain resistance of M1 allows the

peak to peak ISF to be adjusted by exploiting the dynamics previously discussed. On that note

it is important to realize that unlike Gm-C differential implementations the rejection of common

mode signals is not present due to the coupling dependency of on phase. The matching/min-

imization of these factors can still allow a considerable improvement towards performance in

practice but the process of optimization is challenging due to the fact that these components

can not be well predicted as a priori. More generally incoherent perturbations in differential

implementations will scale with (Γrms − Γdc)
2.

It may be obvious that there no high impedance analogue nodes in this configuration that could

introduce undesirable poles. But more importantly we do not need to provide extra voltage

headroom or a second gain stage to let our output signal vary with maximum amplitude. In
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this case the oscillator mostly reuses the VSR voltage headroom. This raises an interesting

question; what limits the required voltage headroom for this circuit? Typically the comple-

mentary structure necessitates that the source drain voltage of the current bias transistors and

differential pairs is sufficient to provide good channel resistance. However there is another com-

ponent with regard to the noise generated by the oscillator that should be considered in terms

of the oscillator voltage overhead VRS. This leads us to evaluate the dependency on sampling

noise with respect to the loading capacitor of each delay cell. Considering that the scaling the

technology can result in a higher oscillator frequencies and equivalently using a small loading

capacitance for the same power budget. It is important to realize that it is a charge induced as

sampling noise on each capacitor before each up/down transition as residue from the previous

cycle. This sampling noise can be referred to the input of M2 which leads to the expression in

Equation 5.5.

v2
smp =

1

Gm2
M2

· 2N f 2
osc kT Cgate︸ ︷︷ ︸

Noise power

(5.5)

As Equation 5.5 suggests this noisy charge injection occurs for every transition in a delay

element which is 2N times per period. When we expand this expression in terms of the oscillator

power dissipation we can show its underlying dependency in Equation 5.6.

v2
smp =

4kT

Posc
· (η UT )2 (5.6)

Now it should be clear from Equation 5.6 that this contribution only depends on the total

power dissipation of the oscillator Posc. This profound result confirms that without considering

band-limiting factors all transistor generated noise densities are in fact independent of the fre-

quency or total capacitance when referred to the gate of the biasing transistor. Following our

expectation is that the dominant factor for noise is the total biasing current of the structure

which is fundamentally identical to that of an conventional amplifier.
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Figure 5.6: Time domain instrumentation topology for low noise voltage to time-domain con-
version.

5.1.2 Time Domain Sensor interface

A principle element to these systems is associated with achieving effective conversion from con-

tinuous analogue signals to time encoded binary signals without distortion or excess signal cor-

ruption. It is typical to see the removal of VCO non-linearity though LMS post-processing [180]

however this level of in-channel DSP can also be avoided through feedback utilizing the linearity

of passive components. Our endeavour here lies with applying the discussion and topology se-

lection in Section 3.2.4 to VCO based structures that follow closely to our optimization method-

ology. We suggest thinking of the oscillator’s phase as an analogue memory that represents the

state variable of the system which we can freely adjust by injecting charge.

This approach is different from that currently seen in the literature for time-domain based

instrumentation of low frequency signals. The time domain encoding concept is predominantly

used in asynchronous ADCs that aim to avoid quantization noise from being introduced [181]

[182]. There is some motivation here to approach a neuromorphic amplifier topology that

generates tokens with time-domain events that encode the input signal intensity [183]. Many

of these structures leverage signal dependent power dissipation that reduces as the input signal

varies more slowly. However they are typically open-loop topologies to avoid a complicated

feedback DAC where events are generated upon asynchronous level crossings that reset internal

integration nodes or toggle the reference voltages. Linearity and dynamic range can become

difficult to achieve while maintaining aggressive power efficiency because resetting integrators

or changing references are large signal discontinuities.
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The proposed implementation shown in Figure 5.6. This structure opts for a direct conversion of

analogue to phase domain signals by relying on the integration to filter out oscillator harmonics

present in the feedback signal. Abstractly the topology is seen as a ideal integrator with

integration factor Gm
qmax

proceeded with a non-linear element that introduces spurs around N

times the oscillator frequency when feeding back. Here N is the number of taps in the ring

oscillator used to simultaneously evaluate the phase difference of the differential structure.

This allows us to freely adjust N for improving Γ through increasing qmax without sacrificing

the ability to suppress the harmonics. Since the signals at the output of the phase frequency

detector represent the phase difference between the two oscillators is full scale. The capacitive

network need to scale down by a relatively large factor to assure Vx does not exceed the

linear range of the transconductor and is implemented using a capacitance area reduction

technique [184]. When the closed loop gain is large however this concern can be dismissed since

the quantization levels scale with VDD

AclN
which will typically be the same order of magnitude as

the input signal.

While we are free to adjust the transconductance for noise requirements there is a limitation

to the increase the complexity resulting from the capacitive feedback DAC and parallel digital

phase processing. Because digital power dissipation scales with Nfosc which is bounded by IB

it is independent of N for a fixed capacitive load in the oscillator delay cell. In fact increasing

N reduces the total power of the oscillator harmonics as we effectively increase the number of

quantization levels. This can be seen at the output of the capacitive DAC but this aspect will

not be evident with respect to the processing performed in the time domain.

Note that when using ring oscillators with large number of stages in order to reduce leakage

and non-linearities in the limit cycle to some extent we can retain a small factor of N by

sub-sampling the output taps of the structure. This does require an integer ratio between the

total number of stages and N in order to position the harmonics beyond N fosc. Also consider

that relation between the phases of the oscillator will imply a specific frequency shaping and

harmonic modulation at high frequencies [185].

The primary design criteria for the phase detector structure and it respective time domain
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encoding should be related to maximizing power-bandwidth efficiency of digital cells. This is

because the time-domain characteristics of the detector could introduce a inverse relation with

regard to signal level and required logic gate bandwidth. Using conventional 1.5 b encoding with

up/down signals for example would give rise to this unwanted discontinuity. This is because

the encoding scheme will generate narrower pulses for smaller signals that require exceedingly

more bandwidth to process and feed into the time domain memory. It is conceivable that if this

bandwidth is insufficient a dead-zone is introduced that is characteristically similar to class-B

amplifiers.

Using a single bit representation that results from a XOR phase detector inverts this problem

such that for small error the minimum bandwidth is required that successively increases as the

loop error increases. In extension any asymmetric switching & delays in driving the capacitive

feedback that is expected from process variation exacerbates any capacitive mismatch in the

different phases of the feedback additively. These components primarily excite distortion on

the output depending on the ratio of gate delay to oscillation period. Here Chopping the input

will remove off-set and mismatch related components to a certain extent by up modulating

them.

The motivation for using the single stage structure or allocating all the gain to the first stage is

also associated with how the supply noise couples to the signal. In this respect we suggest that

this structure should be thought of equivalent to that of a ADC. Particularly with respect to

the digital feedback where providing asymmetric feedback implies that supply noise coupling

can not be cancelled out. In addition capacitive mismatch between the positive and negative

branches will also contribute to supply noise coupling. As since supply noise sources couple

to the output of the amplifier while providing the maximum closed loop gain minimizes the

input referred component. It should be noted that this type of supply sensitivity and capacitive

mismatch is equivalent to that found in analogue to digital converters hence this drawback is

only with reference to an all analogue solution. Further more once our signal has been encoded

in the time domain which we expect to exhibit improved resilience to supply noise because its

influence is proportional to the gate delay of the technology used.
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Figure 5.7: Transistor level implementation of the phase domain integrator structure with
phase detector feedback.

The schematic implementation of the VCO is show in Figure 5.7 which is derived from the

complementary amplifier structure used in prior work. The fact that both ring oscillators are

isolated from the supplies and floating in the middle of the rails presents an improved ISF as

well as assuring the buffer that amplifies the clock phases to the full scale is guaranteed to be

centred around the switching point of a balanced inverter. The most crucial component for

effective operation however lies with the sizing of the input NMOS M2 with respect to loading

ring oscillator. The DC operating point M2 and R1 will present an load equivalent to that of

a diode connected transistor. If the delay element is balanced the current bias of the oscillator

is evaluated with KM2 and KN representing the W/L ratio of transistors M2 and the NMOS

in the delay cell respectively.

Figure 5.8 clarifies the principle operation of this topology. We can see that as two currents

are being integrated on the differential oscillator a phase shift will start to emerge when the

two waveforms are compared. This phase difference on node ∆φ represents our system output

where the signal is encoded in the pulse width of the digital signal. This signal is applied to

the capacitor array for feedback.
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Figure 5.8: Simulated transient behaviour of the differential oscillator and the generated digital
output.

fosc ≈
α IM1

N Cgate Vth
where α =

KM2

2KN

(5.7)

The factor α in Equation 5.7 dominates the noise performance when referred to the input

which would ideally approach the NEF of that without the oscillator. Similarly the corner

frequency of the oscillator flicker noise which is not rejected by the chopper scales with this

factor. It follows that the transistor length of the oscillator has a strong relation with respect to

fcor ∝ 1/L2. Fortunately it is easy to diminish this contribution as only a small bias is needed

to result in a oscillation frequency several orders outside the signal bandwidth.

Hsys(s) ≈
η fosc
sUT

· 2− α
α

N and f ≈ CI
CD
· (N + 2) (5.8)

The overall open loop system characteristics Hsys evaluated in Equation 5.8. This reflects the

single pole nature of the topology that scales with the oscillator frequency and the number

of phases taped out as one may expect. Notably the capacitive feedback structure used can

represent a very small feedback factor 1/f without excess input capacitance that accommodates

a large number of oscillator taps [186]. Evaluating the low pass 3dB point of the system which

reveals a dependency as shown in Equation 5.9.
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f3dB =
η fosc
αUT

· N

N + 2
· CD
CI

(5.9)

This expression is primarily dominated by the oscillator frequency which even for a small bias

current can result in a considerable bandwidth. Although this is partially expected due to

the fact there is no explicit load capacitance it also illustrates the benefits in FOM that can

be achieved with this configuration of current-mode time domain architecture. There is a

instinctive concern for the stability of the system as a result of the excessive bandwidth driven

by maximizing efficiency. The non dominant poles introduced in the voltage domain is due to

the parasitic capacitance on node VQ typicall will not compromise stability due to coupling to

the input of the transconductance at higher frequencies. The non-dominant pole on the time

domain is introduced by any delay td from the VCO to the output buffers of the PFD as e−jωtd .

This component can be more restrictive for small loop gain as it does not scale with the power

of the input stage but with the supply voltage.

The voltage requirement of this structure is improved by biasing the NWell of the PMOS peudo

differential pair to VXN & VXP in a cross coupled fashion to reject the differential lading compo-

nent. The forward biasing reduces the threshold voltage of the devices allowing a supply voltage

down to 0.6V without any considerable impact from leakage currents. This configuration also

implies that the common mode at VX is well regulated by the body transconductance of M4 &

M5 rejecting common mode input fluctuation. The main voltage requirement actually comes

from the switches of the chopper that feeds the ring oscillator that need good on-resistance to

prevent noise injection which implies a minimum voltage of approximately 2Vth+Vov. Back-gate

biasing will allow us to reduce the impact of Vth.

The psuedo-resistive feedback structure in Figure 5.7 b) extracts the signal component from

up modulated aggressors using a current DAC which is resistively coupled to the input to close

the loop. This allows us to feed back the full swing digital signals to cancel a DC off-set and

sets the input common mode by matching the cross coupled transistor with the input pair.

This primarily prevents having to use a cascaded resistor structure in order to deal with the

large voltage swing on the output that can significantly degrade performance. While stability
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is trivialized by the capacitive feed forward signal that grantees stability [187], it is important

to note the design choice associated with the two poles in this feedback loop. One pole lies at

the input of the complementary pair associated with Cfb and the other is at the gate of the

cross-coupled pair Cx.

τhp1(s) ≈ Cfb ·Rpsudo and τhp2(s) ≈ Cx ·
η UT
IM1

· WM6 +WM7

WM6 −WM7

(5.10)

Equation 5.10 described the dependency of the two time constants in addition to the capacitive

feedback. The reduction in capacitance of the feedback network implies that the high pass

filter needs careful design in terms of the resulting pole location as the noise expected from the

psuedo resistor will appear increasingly wider band as we try to reduce the total capacitance.

Here we allow the second pole of Cx to approach DC by having WM6 ≈ WM7 resulting in a

integration node. This means that the noise around the chopper frequency is strongly related to

amount of capacitance we can allocate to Cx and the 1/f agressors are now shaped by the VCO

integrator and this capacitance. The bias of IM1 in the current DAC should be adjusted to set

the pole location close to but smaller than the chopper fundamental similar to the conventional

design approach.

When we compare this structure to the conventional topology we realize a number of significant

advantages. Primarily the inversion coefficient of the transistors is not bound like in a comple-

mentary input stage where the VGS voltage for both the NMOS and PMOS has to be sufficiently

large to allow the drain voltage to fluctuate by several 100mV . This is particularly significant

because the minimum feature size is inverse proportional to the optimal inversion coefficient

confirming again that conventional means to not work at nano meter technologies. Here the

threshold voltage can be arbitrarily small and we still retain a topology that is independent

of supply voltage in the sense that it is strictly current biased. This will lead to improving

the tolerance towards wafer level variations of the threshold voltage and carrier mobility which

many sub 1V structures do not have. Similarly this implies class-A type power dissipation that

minimizes switching current seen at the analogue supplies.
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Figure 5.9: Transient noise simulation result of the 180nm CMOS time domain instrumentation
topology with a 6mV peak to peak sine input at 1 kHz.

The excess in bandwidth from the VCO despite operating with a very small inversion coefficient

has enabled us to achieve both 40−50 dB closed loop gain while still retaining excess loop gain

that easily exceeds 30 dB. This excess loop gain in the signal band is facilitated by the near

ideal VCO integration of this topology that shapes a number of external noise sources and

nonidealities. In particular technology scaling allows us to minimizes the noise gain due to the

input capacitance Cg according to the expression 1 + Cg/Cin + N/Acl [63]. Hence the VCO

topology can allow a reduction for the input capacitance by a very significant factor relating to

an impedance enhancement that scales with technology.

A Transient noise simulation performance is shown in Figure 5.9. This demonstrates that the

dependency on nonlinearity is mainly due DAC mismatch components which are modulated

the oscillator frequency spurs. Secondly the noise-floor and corner frequency characteristics

follow closely to analytic predictions. In addition for the same current bias as a conventional

implementation the structure can achieve an equivalent noise floor but at a reduced voltage

overhead. Noticeably in the full spectrum there is a considerable amount of harmonics out side

of the band induced by the chopped and oscillator aggressors. These components will need

to be filtered out in order to approach a 60 dB signal to noise ratio. Interestingly there is

an observable gain in noise floor as we approach the point where there is no excess loop gain.

Note that the spurious free dynamic range of this structure almost exceeds that of the structure
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used in Section 3.2.4 by a factor of 10 for the same power budget due to the increase input range.

5.1.3 Time Domain analogue filter

Now that we have addressed the aspects of achieving low noise and linear instrumentation we

must proceed to address the mechanisms for filtering to implement a band limiting characteristic

necessary for the processing algorithms. There is some diversity in the number of approaches

used to filter time domain signals. Most notably the continuous-time FIR based structure

that represents a number low power characteristics that scales well with technology without

sampling or clocking [188] [189]. However similarly to conventional FIR structures it is limited

to signals where the frequency dynamic range is small in order to keep the filter order small.

Other examples are found in PLL structures that lock using coherent phase domain signals

which is inherently second order due to the analogue integration node which result in a loss of

noise efficiency at low frequencies [190]. We do mention that VCO-based ADCs have been very

successful in achieving efficient high-order noise shaping [191] [192].

It is important to realize that our proposed instrumentation topology converges on incoherent

phase domain signals and neglects the modulation products through construction similar to

that of asynchronous ∆Σ modulators [193]. Here we will take a similar approach to construct a

first order phase domain integrator where the time-domain signals are also incoherent. Through

simplicity the structure achieves a significantly better dynamic range and voltage scaling ca-

pability than its analogue domain counterpart. The premise will lie with our assumption that

the intermodulation products of the incoherent frequencies are sufficiently out of band to allow

construction of higher order filter structures.

The topology used for analogue filtering of time-domain signals is illustrated in Figure 5.10.

This is based similarly on the phase difference of two ring oscillators that integrate a switched

current which is generated by evaluating the difference in duty cycle with respect to the input

and feedback. The logic simply advances or recedes the phase difference of the oscillator

when there is an excess or lack pulse width when comparing the two inputs respectively. This
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Figure 5.10: Closed loop time-domain analogue filtering structure
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Figure 5.11: Simulated transient behaviour of the differential oscillator and the time encoded
digital signals internal to the feedback loop.

behaviour is shown in Figure 5.11. The use of logic gates over avoids any drawback that arise

from limited linearity and mismatch in the case of approaching this design with current mixing

techniques. More over the efficiency of these operations allows miniaturized reconfiguration in

the digital domain with a minimal analogue structure.

Most design considerations here are similar to that of conventional filters. We expect the

analogue in-band noise components will scale with the biasing current Ib which will determine its

input referred noise relative to the transconductance element ∆I. This however does represent

a fundamental drawback since the charge pump transconductance element does not benefit

from the sub-threshold slope gain factor. ∆I will typically be larger for the same bandwidth

requirements by a factor of 1/UT . Although this factor is essential for achieving smaller cut

off frequencies while maintaining large oscillation frequencies. The decreased noise efficiency

is the fundamental drawback of using a digital logic instead the capacitive feedback network.
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Figure 5.12: Schematic sub-blocks for first-order time domain analogue filter

(a) Gm-C Equivilent. (b) Time domain implementation.

Figure 5.13: Bandpass time-domain analogue filter which is cascaded to realize a 4th order
TD-BPF.

However in this scenario the processed signal will already be at full dynamic range with reduced

noise requirements.

The gate level implementation is elaborated in Figure 5.12. The charge pump structure here

uses a cascaded current source and dummy load for bandwidth improvement. This configuration

is important because this operator precedes the integration and consequently has a substantial

influence on off-set or distortion near the cut-off. The self referenced bias of the charge pump

through M11-M14 should allow to good matching independent of the configuration in biasing

transistors M2-M3. Similarly the noise figure is improved by sharing the drain voltage of

M12-M13 as its noise is coupled to the common mode.

The two digital components in Figure 5.12(a) represent the subtraction for feedback and a gain

factor G when the phases of Q are mapped to the output. The subtraction logic is determined

by considering the XOR-PWM waveform as a two state input of ± 1 and similarly the DAC

input states which in this case is +1/0/ − 1. The configuration of both components should
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Figure 5.14: Karnaugh map associated with the subtracting XOR type PWM signals Q & X
from D

compliment each other. This is exemplified when we consider the summing node for another

case when two integrators are cascaded with both outputs fed back to achieve a bandpass

response. This configuration is shown in Figure 5.13. The boolean operation required is shown

in Figure 5.14 where four levels are needed to include carry signals. Here we compromise with

two DAC structures with input states ± 1 and +2/0/− 2.

The logic that sums the different phases relies on the coherence of it input. Because we know

the different taps of the ring oscillator will not over lap with respect to certain signal range

at the output we may isolate the components with the AND operation of two different phases

to isolate small variations in pulse width and combine them. Analogous to a variable gain

amplifier, if the signal variations exceed the section where the two phases overlap the output

will saturate. The significance here is that gain achieved with this operation has arbitrary

gain bandwidth product with negligible power dissipation. Once blocking or interfering signals

have been removed we may give the signal reconfigurable gain by only using a handful of

gates. It simply relies on increasing the number of oscillator taps from the previous stage while

maintaining its feedback configuration which is independent of noise & linearity performance.

In fact for a gain G on the PWM signal D we require 2G taps that are summed according to

Equation 5.11.

Q =
G−1⋃
k=0

{DRk ∩DRk+N/2−R/2} Where R =

⌊
N

G

⌋
(5.11)

While AND & OR will perform equivalent operations that retain the oscillator phase difference

Φ but subtract a signal independent component which the gate delay between the two phases
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being operated on from the pulse width. Here Φ is normalized such that it represents 1 and

0 when the oscillator phase difference is π and 0 respectively. This implies that for a positive

gate delay number of ∆T we will have an output off set by Q = Φ − ∆T
N

. If an XOR gate is

used we extract a signal independent component as Q = 2 · ∆T
N

. Both statements will hold true

as long as Φ < 1 − 2∆T which implies that the pulse section used for computation is signal

independent. Using this rather simple construction of logic one may sum phases that are one

radian apart with a XNOR gate to realize the absolute value operator which exemplifies the

rich utility of this time domain processing.

Hsys(s) =
G

1 + s/p1

where p1 =
N

qtot
·∆I =

N ωosc
K

(5.12)

When the primitive topology in Figure 5.10 is analysed in the Laplace domain we can derive the

Equation 5.12. This demonstrates a first order characteristic similar to the amplifier and has

is a close relationship with the oscillation frequency and the filter bandwidth with the addition

of the gain factor G.

This filter configuration here specifically designed for a 0.18µm process. Considering that dig-

ital filters will become more viable as the technology node decreases it should be acknowledged

that the proposed time-domain filter structure will only be advantageous when frequency dy-

namic range is large and memory is limited. This is primarily because the kT/C relations inhibit

very aggressive sizing in the oscillator structure particularly if no excess loop gain is available.

We still require a large amount of energy storage qmax to prevent external noise sources from

perturbing the output. We point out the proposed topology discussed here provides the means

by which instrumentation can successfully scale with technology characteristics. Particularly

as it is robust towards transistor non-linearity and imperfections. A large component for per-

formance enhancement will rely on calibration components that improve the resilience of the

capacitive feedback structure and filter parameters to allow miniaturization. While this specific

time-domain topology will not allow the absolute minimum supply voltage this configuration

does take advantage of transistor sub-threshold slope which implies a fundamentally superior

noise performance that can also circumvent supply noise.
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As shown in Figure 5.15 both a low noise floor and band limiting behaviour is achieved. In

particular we see a 40 dB roll off in the noise floor at the 6KHz cut-off frequency from the

4th order bandpass filter. While Table 5.1 reveals some similar performance characteristics

as the conventional implementation in Section 3.2.4 which is the result of using the same

optimization strategy. However this work is the first to consider NEF maximization for the

design of time-domain circuits. As a result we are much more confident about the power

efficiency for this implementation. As a reference this topology was also implemented using a

65nm CMOS process without filtering structure to confirm the scalability of this structure with

the noise transient simulation shown in Figure5.16. The compact capacitive feedback may not

allow linearity beyond 60dB but given the scalability and efficiency of this design there is a

significant advantage over current state-of-the-art.

This brings us finally to finding a satisfactory answer to how the area-power product figure

of merit limited or bounded in some sense. Section 3.4 argued that linearity and quantization

was crucial constraint in the conventional structures which is not the case for the proposed

structures. Instead we observe from Equation 5.5 we must dissipate a certain power level in the

oscillator which we know is biased by a fractional current related to the input referred noise

through α. As a result the current of the oscillator is fixed and thus when the voltage VT is

scaled down this sampling contribution will progressively become larger to the point that is
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Table 5.1: Performance specifications of the proposed time domain instrumentation topology
and those found in the literature. † based on transconductor size ? Estimated with %65 utility.

Parameter Units This work Chandrakasan
[194]

Tsividis
[195]

Markovic
[180]

Modality Time Time Voltage Time Time
Technology [nm] 180 65 180 28 40
Supply Voltage [V] 0.6 0.5 0.2 & 0.8 0.65 1.2
Total Current [µA] 0.8 1.5 1.8 36.92 5.8
Bandwidth [Hz] 375-6k 1-6k 1-1k 40M 3− 1.5k
Filter Order IIR 4th - IIR 2nd FIR 8th -

Noise Floor [nV/
√
Hz ] 69.4 57.5 36 514 427

Noise Corner [Hz] < 10 < 10 0.5 - < 1
SFDR [dB] 58 54 50.4 30 78
Area [mm2] 115× 100? 64× 69? 800× 775 72× 45 280× 360
NEF 1.18 1.22 2.1 8.13 12.9
Chopped Input
Capacitance

[pF] 0.04 0.03 21.5 0.01† -

it comparable to that of the thermal noise. This equality reveals the oscillator voltage should

not approach α · 2UT or the NEF efficiency factor will degrade. We can assert that although

at first it appeared that the sampling noise limited the minimum size of the instrumentation

circuit here is limits the minimum power of the circuit in a much more explicit manner. The

area requirement is more simply proportional to KF/α reflecting the location of the flicker

noise corner and the target oscillator frequency. There are some details remain with regard to

choosing α which represents one degree of freedom for trading off oscillator area for minimum

voltage but is also strongly depedent on the system bandwidth.

5.2 Analogue Signal Classification

Now our interests will be redirected towards the methods and hardware implementation of

neural spike analogue classification in order to faithfully demonstrate that continuous time in-

strumentation can provide a substantial improvement over the conventional approach at the

system level. In particular we demonstrate an unsupervised method that will allow the clas-
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Figure 5.17: Illustration of Nyquist rate feature extraction and using feature enhancement in
order to operate at sub-Nyquist rates.

sification of spikes without requiring signal quantization at any stage of the adaptive process

with empirical results.

The abstract motivation here is illustrated in Figure 5.17. Utilizing digitized recordings as basis

for feature extraction implies the necessity of operating with excessive data rates in order to

capture the full bandwidth of features in the signal such that fs > 2 fBW . By using mechanisms

that enhance & extract prominent features directly in the analogue domain this sampling

constraint is eliminated [141]. Instead we may sample at the rate of spikes present in the

recording. Even by approximation we can assert that fn << fs. In some sense this motivation

inspired by that of adaptive compressed sensing or sparse representation methods [196]. Here we

will introduce a perspective based on realizing a less generalized method that can be integrated

effortlessly which has not yet been attempted in the literature. The challenge for this approach

is finding efficient analogue operators that allow direct feature extraction and more importantly

feedback mechanisms that adaptively improve the feature extraction process without substantial

resource requirements or supervision.

The notion that motivated this specific classification structure is that in order to improve

alignment and thereby reducing how noise couples to features relatively high sampling rates

are needed. This implies high temporal resolution for these spread-spectrum signals is desirable

such an approach but has unavoidable implications on larger memory and power requirements.

As we shall see analysing K features for M centroids with mixed signal methods will require

KM+K registers and max(K,M) integrators where register depth has logarithmic dependency

on temporal resolution. In contrast to PCA, template matching, and many all-digital methods

where temporal resolution or window size is linearly proportional to register count. While it

is still vital to align the analogue operators with the spike waveform, increased clock rate does
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not influence the analogue power dissipation since signal quantization is not performed.

It is relatively rare to see analogue or mixed signal implementations for machine learning clas-

sifiers due to the convoluted impact circuit imperfections has of learning dynamics [197]. This

makes it difficult to successfully realize more complex architectures but the methodology can

significantly increase the information storage density at very low power budgets. This is exem-

plified by the system in [198] that not only achieve 1.04 GOPS/mW but also an area efficiency

of 0.03 GOPS/mm2 using a 130 nm technology. Here the continuous valued charge on floating

gates was used to preserve learned features without quantization of errors.

5.2.1 Feature Selection

It should be expected that when a spike event it sampled at a relatively high rate we typically

only need a select few samples once it is aligned in side a window in order to tell different

classes apart. Only when noise becomes a considerable component must we consider multiple

samples before we can make an accurate distinction. In such a scenario we would like to use

the samples that maximally distinguish classes. That is, we would like to maximize the quality

of our feature QF by maximizing for instance a simple sum of N maximally separating samples

c in the window W with the linear distance operator D.

QF =

∑N
i=1 D(W [ci])

N
+
enrms√
N

+
BG(t)

N
(5.13)

The expression in Equation 5.13 primarily tells us that in the presence of white noise enrms

and background activity BG. Increasing the number of samples reduces the contribution of

white noise by
√
N . However if the new samples have negligible signal quality our aggregate

distance will decrease fractionally by 1/(N + 1). This suggests that we should avoid using on a

large ensemble of samples because it avoids complexity and may very well improve classification

accuracy. Implementing an effective analogue solution requires the evaluation of optimal section

in the spike window. To analyse this problem let us define a distance to noise ratio (DNR)
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Figure 5.18: Illustration of feature dependency for windowed neural spikes for data sets
from [, roman] with −16/, dB background noise and −20 dB added white Gaussian noise.

with respect to the mean spikes of M classes and their standard deviation for each sample in

the spike window as;

DNR[n] =

∑M
i=2 |µ0[n]− µi[n]|√∑M

k=1 σ
2
k[n]

(5.14)

Where µ0, µk,σk are the mean of all spike waveforms, mean of spike waveforms in class k and the

aggregate standard deviation of class k respectively. In a more general form of choosing samples

that maximize Equation 5.14 can be seen as classification by expectation maximization [199].

In Figure 5.18 we exemplify this quality factor for a number of training data sets along side

the first principle component of each set respectively.

A number of observations can be made. In particular for a variety of spike shapes show PCA

peaks in the first moment which are convex with respect the depolarizing and repolarization

sections. In contrast to the DNR plot shows multiple local minima and thus optimization

in this space is not considered trivial. What should be pointed out is that the peaks in the

PCA curve will typically correspond to good DNR points as they will relate to sections of high

variance due to maximum class separation on top of the noise variance. It should also be clear

that our interest does not lie in the refractory period as the slow-wave component is small in

magnitude and typically corrupted by high-pass filters that reject environmental interference.
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Hence we inherently expect poor DNR in the latent refractory period of the recorded action

potential. One of the more significant implications of not quantizing the signal is related to

the fact that features can generally not be extracted before the detection event. This implies

that the operator used for detection should avoid introducing group delay that could result in

completely missing the most energetic features in the spiking event.

In actuality this hints at the contradictory advantage of analogue filter detection over an FIR

filter equivalent. That is this group delay exclusive to IIR filters is highly dependent on the

frequency content of the spike waveform. This can to some extent be observed in Figure 5.18

where class 2 is deliberately delayed with respect to the alignment point since it has a smaller

derivative or equivalently less high frequency content. Here the alignment is a achieved by

conditioning the signal with a narrow bandpass filter and looking for a peak above the threshold.

While a relatively simple in implementation, if designed to maximize output signal to noise

power it can be quite effective.

The approach to self mixing spike classes to with the sampling or alignment strategy is effective

at improving features of already very similar spike shapes. In fact this alignment in some sense

captures the features existent before the detection event and is mixed with latent features.

As a result although analogue techniques are less effective at demonstrating resilience towards

background noise they can efficiently mix different features to improve discrimination between

spike shapes.

5.2.2 Mixed Signal Implementation

The adaptive method employed here is to section the spike waveform depending on the redun-

dancy in the number of features required. Noting that features in the same polarizing phase will

correlate strongly since they emerge from the same phenomena. Each section after the detection

event is bounded as priori to grantee non-overlapping features (i.e. 0 − 150µs, 170 − 310µs)

and the maximum variance is found in each section respectively. These are assumed as opti-

mal DNR features referred to as Ωs. Our classification will integrate around these points and
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perform k-means clustering in the resulting space.

The topology is summarized in Figure 5.19 where the predominant active component lies with

the state machine reconfiguring the integrators to optimize the classification. The noise rejection

performed by three bandpass filters primarily removes out of band aggressors that prevent

accurate classification. Notice the feedback loop for detection relies on a long term average of

a narrow band component in addition to a indication of a localized peak above the threshold.

Filters F1 & F2 are band pass filters with first order roll-off and a 0.4 − 7 kHz bandwidth

where as F3 is a narrow band of 2.5−4.5 kHz to maximize group delay sensitivity. There is an

additional advantage of pre-sectioning the waveform which is that these optimal points can be

found independently in sequence. During initialization we seed the starting point in the middle

of the section.

The control loop for implementing this method is shown in Figure 5.20. Here Ω1/2 represents the

temporal off-set separated by 20µs with respect to the detection event around which the signal

is integrated in the analogue domain. The digital integrators primarily average the aggregate
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statistics to assist long term convergence by tracking the mean value of both integration results.

This allows us to compare the deviation from the mean for each spike event and evaluate which

has a larger variance. Note a key characteristic is that signal being analysed is band limited

to such an extent that we do not expect local minima within each separate section. Since the

digital integrators are accumulating boolean results to reject the uncorrelated noise the factor

a1 represents the register depth of the counter. To be more precise the Ωs are taken as a first

order difference between the detection event and an off-set.

X(t) =

∫ t0+Ω+∆+MA

t0+Ω

Qout(t) dt︸ ︷︷ ︸
Integrated Signal

− 2 ·
∫ t0+∆

t0

Qout(t) dt︸ ︷︷ ︸
Off−set

(5.15)

This first order difference operation is shown in Equation 5.15 where t0, ∆, and Qout are the

time where the spike even is aligned, static integration time of 20µs, and analogue signal

containing the spike. This clarifies that the moving average MA is mixed with the signal when

it evaluates the mean of the Ω1 section. This approach primarily helps with a self referenced

gain that allows smaller register depth.

After several seconds of training data or equivalent spike count we can assume that the sections

that maximize variance have been approached. At this point the Ωs are fixed and the centroids

need to be generated to complete the adaptive process for classification. As illustrated in Fig-

ure 5.21 a similar feedback mechanism is used to adjust the mean centroids based on boolean

results. This particular configuration is the adjustment of two centroids based on one feature

in the Ω1 section. By adjusting the centroids MAµ when it is the closest to the new data point
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we realize a k-means clustering method with a l0 norm distance operator.

Since we bound the Ω sections to be strictly non-overlapping the same analogue integrator can

be used to evaluate the accumulated error of all features to each centroid. Moreover for a small

a1 the centroid adjustment can be time multiplexed leaving a reduced requirement on the total

number of integrators required. This implies that K integrators are needed to iterative adjust

all the centroids and M integrators are needed to evaluate the distance from each centroid.

Because this adaptive process is performed in isolation we may perform the training in phases

that updates clusters and features separately we will only need M or K integrators concurrently

which ever is more demanding. However KM registers are needed to specify the location of

each centroid which should be converted to a time-domain signal by using reconfigurable delay

lines.

Such a configuration is illustrated in Figure 5.22 where there is course control by selecting dif-

ferent phases of D and fine control with a conventional multiplexed delay structure. Again the

reduction in complexity and rejection of quantization noise by performing time domain com-

putation opposed to the equivalent 8b full adder is typical of this processing modality. Finally

the question should remain is that how are centroids initialized without requiring quantization.

This requirement is avoided by using an iterative method with respect to centroid generation.

After having a single centroid converge to the mean of the feature space we iteratively split

centroids in two while training similar to that discussed in Section4.2.3. We presume redundant

clusters will be generated that are removed if supervision is allowed to intervene or in the case

that high level control is used to analyse which clusters are significant after several iterations.
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Figure 5.23: comparing PCA and Ω feature distribution for the Difficult2 data set. Ground
truth for spike classes annotated as cyan, maroon, yellow and blue for false positives.

The results presented here however do not consider this supervision.

5.2.3 Validation

In order to demonstrate the viability of this approach we will simulate a linearised model that

is constructed using Matlab. Here we aim show to what extent unsupervised methods are

constrained with respect to classification performance. Original data sets used in Section 4.2

have been up sampled from 24 kS/s to 240 kS/s after the band limiting filters to emulate the

continuous time logic that will operate at a high clock rate.

The feature space resulting from this method is exemplified in Figure 5.23. Here we compare it

to that of the two component PCA feature space since the Ω represents its approximation. It is

typical to see multiple additional clusters form either due to the detection of false positives or

miss alignment of a spike class in the presence of noise. Initializing extra clusters can typically

retain classification accuracy in noisy environment but degrade precision in pristine conditions.

The results in Figure 5.25 demonstrate classification accuracy in terms of the percentage of all

correctly classified events with respect to the ground truth including false positives and false

negatives. This indicates that when a signal to noise ratio exceeds 20dB the conditions are

quite forgiving towards the simplicity of the algorithm. The two features used here require
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Figure 5.24: Ω2 and Ω3 classification for data sets with −26 dB background activity.
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Figure 5.25: Ω2 and Ω3 classification for data sets with −20 dB background activity.
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Figure 5.26: Ω2 and Ω3 classification for data sets with −16 dB background activity.

very little effort to adapt and classify activity. It is important to mention that a fixed filtering

configuration is maintained for all test points in order to demonstrate adaptive characteristics.

The results in Figure 5.26 shows improvement in noisy conditions if the number of sections is

increased to 3 implying a three dimensional feature space to improve centroid distance. Using

the same algorithm for feature selection the configuration can deal with twice the amount of

background noise without supervision. In some sense the fact that the signal is not quantized

does not have a significant impact on classification accuracy. This highlights the importance

of closed loop algorithms whether resources are constrained or not. As such constructing a

convex search space or extracting well reasoned features from underlying phenomena is crucial

to reducing in complexity.

Figure 5.27 shows that these noise levels detection is relatively consistent but not as adaptive as

the digital approach. The threshold for detection will favour generating false positives over false

negatives. The main point of failure for noise levels beyond that point lies with the inability to

perform feature selection based on localized variance maximization. This is partially expected

as PCA will similarly perform poorly when noise levels become comparable to the signal.

In a practical case it may be difficult to ascertain if signal to noise level is adequate to trust

classification unless there is confidence to do so in the sense that there may be redundancy
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Figure 5.27: False alarm rates normalized by true positives for the analogue detection.

in the recording taken. However it is significantly more viable for realizing sub 1µW neural

spike classification for large scale recordings considering the resource requirements for adaptive

classification. Given that each integrator consumes less that 50nW in 0.18µm CMOS and each

structure needs minimal supervision.

A number of methods are shown in Table 5.2 where we see classification accuracy and the

corresponding hardware requirements in both the analogue and digital domain. The RVD and

template methods presented in Section 4.2 represent the digital approach where little analogue

components are needed beside the quantizer. Allocating more processing power or memory

resources would imply choosing one over the other. As expected supervised intervention allows

methods like WDF [200] to leverage a substantial improvement with respect to resource effi-

cient classification. In this perspective we see using Ω3 features as distributing our resources

in the analogue domain while still maintaining comparable classification accuracy but require

less reliance on digital scaling factors. We provide more comparison details in Section D for the

proposed digital and analogue methods proposed by this work as well as the equivalent Matlab

implementation used for evaluation.
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Table 5.2: Overview of Detection & Classification performance in green for data sets from [1]
for different methods. ? Requires off-chip Supervision. † White noise is also added at -20dB of
the signal power.

Method Analogue Digital
Registers

Cycles /
Sample

Data Set Background
@ -16dB †

Background
@ -20dB †

RVD 1×ADC 83 172
Easy 2 73.4% 84.2%
Diff. 1 72.9% 87.1%
Diff. 2 74.8% 84.8%

Template 1×ADC 105 90
Easy 2 82.0% 87.6%
Diff.1 86.0% 83.5%
Diff. 2 80.3% 87.5%

WDF [200]
2×BP-Filter
1×ADC

41 104?
Easy 2 95.1% 99.1%
Diff. 1 85.0% 92.9%
Diff. 2 84.6% 91.6%

Ω3 Features
3×BP-Filter
4×Integrator
4×DAC

16 1
Easy 2 80.0% 94.6%
Diff. 1 72.3% 93.1%
Diff. 2 79.8% 88.6%

5.3 Conclusion

This chapter has proposed a number of time-domain constructs that encourage mixed signal

design for instrumentation. Where we derived underlying concepts from the phase state of a

ring oscillator in order to represent continuous valued time domain memory as the equivalent

of a clocked filp-flop or sampled capacitor. In addition we have discussed the means to ana-

lytically evaluate and optimize the characteristics of these topologies. Overall we present are

clear benefits over conventional implementations such as instrumentation and the functional

manipulation of continuous valued signals. Moreover these structures will scale performance

with technology due to the extensive use of digital gates. The instrumentation structure in

particular gives way to fully synthesized platforms. Performing processing and filtering in the

digital domain remains to be critical for robust sensing of LFPs and EAPs in very poor signal

to noise conditions. A 0.6 V 58 dB SNDR time domain instrumentation architecture is demon-

strated with a NEF of 1.18 that generates multiphase PWM encoded digital signals using sub

0.01 mm2 footprint and employing bandpass filtering with 40 dB/Dec roll off.

In extension we demonstrated the capacity for mixed signal analogue to information conversion
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with respect to unsupervised classification that uses adaptive techniques to converge towards

specific signal characteristics. Using reconfigurable integration of selected temporal sections in

the spike shape lets us effectively focus resources on feature and cluster evaluation without open

loop quantization. This mitigates the trade off associated with resolution and digital complex-

ity. The main challenge as pointed out is establishing what dynamics will allow convergence

to optimal feature extraction with reduced hardware requirements. Here we exploit certain

phenomena in the principle components of spike shapes and the sensitivity of group delay of

analogue detection to frequency content in spike waveforms to achieve direct classification.

It is typical that techniques behind instrumentation and signal acquisition are more mature in

development and direction when compared to different processing modalities. Especially when

realizing mixed signal methods for machine learning where a multitude of convoluted factors

impact performance. There is much still to addressed when adaptive techniques are evaluated

with respect to their resource efficiency and this will likely be a important aspect that will

emerge in many intelligent sensor systems.
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Conclusion

As brain machine interfaces continue to progress in establishing a better communication link

between neural activity and our models for cognitive or behavioural dynamics. We can expect

with certainty the design considerations of these systems will remain a very involved process.

Using abstractions and resource models will play a pivotal role in realizing these complex

systems. Particularly as these systems require operational efficiency far beyond current state-

of-the-art to enable chronic and implantable neuro-prothetics for full limb replacement. The

models discussed here not only guide the design process towards more optimal systems they

also provide excellent insight to inherent design limitations at different stages of design though

clarity in system level objectives. A considerable amount of effort was put into realizing highly

efficient and ultra-low power amplification of signals which can naturally be extended towards

improving on-chip voltage regulators or RF-telemetry circuits to advance the capabilities of

these systems while operating with several hundred millivolts of supply head-room.

There still remain many opportunities as emergent processing modalities that find them selves

adapting to the current paradigm or platform of operation. Currently that paradigm is nanome-

tre CMOS which suggests nothing other than “there is plenty of room at the bottom” [201].

While the results presented here advocate for transitioning to smaller feature sizes to minia-

turize recording and increase the in channel processing capabilities that accommodate the

algorithms for extracting information from electrode recordings. We must also give way to

159
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software abstraction that deals with the increased complexity of these systems to retain long

term utility and higher level adaptive function. Moreover we signify the resulting flexibility

empowers electronic sensing systems to meet the broad set of challenges found in fabrication,

implantation, and realization of chronic solutions. If we consider the maximal density of the

proposed structures, by estimation for two-dimensional sensing arrays it is viable simultane-

ously record at a density of 400 locations different simultaneously per square millilitre of CMOS

chip. That figure for some areas in the visual cortex implies a ratio on the order of 100 neurons

per electrode [202]. This encourages us that this direction is an important step forward towards

high fidelity neural decoding systems and will allow precise studies of neural circuits in rodents

for disease models.

Putting our findings in perspective of the SAR limit to inducing power inside the body [203]

and state-of-the-art results in midfield powering of millilitre sized implants as coupling scenario

for implants deeper than 5cm [14]. This work suggests the power budget for a 2 mm2 CMOS

chip and coil is around 200µW at 11% of the maximum safety threshold. This may be im-

proved with near-field coupling of multi coil configurations but either solution is challenged

in powering multiple devices without more active electronics. We can be confident that our

micro-controller structure in 65 nm CMOS is compact enough that the main limitation is power

related. Extrapolating the power requirements from the current 180 nm CMOS design gives

us the impression that we can integrate at least 136 reconfigurable instrumentation channels

dissipating 1.47µW by both analogue and digital domains. In fact integrating 64 channels can

already be realized by our 180 nm CMOS implementation with power induction at 71% of the

maximum safety threshold. While this seems unattainable by many systems presented in the

literature today we argue that this approach will even allow active telemetry with UWB data

transmission from the chip because of the highly compressed data-rates [204].
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6.1 Original Contributions

The technical contributions presented by this thesis are detailed in the list below of which some

has already been published. These publications are outlined in Section A.

• Chapter 3

− A 1.26µW instrumentation amplifier with 6 kHz bandwidth that provides

52 dB gain and exhibits a input referred noise figure of 5.6µVrms with a

flicker noise corer of 20 Hz.

− A 14.4µW 11.4 ENOB ∆ΣSAR ADC that can perform 200 kS/s with

a 2.4 pF sampling capacitance that achieves a 10 fJ/conversion figure of

merit.

− Fabricated fully integrated signal acquisition front end that uses 0.01 mm2

of silicon area to perform 5 mVpp signal quantization with a 58 dB dynamic

range.

• Chapter 4

− PCA & template matching spike sorting method for embedded systems

that require 57 operations per sample and 680 bits of memory to perform

fully unsupervised classification with >80% accuracy.

− A 1.52 GOPS/mW distributed processing architecture for neural recording

applications that has a 0.02mm2 silicon foot print with fully reconfigurable

8 bit processing capabilities.

− Linux based development platform for developing decoding techniques with

support for C/C++/Python and other functional languages.
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• Chapter 5

− A 0.6 V 58 dB SNDR time domain instrumentation architecture with a

NEF of 1.18 that generates multiphase PWM encoded digital signals with

a sub 0.01 mm2 footprint.

− A 4th order oscillator based bandpass filter for conditioning the time domain

signals with reconfigurable gain that dissipates 120 nW of power.

− Unsupervised analogue classification technique that achieves over 72% ac-

curacy without necessitating signal quantization or a large number of ana-

logue components.

6.2 Future Work

We have presented some of the most compact high performance instrumentation structures

that can be integrated in nano-meter CMOS for wide-band recording of neural activity. This

shifts the focus towards careful system integration of electrodes, data processing, wireless com-

munication, and power management in order to realize a truly implantable solution. The first

core objective that extends on the work here is stream lining the design with industry standard

synthesis for large scale integrated systems. This implies formal silicon verification for proof of

concept from our latest developments and involve more conservative design choices associated

with improving device lifetime and risk-factors. This is important in providing a more univer-

sally translatable platform to allow other components of the system to be integrated arbitrary

to the technology node of fabrication.

However we should also consider the long term goal for these systems. Our micro-controller

approach dedicates a significant amount of resources just to perform spike sorting or signal

characterization. While this is the focus in current systems to allow wireless solutions it is not

the primary challenge for a neuro-prosthetic device which instead lies with decoding spike-train

data or decomposing LFP activity. This implies that we need to adopt more resource efficient

structures to extract features or spikes in neural activity equivalent to that proposed in Sec-

tion 5.2. More concise signal acquisition allows us to focus on decoding the collection neural
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activity rather than single recordings and possibly increase the prevalence where we reconfig-

ure what signal features are extracted based on what is most informative at the system level.

Specifically we picture a hierarchical approach where without intervention the system tunes to

relevant information to guarantee some level of performance which is then tuned incrementally

with off-chip supervision to maximize performance with higher order statistics and better op-

timization methods to find the best configuration that selects electrodes, LFP/EAP features,

denoising bandwidth, etc. Moreover some aspects in regard to the design of a medical grade

device are not yet fully investigated. For instance can we make the analysis of spiking activity

suitable for long term reliability? This is specifically the endeavour of current research where

experimental platforms need to reflect the informed capabilities.

We find it highly probable that integrating processing structures and other auxiliary circuit

components will be one of the simpler aspects of realizing BMIs with better decoding perfor-

mance and capacity. Primarily because the design tools allow directed and precise development

following methods already presented in the literature. Innovation in electronics will likely allow

the required performance improvement by scaling when it is needed. The principle challenge lies

with compact system integration of these devices. Compatible fabrication of penetrating elec-

trode structures with the right impedance characteristics for low noise and sustain unimpaired

neural tissue interface for coupling activity may raise significantly more unexpected challenges.

In addition we note importance of introducing miniaturized antenna structures that perform

harvesting power as well as back-scattering recorded data. Both of these aspects are crucial

to scaling integrated recording systems in a distributed fashion. That said, the effort towards

developing computational modalities for high dimensional data analysis that specifically use

analogue or time domain techniques still hold uncovered potential. Drawing from structures

in the brain, bio-inspired ultra-low-power processing architectures for machine learning is an

emergent challenge that can also find utility in brain machine interfaces [205].
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Publications

The relevant conference and journals publications that have emerged from this thesis are sum-

marized in the list below with reference to the corresponding technical chapter.

• Chapter 3

− L. B. Leene and T. G. Constandinou, “Ultra-low power design strategy for two-stage

amplifier topologies,” in Electronics Letters, vol. 50, no. 8, pp. 583-585, April 2014,

[Online] doi: 10.1049/el.2013.4196.

− L. B. Leene, Y. Liu and T. G. Constandinou, “A compact recording array for neural

interfaces,” IEEE Proceedings of Biomedical Circuits and Systems Conference, pp.

97-100, May 2013, [Online] doi: 10.1109/BioCAS.2013.6679648.

− L. Zheng, L. B. Leene, Y. Liu and T. G. Constandinou, “An adaptive 16/64 kHz,

9-bit SAR ADC with peak-aligned sampling for neural spike recording,” IEEE Pro-

ceedings of International Symposium on Circuits and Systems, pp. 2385-2388, May

2014, [Online] doi: 10.1109/ISCAS.2014.6865652.

• Chapter 4

− L. B. Leene and T. G. Constandinou, “A 2.7µW/Mips, 0.88 GOPSmm2 Distributed
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Appendix B

Nomenclature

B.1 List of Symbols

q - Unit charge of an electron

µ - Charge carrier mobility

η - Transistor slope factor (EKV model)

UT - Semiconductor thermodynamic voltage

ζ - Amplifier noise excess factor.

fT - Transistor transition frequency

fc - Clock frequency

flp - 3dB frequency for a low pass filter

fhp - 3dB frequency for a high pass filter

fUGF - Unity gain frequency

fosc - Oscillator frequency

BW - Bandwidth in Hz

VDD - Circuit’s supply voltage

Vref - ADC’s reference voltage

Vos - Amplifier offset voltage
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Acl - Closed loop gain

Aol - Open loop gain

k - Boltzmann’s constant

T - Operating temperature

IC - Transistor inversion coefficient

gm - Transistor transconductance

ID - Transistor drain current

Px - Power Dissipation of block X

en2
th - Thermal noise power

en2
fl - Flicker noise power

Γ - Impulse sensitivity function
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B.2 List of Abbreviations

ADC - Analogue to digital converter

ASIP - Application specific integrated circuit

ASIP - Application specific instruction set processor

CMOS - Complementary metal oxide semiconductor

DARPA - Defence advance research project agency

DSP - Digital signal processing

DR - Dynamic range

DRAM - Dynamic random access memory

FET - Field effect transistor

FIR - Finite impulse response filter

FPGA - Field programmable array

FOM - Figure of merit

GPU - Graphical processing unit

EAP - Extra-cellular action potential

IIR - Infinite impulse response filter

LFP - Local field potential

MIPS - Million instructions per second

NEF - Noise efficiency factor

NESD - Neural engineering system design

NEO - Non-linear energy operator

NMOS - N-channel metal oxide semiconductor

NPI - Neuron processor interface

PCA - Principle component analysis
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PMOS - P-channel metal oxide semiconductor

PVT - Process voltage and temperature

RVD - Recursive variance decomposition

SNR - Signal to noise ratio

THD - Total harmonic distortion

UDP - User datagram protocol



Appendix C

Supplementary Results for the

Resource Models

This section will elaborate on some of the analytic findings in Chapter 3 by detailing the deriva-

tions and illustrating additional results that emerge from these relations. In particular we will

demonstrate the impact of technology related factors to a larger extent that include quantita-

tive measures for some of the more intuitive relations.

C.1 Topology Selection

We first introduced Eq. 3.15 as a base line for the figure of merit calculations. This reference

SAR ADC only dissipates power though the capacitor array and the driving control logic

without considering the comparator. We identified the power dissipation in the register logic

as;

PRegister = 2N (N + 2) fsEgate (C.1)

Eq. C.1 simply reflects that a typical SAR operation that resolves N bits requires (N + 2) per

170
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sample inferring the required clock frequency and the standard control logic uses 2N gates to

perform the binary search operation.

PCapacitor Array = Esearch · fsCunitV 2
ref (2N−2 + 22) (C.2)

Eq. C.2 demonstrates the power dissipation for capacitive switching has three terms. The

total amount of capacitance in the DAC is represented as Cunit (2N−2 + 22), the maximum

input dynamic range as V 2
ref , and the average search efficiency for quantization as Esearch.

While this dependency is not surprising the term Esearch needs to be evaluated under the

proper assumptions. While we may be inclined to use sinusoidal test signals to extract this

parameter if the sensor signals have similar structure but note that this will not reflect an even

distribution with respect to the tested input ranges. In this respect triangular ramp test signals

are representative to capture even-distribution of output quantization codes.

To realize a model where an analogue pre-amplifier is employed we estimate the power re-

quirements for achieving the required bandwidth for settling. The capacitance for which we

evaluate this settling speed is found be considering the output referred noise the results from

the capacitor value. These two relations are summarized as follows;

(N + 2) fsAop · (N + 2) ln(2) =
Iamp

2πCout · η UT
(C.3)

The result in Eq. C.3 is simply derived from the unity-gain frequency that needs to exceed the

clock rate in excess related to the settling requirement that scales by (N + 2) ln(2).

Vref
2N+2

=

√
ζ

η
· kT
Camp

(C.4)

Here we again refer to ζ as the amplifier noise excess factor introduced in Eq. 3.4. After some

simplification by taking the most significant terms we arrive at Eq. 3.16 but evaluated here in

full as;
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Pamp = 32π ln(2) ·
(
UT (N + 2) 2N

)2

Vref q
· Aol fsNEF 2 (C.5)

Similarly we derive the power for the dynamic latch type comparator following closely the

analysis of [134]. The derivation for estimating the additional components for the hybrid data

converter follows similarly to the pre-amp case where the bandwidth of the integrators is now

also related to the order of oversampling but not that of settling. In particular we estimate the

output referred noise of the first and most power intensive integrator as;

(1 + 2N−K)FIR fs =
Iint

2πCint · η UT
(C.6)

Eq. C.6 simply evaluates the integration factor required to achieve a consistent output swing

irrespective of SAR resolution. This shows us that the input signal level heavily dictates the

corresponding biasing current Iint.

Vref
2N+2

=

√
ζ

η
· kT
Cint

(C.7)

Similarly Eq. C.7 relates the integration capacitance to the expected output referred noise.

Summarizing these assertions gives us a direct relation between ADC resolution and power

dissipation;

Pamp = 32π ·
(
UT 2N , NEF

)2

q Vref
· FIR fs (1 + 2N−K) (C.8)

For the sake of clarity in the discussion we estimate the FIR order based on the expected

variance from a rectangular window operator. Because this digital filter is estimating a DC

component such that any up-modulated white noise power will scale as
√
FIR for such a case

and the dependency of a specific window operator will follow this upper bound. This result

follows from the maximal dynamic range of real signals for window functions and assert that

if we require another K bits to be resolved by the oversampling loop the will need a filter
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order of (K + 1)2 to grantee that when using a more effective noise shaping window operator

we will achieve the desired noise requirement. Applying a similar estimation on digital power

dissipation as before such that;

Pfir = [(N −K) +K + log2(K − 1)] · (FIR +N −K) · fsEgate (C.9)

Eq. C.9 states that the required clock frequency is FIR+N −K and the total number of gates

being clocked is (N −K) for the SAR operation and K + log2(K) for the Σ∆ decimation. For

completeness we also note the dissipation of the capacitive DAC is estimated as;

PΣ∆Array = Esearch · fsCunitV 2
ref (2

N−K−2 + 22 + FIR) (C.10)

While we have extracted many of the empirical parameters that are associated with the im-

plementation presented in Sec 3.3.3. Let us consider the impact of parameter variation and

reflect on the expectations. This will allow us to evaluate the sensitivity of these parameters

with regard to performance measures.

First we introduce Fig. C.1 which is the normalized case that we presented earlier however here

we apply a different scaling with regard to increasing resolution. Here the resolution of the

SAR and Σ∆ loop are increased simultaneously which again demonstrates that this topology

can provide compact quantization for from 8-10 bits. However because we are using vertical

Metal-Insulator-Metal Capacitors provided by the technology that exhibit minimal variance

per unit area the unit capacitance Cunit is 32 fF . This is relatively big when compared to very

aggressive SAR designs presented in the literature that use unit capacitors of several femto-

farad.

This leads into results presented by Fig. C.2 where the unit capacitance is reduced to 4 fF .

This illustrates that the hybrid topology has difficulty scaling its power budget because there
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(a) Figure of merit for different SAR topologies. (b) Efficiency area product for different SAR topolo-
gies.

Figure C.1: Summary of the performance merit for each topology.

(a) Figure of merit for different SAR topologies. (b) Efficiency area product for different SAR topolo-
gies.

Figure C.2: Summary of the performance merit for each topology with a 4× reduction in unit
capacitance.
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(a) Figure of merit for different SAR topologies. (b) Efficiency area product for different SAR topolo-
gies.

Figure C.3: Summary of the performance merit for each topology with a 2× reduction in
reference voltage and a 4× reduction in unit Capacitance.

are significantly more analogue components that the simple structures. In fact if we reduce

the power supply from 1.2V to 0.6V the inhibitory analogue scaling that the integrators have

exacerbates this effect. Particularly the dynamic comparator structure which has good digital

scaling characteristics will allow significantly smaller power dissipation. However in all cases

we note that for precision that exceeds 60 dB the hybrid data converter topology will allow for

a more compact designs.

C.2 System Level Abstraction

As most of the relations presented in Sec. 3.4 follow naturally from Eq. 3.22. Here we will

provide some additional details regarding our assertions and observations. To show that Eq. 3.25

represents the expected increase in variance, let us consider the typical gain sensitivity to the

variance of our normalized unit capacitor.
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σ2
A

A2
cl

=
∆2
A − A2

cl

A2
cl

where ∆A =
A+
√
AclCI σ

1 + CI σ
(C.11)

This expression is similar to that used in estimating the variance of a capacitive DAC in Eq. 3.13.

∆A represents the expected gain deviation from the mean that relates to our confidence interval

CI. Strictly there are only two components that attribute to gain variance which are the

input and the feedback capacitors. These contributions have exactly a ratio of
√
Acl for their

respective variances. Expanding this result will reveal;

σ2
A

A2
cl

= σ CI · 2 (Acl −
√
Acl) + σ CI(1− Acl)

Acl (σ CI + 1)2 ≈ σ CI ·
(

2− 2√
Acl

)
(C.12)

For exceedingly larger Acl it makes sense to take the higher order terms however instead we

chose include the
√
Acl term to considering the design of low-gain multi-stage configurations.

Since the typical deviation of σCI is on the order of several percent it is conceivable that these

higher order terms have vanishing contribution irrespective of gain. In order to compensate the

increased variance the capacitor sizes need to be adjusted proportionally to that of the change

standard deviation. This results in the penalty factor accumulated from every stage as Eq. 3.25.

The results in Fig. C.4 show that particularly in low gain settings that relate to smaller VDD

configurations the resource distribution becomes more important. This is because the individ-

ual gain of each stage is low resulting in very poor noise figures for minimal area configurations.

With conventional structures we see that multi-state topologies can benefit greatly from this

factor primarily because the baseline performance is much worse than single or two-stage struc-

tures.

Fig. C.5 reveals some of the more intuitive details associated with gain matching and ADC SNR

performance with quantitative measures. In a) we observe the general inverse proportionality

that gain matching exhibits with regard to capacitor are requirement. We point out that it
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(a) Normalized power reduction for different am-
plifier configurations with respect to resource re-
distribution.

(b) Normalized power area product for different
amplifier configurations with respect to resource
redistribution.

Figure C.4: Normalized resource redistribution dependency in low gain settings GT = 200.

(a) Supply voltage and target gain variance depen-
dency.

(b) Supply voltage and data converter SNR depen-
dency.

Figure C.5: System area requirement for two-Stage/single-Pole (red) and three-stage/double-
pole (green) amplifier/filter structures.
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Figure C.6: Detailed dependency with regard to system supply voltage and the precision of
the two-stage/single-pole (red) and three-stage/double-Pole (green) amplifier/filter structures.

can be marginally reduced by reducing GT or equivalently the supply voltage. On the other

hand in b) we see that reducing GT by increasing the ADC dynamic range is more effective of

a solution when we do not consider the associated increase in power dissipation.

Fig. C.6 demonstrates a more generic result when the amplifier power budget and gain config-

uration is actively matching the dynamic range of the ADC. Neglecting linearity we observe

that there is an interesting strategy for selecting the appropriate supply voltage in accordance

to the targeted ADC resolution. Similarly we make the assertion that there is gain-varience,

quantization limited, and linearity limited regimes in each extrema of this graph that will bound

viable implementations.

C.3 Transistor level implementation

For clarity the transistor level implementation is detailed here in terms of the transistor sizing.
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Figure C.7: Transistor sizing for the two stage operational amplifier with bandwidth boosting
implemented in 0.18µm CMOS. Sizing units shown are in microns.

Figure C.8: Transistor sizing for the fully differential ∆ΣSAR switched loop filter implemented
in 0.18µm CMOS. Sizing units shown are in microns.
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Figure C.9: Transistor sizing for the differential low noise complementary instrumentation
amplifier implemented in 0.18µm CMOS. Sizing units shown are in microns.

Figure C.10: Transistor sizing for the fully differential time domain instrumentation amplifier
implemented in 0.18µm CMOS. Sizing units shown are in microns.
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Figure C.11: Transistor sizing for the time domain instrumentation high pass filter structure
implemented in 0.18µm CMOS. Sizing units shown are in microns.

Figure C.12: Transistor sizing for the differential time domain filter implemented in 0.18µm
CMOS. Sizing units shown are in microns.



Appendix D

Supplementary Results for

Classification Methods

This section will detail the signal characteristics found in the data sets used extensively for

validating the methods proposed here. We will exemplify some of the signal features and

demonstrate the implementation of the proposed methods with Matlab code.

D.1 Signal Characteristics

As was mentioned used evaluation recordings contains different sets of synthetically generated

spike trains for three classes of neurons each with different spike morphologies. The spike shapes

are based on recordings with background noise of similar spikes randomly distributed in time

at lower amplitudes. While the these datasets provide time stamp data for when the individual

spike wave forms can be found in the recording they do not introduce the low-frequency content

that is expected from typical recording. Here we have extracted these low frequency variations

from real recordings with a high order FIR filter and added them to the synthetic data. While

this will not greatly effect the classification results it assures us that the proposed methods are

not inadvertently sensitive to low-frequency components.
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(a) Unfiltered synthetic data for LFP and EAP
recordings.
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(b) Spiking activity after IIR reaction of slow varying
component.

Figure D.1: Example of synthetic data derived from typical neural recordings.
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(a) FIR filtered waveform of the spiking activity.
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(b) Resulting waveform of the detection operator
which rejects noise components.

Figure D.2: Filtered components of spiking activity and detection operator output.

Fig. D.1 depicts the typical recordings that are used before preprocessing. Whether we extract

the finer signal components in the digital domain or in the analogue domain it is necessary to

carefully consider the possible dynamic range. Particularly as buffer overflows are not explicitly

modelled unless hardware specific data types are used.

Once the spiking activity is extracted it may appear like that in Fig. D.2. Because spikes have

a board bandwidth relative to the sampling rate, the white noise is typically more evident

than what is presented. Alongside the spiking waveform we present the energy operator. Here

there is a clear difference in how apparent the noise is in contrast to the spike amplitude. This

disparity improves the more energy each spike had in the high-frequency bands.

Fig. D.3 compares the characteristic difference between analogue and digital filtering strategies.

While we typically expect the group delay is well controlled in digital systems the analogue
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(a) Detailed spike waveform after analogue filtering.
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(b) Detailed spike waveform after digital filtering.

Figure D.3: Comparison of digital and analogue pre-filtering methods.
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(a) Analogue estimation of spiking energy.
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(b) Digital estimation of spiking energy.

Figure D.4: Comparison of digital and analogue detection methods.

implementation exhibits more systematic rejection of out of band components. Low order FIR

structures in particular suffer from limited leaking these components but allow finer adjust-

ments that accentuate separating features in the signal.

Similarly Fig. D.4 compares the digital and analogue realizations of the detection operators.

Since we only use linear blocks to realize the analogue operator we lose the suppression of

white noise. Moreover the digital operator can fine tune delay used to correlate derivative with

amplitude components allowing for a very explicit single maximum in each waveform.
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Figure D.5: Colour coded spike-waveforms for 16-sample spike windows where the three classes
of neurons are coloured (ref,blue,green) and the false positives labelled (black).
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Finally we illustrate a sub-set of aggregate waveforms captured by the digital methods in

Fig. D.5. This data is used in the RVD and template-matching methods.

D.2 Implementation structure

Here we will detail the Matlab code implementation for the proposed methods which were used

for validation in association with the data. Note alpha represent the smallest representable

value which reflects the depth of the registers.

D.2.1 Introducing noise and LFP content

This code section exemplifies the method by which noise is systematically added to each record-

ing in addition to LFP content. We note that the synthetic spike trains have well defined average

rates and consistent amplitudes which allows the additive noise to remain consistent across all

tests.

1 %Get LDP and EAP s y n t h e t i c data
2 load ( LFP content )
3 LFP. Time=LFP. Time−min(LFP. Time) ;
4 load ( Sp ikeTra in datase t )
5

6 %Set low pass f i l t e r & sampling ra t e at 24KS∗ s c a l e /2 ˜ 32KS/ s
7 s c a l e =3;
8 l p f l t = d e s i g n f i l t ( ’ l o w p a s s i i r ’ , ’ F i l t e rOrde r ’ , 1 , . . .
9 ’ HalfPowerFrequency ’ , 6500 , ’ SampleRate ’ , . . .

10 s c a l e ∗10ˆ(3) / sampl ingInte rva l , ’ DesignMethod ’ , ’ but te r ’ ) ;
11

12 % Resample Data
13 AT=resample (LFP , [ 1 : s i z e ( data , 2 ) ] . ∗ ( s amp l ing In t e rva l ∗10ˆ(−3) ) ) ;
14 rdata=awgn( resample ( data ( 1 : s i z e ( data , 2 ) ) ’ , s c a l e , 2 ) , snr ) ;
15 rdata=rdata+resample (AT. Data , s ca l e , 2 ) ;
16

17 % Analogue F i l t e r s
18 rdata=f i l t e r ( l p f l t , rdata ) ;
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D.2.2 Analogue detection operator

The analogue detection operator simply operated on the bandpass filtered sub-components of

the original signal and tracks a means threshold at three times that of the average. Because

we specifically upsample the waveform sectioning it make sense that the adaptive threshold

updates close or below the Nyquist frequency in order to capture slowly varying changed in

spiking intensity.

1 % Process samples f o r Test S i z e (TS)
2 i =34;
3 whi le ( i<TS)
4 i=i +1;
5 %Update Threshold value at low frequency
6 i f (mod( i , 1 28 )==0)
7 i f ( 2 . 5 . ∗made( i )>mei )
8 mei=mei+alpha ;
9 e l s e

10 mei=mei−alpha ;
11 end
12 %Set t r e s h o l d at 3x rms with minimum at ˜0 .01
13 drms=3∗mei+1/64;
14 end
15 %Upon peak−d e t e c t i o n above th r e sho ld proce s s data
16 i f (made( i )>drms && made( i )>made( i +1) )
17 G( 1 : 2 00 , k )=rdata ( i −32: i +167) ;
18 IDX( k )=i ∗2/ s c a l e ;
19 k=k+1;
20 i=i +180;
21 end
22 end

D.2.3 Digital detection operator

The digital operator is slightly more sophisticated as it is not sensitive to the rate or spiking

when estimating its threshold. While we similarly remove low-frequency content equivalent to

the analogue filters. The threshold updates are only performed upon detecting peaks in the

energy operator.
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1 % Process samples f o r Test S i z e (TS)
2 whi le ( i<TS)
3 i=i +1;
4 %track low−f r equency s i g n a l
5 t rv=trv+(rdata ( i )−t rv ) /32 ;
6 %Perform IIR + FIR f i l t e r i n g
7 T( i )=rdata ( i )−t rv+T( i −1) . ∗ 0 . 2 5 ;
8 G( i )= T( i−a3 : i )∗FIR ;
9 %Estimate sp i k i ng energy and track i t s no i s e

10 DO( i )=abs ((0.25+G( i ) ) .∗T( i−round ( a3/2+1) ) ) ; %+DO( i −1) . ∗ 0 . 2 5 ;
11 nest=nest+(a2∗DO( i )−nest ) /512 ;
12 i f ( cnt<9)
13 %i f new l o c a l minima i s detec ted r e s e t a n a l y s i s e l s e

cont inue
14 i f (DO( i )>lm)
15 lm=DO( i ) ;
16 thv = thv + ( a1∗ nest+DO( i )−a1∗ thv ) /512 ;
17 F(k , 1 : 8 )=G( i +[−10:2:−4 −3:0]) ;
18 cnt =1;
19 e l s e
20 F(k,8+ cnt )=G( i ) ;
21 cnt=cnt +1;
22 end
23 e l s e i f ( cnt<s c a l e ∗15)
24 %do s i g n a l a n a l y s i s c l a s i f i c a t i o n here
25 cnt=cnt +1;
26 e l s e i f (DO( i ) > thv )
27 %upon d e t e c t i n g th r e sho ld c r o s s i n g i n i t i a l i z e

b u f f e r s
28 lm=DO( i ) ;
29 k=k+1;
30 thv = thv + ( a1∗ nest+DO( i −2)−a1∗ thv ) /512 ;
31 F(k , 1 : 8 )=G( i +[−10:2:−4 −3:0]) ;
32 cnt =1;
33 end
34 end

D.2.4 Ω3 optimization

The mixed signal optimization that selected the best sections in the aggregate waveforms is

performed iteratively. Here we simply introduce normalization factors K and section pointers T.

1 % Use the c o l l e c t e d sp ike windows in G
2 f o r i = repmat ( 1 : s i z e (G, 2 ) , 1 , 1 )
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3 % f o r each $\Omega$ f e a t u r e f i n d the best s e c t i o n
4 f o r j = 1 :3
5 %o f f s e t with r e f e r e n c e po int
6 r e f =3.∗sum(G(RP( j ) , i ) ) ;
7 %i n t e g r a t e cur rent s e c t i o n cur rent s e c t i o n
8 rng=round (K( j ) ∗10) +1;
9 acc=sum(G([− rng : rng ]+round (T( j ) ) , i ) ) ;

10 %nomal ize the i n t e g r a t i o n to r e f e r e n c e
11 i f ( r e f < acc && K( j ) > 0 . 1 )
12 K( j )=K( j ) − alpha ;
13 e l s e i f (K( j )<1)
14 K( j )=K( j ) + alpha ;
15 end
16 %Compare s i g n a l dev i a t i on and increment on s e c t i o n s
17 G1=abs ( r e f−sum(G([− rng : rng ]+round (T( j )+2) , i ) ) ) ;
18 G2=abs ( r e f−sum(G([− rng : rng ]+round (T( j )−2) , i ) ) ) ;
19 i f (T( j )>70 && G2>G1)
20 T( j )=T( j )−alpha ;
21 e l s e i f (T( j )<90 && G1>G2)
22 T( j )=T( j )+alpha ;
23 end
24 end
25 end

D.2.5 K-means with centroid splitting

Here we present the means by which we explicitly multiplex active clusters and the iterative

splitting of each centroid.

1 %i n t i t i a l i z e f i r s t c l u s t e r a r b i t r a r i l y
2 seed=randi ( s i z e (F , 1 ) −5 ,1) ;
3 U( 1 : 4 , : )=F( seed + [ 1 : 4 ] , : ) ;
4 %f o r each i t e r a t i o n o f i n c r e a s i n g c l u s t e r s t rack c e n t r o i d s
5 f o r NM=[1 , 2 , 4 ]
6 %i f new i t e r a t i o n d u p l i c a t e new cen t r o i d from prev ious
7 switch NM
8 case 2
9 U( 2 , : )=U( 1 , : )−ones (1 , s i z e (U, 2 ) ) .∗ alpha ;

10 case 4
11 U( 3 , : )=U( 1 , : )−ones (1 , s i z e (U, 2 ) ) .∗ alpha ;
12 U( 4 , : )=U( 2 , : )−ones (1 , s i z e (U, 2 ) ) .∗ alpha ;
13 end
14 % Track c e n t r o i d s us ing data in F
15 f o r i = repmat ( 1 : s i z e (F , 1 ) , 1 , 1 )
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16 %mult ip l ex c en t r o id adjustment
17 i f (CS==0)
18 CA=mod(CA,NM) +1;
19 end
20 CS=mod(CS+1 ,4) ;
21 [ d i s t , mc]=min (sum( abs ( repmat (F( i , : ) ,NM, 1 ) ’−U( 1 :NM

, : ) ’ ) ) ) ;
22 %i f cur rent c en t r o id i s minimum then ad jus t
23 i f (CA==mc)
24 U(mc , : )=U(mc , : )+s i gn (F( i , : )−U(mc , : ) ) .∗ alpha

;
25 end
26 end
27 end

D.2.6 Recursive variance decomposition

Similarly this implementation realizes the estimation of loading vectors that provide a basis for

the spikes in F.

1 %Estimate load ing ve c t o r s based on s p i k e s in F
2 f o r i = repmat ( 1 : s i z e (F , 1 ) , 1 , 1 )
3 %F i r s t t rack mean xu and f i r s t l oad ing vetor s1
4 f o r j = 1 : s i z e (F , 2 )
5 d( j ) = F( i , j )−xu ( j ) ;
6 xu ( j ) = xu ( j ) + s i gn (d( j )−xu ( j ) )∗alpha ;
7 ad ( j ) = abs (d( j ) ) ;
8 s1 ( j ) = s1 ( j ) + s i gn ( ad ( j ) .∗ g1−s1 ( j ) )∗alpha ∗2 ;
9 end

10 %get dot product s and p r o j e c t on i t−s e l f to check gain g1
11 s=ad∗ s1 ;
12 i f ( ( ad’− s1 . ∗ ( s ) ) ’∗ s1 > 0 ) g1=g1+alpha ;
13 e l s e g1=g1−alpha ;
14 end
15 %using va r i ence r e s i d u e s e s i t i m a t e second load ing vec to r s2
16 f o r j = 1 : s i z e (F , 2 )
17 ad ( j ) = ad ( j )−s1 ( j ) .∗ s ;
18 s2 ( j ) = s2 ( j ) + s i gn ( ad ( j ) .∗ g2−s2 ( j ) )∗alpha ∗2 ;
19 end
20 %get dot product o f s2 and p r o j e c t to normal ize with g2
21 s=ad∗ s2 ;
22 i f ( ( ad’− s2 . ∗ ( s ) ) ’∗ s2 > 0 )
23 g2=g2+alpha ;
24 e l s e
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25 g2=g2−alpha ;
26 end
27 end
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